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Enhancing Vision-Language Models
Validation-free Adapters and LLM-based Extensions

Marthinus Christoffel Vorster

Abstract: Vision-language models such as Contrastive Language-Image Pre-
training (CLIP) learn joint representations of images and text from web-scale data,
enabling zero-shot image classification. However, adapting these models to new
domains with limited labelled data presents three challenges: existing adaptation
methods are rarely strictly few-shot, simple text prompts fail to capture the fine-
grained semantics, and current approaches discard spatial information from image
encoders.

First, we introduce the Hold-One-Shot-Out Adapter, a validation-free approach
that reserves one example per class to tune the blending of prior and adapted fea-
tures. This method improves on the CLIP-Adapter baseline by four percentage
points on average across eleven datasets.

Second, we investigate whether Large Language Models can generate side infor-
mation that improves low-shot transfer. A systematic comparison reveals that visual
descriptions reflect visual similarity better than dictionary definitions or taxonomic
hierarchies. Our method improves low-shot accuracy by two percentage points on
average across twelve datasets.

Third, we examine whether aligning spatial image features with part-level text
descriptions improves fine-grained image recognition. Experiments reveal that
training-free visual prompting degrades accuracy, and trainable spatial adapters
overfit to limited training data. Our analysis shows that distinct part descriptions
can have only small angular separation in the CLIP text space, limiting the super-
vision signal for local alignment.

Fourth, we present PreLabellingProbe, a method that estimates dataset-level
zero-shot performance using one labelled image per class. A Large Language Model
is used to generate plausible and counterfactual captions, and the margin between
similarity scores is used to estimate dataset-level accuracy with a Pearson correlation
of 0.96.

The thesis improves CLIP adaptation when labelled data are scarce and shows
that current text encoders limit fine-grained transfer.
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Chapter 1
Introduction

Recent work in Computer Vision has shifted from training separate models for each
task to adapting large pre-trained foundation models. Contrastive Language-Image
Pre-training (CLIP) [1] is a central example. CLIP is a vision—language model that
learns a shared embedding for images and text from large-scale, weakly aligned,
image-text pairs collected from the internet. A practitioner can describe each class
with a short text prompt, and then classify an image by finding the text embed-
ding that lies closest to the image embedding. This zero-shot classification setting
reduces the need for large labelled datasets. However, it raises new questions about
adaptation and evaluation in new domains.

In many applications, a user needs to adapt CLIP to a specific dataset with
only a few labelled images per class. Few-shot adaptation freezes the pre-trained
backbone (model) and learns a small number of extra parameters, often called an
adapter. Standard fine-tuning practice relies on a separate validation set to tune
hyperparameters such as the learning rate or the adapter strength. In strict few-
shot regimes, such a validation set does not exist. At the same time, common
approaches ignore the semantic information that modern Large Language Models
(LLMs) can provide about visual concepts, and offer limited support for fine-grained
spatial reasoning. Practitioners also lack simple tools to estimate how well a vision-
language model will perform in a new domain before investing in full annotation.

Low-data constraints appear in application domains where labels are expensive
to acquire. Examples include medical imaging, satellite image analysis, biodiversity
monitoring, industrial inspection, and fine-grained product or species recognition.
In these settings, a practitioner may have only a few labelled examples for each new
class to train or adapt a model.

This thesis, titled Enhancing Vision-Language Models: Validation-free
Adapters and LLM-based Extensions focuses on adapting and evaluating CLIP
when labelled data are scarce. Throughout this thesis, terms such as scarce and

few-shot refer to settings with small labelled support sets, typically 1, 2, 4, 8 or



16 labelled images per class. The thesis is structured around four related research
questions. The first question asks how an adapter can respect the strict few-shot
protocol. The second question asks how LLM-generated descriptions can serve as
side information at the level of global image embeddings. The third question asks
whether similar ideas hold at the local image-patch level. The fourth question asks
how CLIP [1| performance on a new dataset can be estimated from one labelled
image per class using LLMs.

The four technical contributions address vision-language model adaptation and
evaluation. First, HOSO-Adapter enables validation-free few-shot CLIP [1] adapta-
tion by using a one-shot hold-out cache as a dynamic regulariser; the method im-
proves over strict baselines by about four percentage points on average across eleven
datasets and surpasses oracle test-set-tuned baselines in some settings. Second,
CLIP-GPT and VDT-Adapter use LLM-generated visual descriptions to improve
zero-shot transfer and few-shot Base-to-New generalisation; CLIP-GPT improves
zero-shot accuracy by about two percentage points on average, and VDT-Adapter
improves unseen-class accuracy by about three percentage points relative to CoCoOp
[2]. Third, the spatial-alignment experiments measure the separation between fine-
grained descriptions in the CLIP text space: distinct part-level descriptions can
have cosine similarity above 0.95, limiting fine-grained patch-level transfer. Fourth,
PreLabellingProbe estimates full test-set zero-shot accuracy from one labelled image
per class by using the margins between LLM-generated plausible and counterfactual

captions, achieving a Pearson correlation of 0.96 across the evaluated datasets.

1.1 Research Questions

The research addresses four primary questions, which correspond to the core tech-

nical chapters. Chapters 3—6 address these questions in turn:

1. Validation-free adaptation: How can CLIP be adapted in a strict few-shot

setting without relying on a separate validation set?

2. LLM-based global enhancement: How can Large Language Models be
used to generate side information for CLIP that enhances zero-shot and few-

shot transfer?

3. Fine-grained spatial alignment: To what extent can explicit alignment
between spatial visual features and LLM-generated, fine-grained, part descrip-

tions improve few-shot generalisation of image classification?

4. Performance prediction: Can CLIP’s zero-shot accuracy on a full test set




be estimated from one labelled image per class and LLM-generated counter-

factuals?

1.2 Thesis Overview and Contributions

The overview links the four research questions to the technical chapters and sum-
marises the main contributions. Chapter 2 contains background on foundation mod-
els, CLIP [1], adapter methods and side information in low-shot learning. Chapters 3
to 6 contain the method definitions, experimental protocols and empirical results for
CLIP adaptation and evaluation. The relation between the findings, the research

questions and wider vision-language model research appears in Chapter 7.

1.2.1 RQ1: Validation-Free Adaptation

The Chapter 3 experiments examine common practice in few-shot adaptation and
show that many methods rely on validation sets or implicit tuning on the test set.
These practices violate the strict few-shot protocol, which requires only a small
support set per class. HOSO-Adapter addresses this issue by reserving a small
hold-out cache inside the support set.

The HOSO-Adapter reserves one example per class from the support set, and
uses this one-shot cache to tune the blending ratio between CLIP and the adapter.
The method learns adapter parameters on the remaining support examples while
it monitors performance on the held-out cache. When performance on the hold-
out examples begins to degrade, the technique increases the contribution of the
CLIP prior. This behaviour acts as a dynamic regulariser, limiting the adapter’s
overfitting.

Experiments in Chapter 3 show that the HOSO-Adapter achieves strong accu-
racy in the validation-free setting and improves over the baseline by about 4 percent-
age points on average across 11 datasets (see Chapter 3 for details). In eight-shot
and sixteen-shot settings, the HOSO-Adapter also improves on an oracle baseline
that tunes the blending ratio on the test set. In these settings, the learned, data-
dependent blending ratio outperforms the static ratio chosen by grid search on the

test set.

1.2.2 RQ2: LLM-Based Global Enhancement

In Chapter 4 we address the limitation of using class names as text prompts. The
experiments test whether longer natural-language descriptions generated by LLMs

yield text embeddings that align more closely with visual structure. The analysis




first compares the geometry of text embeddings across different description sources,

and then evaluates two methods that use LLM outputs as side information.

The analysis in Chapter 4 shows that prompts based on LLM-generated visual
descriptions yield semantic graphs that better match the structure of visual simi-
larity than dictionary definitions or WordNet hierarchies. In the zero-shot setting,
the CLIP-GPT ensemble aggregates multiple LLM-generated descriptions for each
class. This ensemble improves accuracy over default CLIP prompts by about two
percentage points on average, with gains of over five percentage points on fine-
grained datasets such as CUB, DTD, and EuroSAT.

The few-shot setting uses the Visually Descriptive Text Adapter (VDT-
Adapter). The VDT-Adapter uses a self-attention mechanism to select relevant
descriptions and combine them into a single text representation. Experiments show
that VDT-Adapter improves Base-to-New generalisation and exceeds the CoCoOp
[2] baseline by roughly three percentage points on unseen classes (see Chapter 4).

The three-point gain is measured on unseen classes after training on the base classes.

1.2.3 RQ3: Fine-Grained Spatial Alignment

The Chapter 5 experiments test whether the embedding space of CLIP supports
reliable alignment between local image patches and detailed attribute descriptions,
such as different beak shapes or plumage patterns. The goal is to determine whether

stronger spatial alignment improves fine-grained few-shot classification.

The analysis first evaluates simple, training-free (zero-shot) spatial interventions
such as adding red boxes or blurring parts of the image. These modifications do
not improve performance and often degrade accuracy on fine-grained tasks. They
alter the input relative to the natural images used in CLIP pre-training, but the

experiments do not isolate why accuracy decreases.

A subsequent few-shot experiment trains a spatial adapter to match patches to
text descriptions. The adapter achieves about 75% accuracy on the training set but
only about 28% on the test set. The train—test gap is consistent with overfitting
to the training correspondences. Further analysis finds limited separation between
CLIP text embeddings. Many distinct fine-grained descriptions, such as “spotted
breast” and “striped breast”, have cosine similarities above 0.95. The small margins
between attributes limit the available supervision for discriminative local features.
Current CLIP embeddings support global alignment but do not provide sufficiently

separated part descriptions for fine-grained spatial transfer in the few-shot setting.
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1.2.4 RQ4: Performance Prediction

The Chapter 6 evaluation addresses performance estimation rather than adaptation.
The setting assumes that a practitioner needs to select a model for a new dataset,
but cannot afford to label a large test set. PreLabellingProbe uses LLM-generated
counterfactuals to estimate the zero-shot accuracy of CLIP.

PreLabellingProbe uses an LLM to generate a caption and a set of hard-negative
counterfactual captions for a single labelled image per class. The method then
measures the margin between the similarity score that CLIP assigns to the true
caption and the scores assigned to the counterfactual captions. This margin serves
as a predictor of dataset-level performance.

Experiments in Chapter 6 show that a simple linear regressor trained on the
aforementioned margins estimates full test-set zero-shot accuracy with a Pearson
correlation of 0.96 across a diverse set of datasets. The result indicates that a
practitioner can estimate the utility of CLIP in a new domain by using only one

labelled example per class, along with a small number of LLM generations.

1.2.5 Summary

This thesis presents a validation-free adapter for the strict few-shot setting, in-
troduces methods that leverage LLM-generated descriptions as side information at
the global and local image levels, and proposes a performance prediction tool for
data-scarce evaluation of vision-language models. Detailed experimental results and
implications for future vision-language model adapters appear in the following chap-

ters.




Chapter 2
Literature Review

The literature review follows the developmental chronology of Computer Vision from
hand-crafted features and CNNs, through transfer learning and self-supervised rep-
resentation learning, to CLIP. CLIP demonstrated that large-scale image-text pre-
training could support zero-shot recognition, and work from 2021 to 2024 expanded
this direction through prompt learning, adapter methods, dense CLIP features, and
LLM-generated side information. This chronology situates the thesis contributions:
validation-free adaptation addresses the practical few-shot use of CLIP, while the
later chapters examine whether the recent availability of LLM-generated text can
improve global and spatial recognition.

Figure 2.1 summarises the central CLIP mechanism that recurs throughout this
chapter. Contrastive pre-training aligns image and text encoders, after which zero-
shot classification compares image embeddings with text embeddings for candidate

classes.

2.1 Background: Computer Vision Evolution

This section reviews the main stages in Computer Vision that lead to current
vision-language models and introduces the key architectures, training strategies,
and representation-learning ideas on which later chapters build.

Early work in Computer Vision relied on hand-crafted features and simple clas-
sifiers. Methods used filters or kernel functions to detect edges, corners, or texture
patterns, and then fed these features to traditional machine learning algorithms for
prediction. These pipelines worked well for simple scenes, but they depended on
expert design and did not scale well to complex data.

CNNs replaced hand-designed pipelines by learning features directly from pixels.
Increased computing power and larger datasets made it possible to train these net-
works at scale. A major step was AlexNet [3], a CNN with five convolutional layers

and three fully connected layers, trained on the ImageNet benchmark. ImageNet
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Figure 2.1: Overview of CLIP. The image encoder output corresponds to the normalised
image embedding 2!, and the text encoder output corresponds to the normalised text
embedding z”. These are the embeddings used in the symmetric InfoNCE loss in Equa-
tion 2.1, with image-to-text and text-to-image components L7 .7 and L7_,; defined in
Equations 2.2 and 2.3. At inference time, each label is converted to a textual description
and passed through the text encoder. The zero-shot prediction is the label whose textual
embedding has the highest cosine similarity to the image embedding. Adapted from [1].

contains more than 1 million images across 1,000 classes. The deep architecture
of AlexNet, together with rectified linear unit (ReLU) activations and overlapping
pooling, resulted in a significant drop in error on ImageNet compared to the previ-
ous year. This result shows that end-to-end feature learning can outperform hand-

crafted pipelines.

After AlexNet, researchers increased network depth and width. The authors of
ResNet [4] introduced residual connections (also known as skip connections). These
connections allow information and gradients to flow across many layers. Instead
of forcing each stack of layers to learn a full mapping, ResNet learns the residual
between input and output. This design reduces the difficulty of optimisation and

supports deep models, i.e. model architectures with many layers.

As models grow, pre-training becomes an effective way to reuse computation
and data. In this setting, a large model is trained on a surrogate task and then
adapts to a downstream task via fine-tuning. Pre-training objectives often aim to
improve the quality of internal representations rather than directly solve the final
task. For example, colourisation tasks ask a model to recover colour from a grey-
scale image, and rotation prediction tasks ask a model to infer the rotation applied
by a data pipeline. These surrogate tasks encourage the model to encode structural
information about objects, lighting, and geometry, which later helps with other
tasks.

Although many early benchmarks focused on image classification, the field quickly
extended to richer tasks such as object detection and image segmentation. Object

detection requires a model to locate and classify each object instance in an image.
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Image segmentation goes further by assigning a class label to each pixel. Early sys-
tems were usually designed with separate architectures and loss functions for each
task. More recent work reuses a standard encoder and adds a lightweight trainable
classifier. Section 2.2 describes how this trend extends to vision-language systems.

The shift from task-specific architectures to more general models places represen-
tation learning at the centre of Computer Vision research. An image representation
is useful when a simple classifier can use it to solve many different tasks with minimal
fine-tuning. Deeper networks that share parameters across tasks support this goal
by learning features that capture object shape, texture, and context in a compact
form.

Modern deep networks produce representations, such as those just mentioned,
in a vector space often referred to as an embedding space. The final layer of a
vision encoder maps each input image to a real-valued vector. During training, the
objective encourages images from the same class to lie close together, and images
from different classes to lie far apart. Distances in this embedding space approximate
semantic similarity. This property allows a single encoder to support many tasks
through different classifiers or similarity measures.

Two changes drove this transition: larger datasets and GPUs capable of training
deeper networks. Representations compress the information in extensive image col-
lections into dense vectors. As a result, models can generalise better, and the need
for complex surrogate objectives reduces when enough labelled data are available.

At the same time, researchers began to explore learning without manual labels.
Self-supervised learning in Computer Vision uses the structure within the data itself
to define training signals [5]. These methods aim to learn representations that
transfer across tasks. They help when labelled data are scarce or expensive, and
they also improve robustness.

A key mechanism in self-supervised learning is contrastive loss. Contrastive
methods construct positive pairs that should be close in the embedding space and
negative pairs that should be further apart. In SInCLR [5], a positive pair consists of
two augmentations of the same image, for example, two random crops with different
colour jitter. A batch of images provides negative examples, since each augmented
image should be closer to its partner than to augmentations of other images. This
simple setup yields strong visual representations without labels.

Related supervised methods apply contrastive ideas to labelled data. Triplet loss
[6] uses an anchor image, a positive image from the same class, and a negative image
from a different class, and it encourages the anchor to move closer to the positive
than to the negative. Supervised Contrastive Learning (SupCon) [7]| extends this idea
by treating all images from the same class in a batch as positives for one another.

Contrastive learning also enables vision-language models. By training on exten-

8



sive collections of weakly aligned image-text pairs, models can learn a joint embed-
ding space. The Contrastive Language-Image Pre-training (CLIP) model [1] follows
this strategy. It learns a vision encoder and a text encoder that map images and text
into a shared embedding space. Training uses a contrastive objective on 400 million
image-text pairs, yielding representations that support zero-shot recognition.

Zero-shot learning and few-shot learning describe how a model uses prior knowl-
edge when labelled data for a new task are limited. In few-shot learning, the model
adapts to a new set of classes using a small labelled dataset, often with fewer than
20 examples per class. The meaning of “zero-shot” depends on which training stage
supplies the reference point. In conventional class-level ZSL, an unseen class is ab-
sent from the labelled classes used to train the downstream recognition model. In
CLIP evaluation, zero-shot normally means that no labelled examples from the tar-
get dataset are used for task-specific training, adaptation, or prompt optimisation.
It does not mean that the underlying concept was absent from CLIP’s web-scale
image-text pre-training data. A class name, a synonym, or images depicting the
concept may have occurred during pre-training even though no target-dataset exam-
ple was used. Since the web corpus does not provide an exhaustive class inventory,
absence from it generally cannot be established.

This thesis therefore uses two explicit conventions. In the CADA-VAE and APN
experiments, unseen refers to classes withheld from the task-level training split.
In CLIP evaluations, zero-shot refers to inference without target-dataset training
examples or parameter updates. Task-level zero-shot inference further describes
applying a pre-trained model to a task that differs from its pre-training objective.
CLIP exhibits this behaviour because contrastive image—text training can be reused
as a classifier by comparing an image with prompted class descriptions, as Section 2.4
explains.

In summary, modern Computer Vision evolved from hand-crafted features and
task-specific models to deep encoders, rich representations, self-supervised learning
and contrastive training. These developments enabled joint vision-language models
and low-shot transfer. The following section provides a more detailed description of

vision-language foundation models.

2.2 Vision-Language Foundation Models

As outlined in Section 2.1, Computer Vision research moved from manual feature
engineering to representation learning. This evolution included several stages that
help to motivate the current Vision-Language Foundation Models.

Traditional machine learning and prediction. Early visual recognition

pipelines used handcrafted features and classifiers such as support vector machines.




Feature extraction used methods such as the Histogram of Oriented Gradients
(HOG) and the Scale-Invariant Feature Transform (SIFT). These systems work well
for controlled tasks, but rely on careful feature design, and do not adapt easily to
changing data distributions.

Deep learning from scratch and prediction. The introduction of CNNs
enabled end-to-end training from pixels to labels. Networks such as AlexNet, VGG,
and GoogLeNet learn hierarchical features from large labelled datasets. This re-

moves hand-crafted feature design, although each task still requires many labels.

Supervised pre-training, fine-tuning, and prediction. To reduce the need
for large task-specific datasets, the community adopted transfer learning. A model
first trains on a broad source dataset such as ImageNet, and then fine-tunes on a
smaller target dataset. This procedure reuses the general visual features from pre-

training, and often improves performance when labels for the target task are scarce.

Unsupervised pre-training, fine-tuning, and prediction. Researchers
then explored pre-training without class labels. Auto-encoders and generative mod-
els learn to reconstruct inputs or predict missing parts. These objectives encourage
the model to capture structure in the data distribution. Fine-tuning on labelled
datasets then adapts the learned features to specific tasks while retaining broad
visual knowledge.

Vision-language pre-training and zero-shot prediction. The most recent
stage joins images and text. Vision-Language Foundation Models, typified by CLIP
[1], pre-train on large sets of image-text pairs. They learn aligned representations
across the two modalities, and can perform zero-shot prediction by comparing an
image embedding with embeddings of candidate text descriptions. This capability
allows models to generalise to new tasks with little or no task-specific training.

The first three paradigms above typically treat labels as discrete indices. Archi-
tectures such as ResNet [4] and Vision Transformers (ViT) [8] compute an image
feature vector and map it to an integer label using a linear classifier and a softmax
loss. Although datasets store human-readable labels such as “bird” or “car”, train-
ing converts these labels into indices to simplify loss computation. This mapping
discards most of the semantic content in label text and restricts the model to a
closed set of categories. Recognising new categories, in turn, requires further data
collection and training.

Foundation models, in contrast, use continuous representations of categories.
CLIP and related approaches map both images and text into a shared dense em-
bedding space [1]. Each text description corresponds to a vector that encodes its
meaning, and each image corresponds to a vector that encodes its content. Similarity

between these vectors provides a basis for comparing visual and textual concepts.
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This design breaks the hard link to a fixed set of discrete labels, enabling open-
vocabulary recognition.

The term foundation model is introduced in [9]. Such models exhibit emergence,
in which complex behaviours arise from scale and training regimes, and also ho-
mogenisation, in which many applications build on a shared set of methods and
models. These properties bring benefits and risks. A shared model family can re-
duce duplication and speed adoption, but it can also propagate biases or errors to
many downstream systems.

This chapter and the later technical chapters focus on Vision-Language Foun-
dation Models and their adaptations. The following section introduces pre-training

objectives for these models, before Section 2.4 gives a more detailed view of CLIP.

2.3 Pre-training Objectives

Within the vision-language pre-training and zero-shot paradigm, training is often
referred to as pre-training, because the objective during this phase differs from those
of the downstream tasks studied in later chapters. Researchers have proposed several
families of objectives that appear in current vision-language models. This section
groups them into contrastive, generative, and alignment-based objectives.
Contrastive image-text learning aims to learn representations that align images
with their associated texts. The goal is to move matched image-text pairs closer
together in the joint embedding space and separate unmatched pairs. A common loss
for this setting is a symmetric image-text InfoNCE loss [10]. CLIP [1] popularises
this objective in the large-scale image-text setting. The InfoNCE loss is formally
defined as
EInfoNCE — ﬁ[aT + £T—)I (2.1)

with components

cHT_—— log exp (o1 = /7) 2.9
Z JleXp( ZJ'T/T) 22

and

Lo = Zl oAl (23)

] 1eXp( I/T)

All 2' and 2T vectors are /;-normalised image and text embeddings, so their dot

products are equivalent to cosine similarity. Here,
e B denotes the batch size,

e 2/ and 2] denote the fy,-normalised embeddings of the i-th image and text
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sample,

° Z]I and z]T denote the fo-normalised embeddings of the j-th image and text

sample, and

e 7 denotes the temperature hyperparameter, which scales similarity scores. A
higher temperature produces a softer probability distribution, while a lower

temperature makes it sharper.

Unified Contrastive Learning (UniCL) extends this idea to a joint image-text-
label space [11]. The method combines supervision from standard image-label pairs
with supervision from web data in image-text pairs. UniCL learns representations
that are both discriminative for classification and semantically meaningful for re-
trieval and transfer.

Image-text-label contrastive learning introduces Supervised Contrastive Learn-
ing ideas into multimodal setups [7|. It encourages consistency between images,
labels, and free-form text that describe the same concept. This approach links
traditional supervised learning with multimodal contrastive objectives.

Generative objectives train a model to generate one modality from another. In
the vision-language setting, this includes image captioning, text-to-image synthesis,
and multimodal translation. These tasks require the model to capture detailed
cross-modal structure. They often rely on Masked Language Modelling, masked
image modelling, or both.

Masked image modelling masks a subset of image patches and asks the model to
reconstruct them from the remaining patches. This task encourages the model to
capture dependencies between regions. Masked Language Modelling masks a subset
of tokens in a sentence and trains the model to predict the missing tokens from
context. Masked cross-modal modelling combines these ideas by masking both image
patches and text tokens in an image-text pair and predicting the masked elements
from the unmasked ones. Text-to-image synthesis and image captioning instead
train a decoder that autoregressively generates one modality from a representation
of the other.

Alignment objectives refine the match between visual and textual representa-
tions, often after an initial pre-training stage. Instead of contrasting pairs across
the whole batch, these methods aim to place semantically related image and text
features close together in a shared space. Typical architectures use dual encoders
and a fusion module that encourages local or global alignment between modalities.

Global alignment methods train a model to predict whether an image and a
sentence match. They use a scoring function that takes pooled image and text
features, along with a binary classification loss. Local alignment methods focus on

region-word matching. They associate specific image regions with words or phrases
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and refine features so that regions and phrases that refer to the same object are
close in the embedding space. Such objectives tend to improve dense prediction
tasks such as object detection and phrase grounding.

Contrastive, generative, and alignment-based objectives each target different as-
pects of cross-modal learning. In practice, many models combine them. Downstream
tasks such as visual question answering, visual commonsense reasoning, and cross-

modal retrieval, then serve as benchmarks for zero-shot and few-shot transfer.

2.3.1 Text Embeddings and Semantic Spaces

Vision-language systems rely on text encoders that map words or sentences into con-
tinuous vectors. Early approaches such as Word2Vec and GloVe learn static word
embeddings from co-occurrence statistics, so each word receives a single vector that
reflects its average usage. Word2Vec optimises local prediction objectives: the skip-
gram and continuous bag-of-words models predict neighbouring tokens from a centre
word or vice versa, learning vectors that place words with similar contexts close to-
gether in the embedding space [12|. GloVe instead factorises a global co-occurrence
matrix and encourages word-vector differences to encode ratios of co-occurrence
probabilities, thereby capturing broader semantic regularities such as analogies [13].
These representations support simple similarity measures and often serve as initial-
isation for downstream models. Later Transformer-based encoders [14], including
BERT-style models and sentence encoders, produce contextual embeddings whose
meaning depends on the full sentence.

In CLIP, the text encoder plays a similar role but is trained jointly with the
image encoder under a contrastive objective. The resulting textual embeddings aligns
with visual features and supports open-vocabulary classification. Later chapters
of this thesis use both generic language embeddings such as GloVe, which reflect
distributional semantics from large text corpora, and task-aligned embeddings from
CLIP or other supervised models.

Sentence-level encoders make this idea explicit by optimising directly for sen-
tence similarity. Sentence-BERT [15] contrasts a cross-encoder, which feeds a pair
of sentences through a single BERT encoder and predicts a similarity score, with
a bi-encoder, which passes each sentence through a Siamese encoder (two encoders
that share parameters) and compares the resulting embeddings with cosine simi-
larity. Cross-encoders capture rich interactions between tokens in both sentences,
but they require a forward pass for every pair, and so scale poorly to retrieval over
many candidates. Bi-encoders instead pre-compute one embedding per sentence and
reuse it across pairs, which makes them well-suited to prototype-based methods that

average or compare many sentence representations.
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Recent work applies contrastive learning directly to text encoders to improve
sentence embeddings. Methods such as SimCSE and related approaches treat two
dropout-perturbed passes of the same sentence as a positive pair, and use other
sentences in the batch as negatives, encouraging the encoder to map semantically
equivalent sentences close together while keeping unrelated sentences apart [16].
This training produces more isotropic embedding spaces, where directions carry
information more evenly, and cosine similarity better reflects semantic similarity.
These text-only contrastive objectives resemble CLIP’s image-text training in their
use of positives and negatives, but they operate within a single modality rather than
across modalities and therefore focus on refining purely linguistic structure.

Other methods inject explicit hierarchical information into textual embeddings.
Contextualised Taxonomy Prediction (CTP) fine-tunes pretrained language models
to predict parent-child relations between terms. Then it reconciles these predictions
into taxonomic trees using a maximum spanning tree algorithm [17]. The model
conditions on term glosses and local context so that vectors capture hypernym struc-
ture rather than only surface similarity. These results show that Transformer-based
sentence encoders can capture taxonomic relations when trained with appropriate
objectives, motivating the use of taxonomy-aware sentence representations in later

chapters.

2.4 CLIP: Contrastive Language-Image Pre-training

CLIP is a prominent example of a Vision-Language Foundation Model. It shows
strong task-level zero-shot inference performance on a wide range of datasets. In
many cases, it matches or approaches the accuracy of supervised baselines on bench-
marks such as ImageNet, Stanford Cars, Food-101, and Oxford Pets [1].

The original CLIP paper evaluates more than 30 datasets across tasks such as op-
tical character recognition, video action recognition, geo-localisation, and fine-grain
object classification. CLIP adapts across these tasks without task-specific training,
as it relies on the same text and image encoders, and a cosine similarity measure in
the shared embedding space. On ImageNet, CLIP matches the performance of a su-
pervised ResNet-50 in a pure zero-shot setting, without access to ImageNet training
labels.

CLIP trains on image-text pairs collected from public internet sources. Many of
these pairs use alternative text (alt text) that web authors provide for accessibility
and for search indexers. Web scraping of public sites yields hundreds of millions
of noisy, weakly aligned pairs. CLIP uses a contrastive loss that maximises cosine
similarity between matching image and text embeddings, and minimises similarity

for non-matching pairs. The architecture is summarised in Figure 2.1.
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The aligned embedding space of CLIP enables a simple zero-shot classification
rule. For a downstream task, one writes a set of prompts such as “a photo of a
{class}” for each class. The text encoder maps each prompt to a vector. Given an
image, the image encoder maps it to a vector in the same space. The classifier then
assigns the image to the class whose textual embedding has the highest cosine simi-
larity to the image embedding. In this way, CLIP serves as a general-purpose vision-
language model that can tackle new tasks without requiring parameter changes.

Recent work shows that careful visual prompting can change this behaviour.
For example, drawing a red circle around an object can increase the contribution
of that region to CLIP’s image-text similarity while preserving global context [18].
This simple input modification leads to strong performance on zero-shot referring
expression comprehension and keypoint localisation tasks, where the goal is to locate

specific objects or landmarks from a natural-language description.

2.4.1 Dense Features from CLIP

Since CLIP trains on image-text pairs, one might expect it only to produce global
image-level features. However, the attention layers in the image encoder also contain
spatial information. MaskCLIP [19] shows how to extract dense patch-level features
from the final attention layer of the CLIP image encoder. These features preserve
the association between visual regions and textual concepts. The method treats
textual embeddings as classifiers and applies them as 1 x 1 convolutions over spatial
features to obtain segmentation masks, without an extra mapping network.

The MaskCLIP authors also introduce two post-processing steps [19]. First,
key smoothing computes cosine similarity between key features at different spatial
locations and averages predictions over similar keys. Second, prompt denoising
removes prompts that are unlikely to correspond to any region in the image. Both
steps improve segmentation accuracy without extra pre-training. MaskCLIP further
serves as a strong pseudo-label generator in a self-training framework. By using
MaskCLIP to label unlabelled images and then training a standard segmentation
network on these labels, the extended method, MaskCLIP-+, achieves state-of-the-
art results on several benchmarks.

MaskCLIP can supply segmentation pseudo-labels for methods with limited man-
ual annotation [19]. Its tight link to CLIP enables segmentation of open-vocabulary,
fine-grained classes described by phrases such as “white car” or “red bus”. Training
on diverse, web-curated images also gives robustness to natural distribution shifts
and common input corruptions.

The image encoder in CLIP uses a transformer with multi-head attention, where

a global pooled feature acts as the query, and spatial features act as keys and values
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[19]. The final output is a weighted sum of spatial features that then passes through
a linear layer F'(-). This structure implies that the intermediate features already
contain rich local semantics. MaskCLIP modifies the image encoder by removing the
query and key embedding layers, reconfiguring the value embedding, and remapping
the final linear layer into two 1 x 1 convolutional layers. The text encoder remains
unchanged and produces the textual embedding, which serves as the class prototype
for pixel-level classification. This design turns CLIP into a model that outputs

pixel-level masks rather than only global predictions.

Subsequent work extends this idea in both trained and training-free directions.
DenseCLIP converts the original image-text matching objective into a pixel-text
matching signal and uses image-conditioned context prompts to transfer CLIP knowl-
edge to segmentation, object detection, and instance segmentation [20]. More recent
training-free methods instead alter the inference dynamics of CLIP itself. CLIP
Surgery changes attention and feature composition to reduce noisy activations and
recover more useful open-vocabulary localisation [21]. Self-Calibrated CLIP (SC-
CLIP) identifies anomalous tokens in ViT-based CLIP, replaces or suppresses them
using local context, and fuses multi-level features in a two-pass process to improve
open-vocabulary segmentation without additional training [22]. These methods all
address the same limitation: image-level contrastive pre-training gives CLIP strong
global semantics but does not guarantee reliable local features.

This local-feature limitation is especially important for fine-grain recognition.
Part-based fine-grained few-shot work shows that explicitly localising semantic parts
and then comparing pose-normalised part appearances can substantially improve
recognition when classes differ in small regions such as bird heads, bellies, or wing
markings [23|. Dense CLIP features provide a natural bridge between open-vocabulary
segmentation and fine-grained recognition, but the bridge is not automatic: patch-
level features must preserve the visual distinctions that class-level embeddings tend
to pool away.

Recent evaluations show the same limitation. FOCI is a multiple-choice bench-
mark for fine-grain object classification with distractor labels mined using CLIP,
and it shows that CLIP models can outperform larger vision-language models on
this type of fine-grained distinction [24]. This suggests that adding a large language
decoder does not by itself solve fine-grained visual discrimination; the alignment
between local visual cues and text remains a bottleneck.

There is also a text-side constraint. Standard CLIP uses a fixed text context, and
Long-CLIP reports that although the nominal context length is 77 tokens, the effec-
tive useful text length can be much shorter, often below 20 tokens [25]|. Long class
descriptions, part lists, or LLM-generated attributes may therefore be truncated or

compressed poorly by the original CLIP text encoder. This finding is relevant to
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later chapters in this thesis, where fine-grained side information is expressed as nat-
ural language. Since Long-CLIP was published after the work described here, our
objective at the time was limited to fitting textual descriptions within the encoder’s
nominal context window, rather than accounting for the encoder’s practical effective

capacity.

Despite strong performance, CLIP still faces limits that arise from its training
data. Alt text often consists of short noun phrases or keyword lists that support
search ranking, rather than full captions. As a result, CLIP tends to underuse
fine-grain context. Later sections in this work describe methods that inject domain-

specific knowledge or additional training signals to mitigate this issue.

2.5 Improvements to CLIP Training

Several works propose modifications that improve the training efficiency and robust-
ness of CLIP-style models. Fast Language-Image pre-training (FLIP) [26] increases
efficiency by randomly masking and dropping many image patches during training.
This strategy allows training on more image-text pairs in the same wall-clock time
and memory budget. Across many downstream tasks, FLIP achieves better accuracy

than a standard CLIP model trained on the same data.

The standard CLIP pipeline does not distinguish between visual content and text
within images. When the text in an image does not match the visual content, this
can reduce robustness. Excluding images with visible text during training improves

classification and retrieval on several public benchmarks [27].

Another line of work augments CLIP with external knowledge. K-LITE [28] en-
riches text entities using structured resources such as WordNet [29] and Wiktionary.
During training, it replaces or extends input text with knowledge-enhanced de-
scriptions. This strategy increases sample efficiency and improves transfer learning

performance in zero-shot and few-shot settings compared to standard CLIP training.

Language-augmented CLIP (LaCLIP) [30] modifies the text side of training.
Standard CLIP keeps each text description fixed. LaCLIP instead uses a large lan-
guage model to generate multiple paraphrases for each image description. Training
with these rewrites exposes the model to a broader range of text that refers to the
same visual content. Experiments on datasets such as CC3M, CC12M, RedCaps,
and LAION-400M show that LaCLIP improves zero-shot accuracy on ImageNet over
the base CLIP model.
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2.6 Parameter-Efficient Transfer Learning

In this section, we review methods that adapt Vision-Language Foundation Models
to new tasks without full fine-tuning. These parameter-efficient transfer learning
methods modify only a small number of additional parameters, thereby reducing

compute cost and preserving generalisation.

2.6.1 Prompt Engineering and Prompt Tuning

One way to adapt CLIP is to change the text prompts used at inference time. The
original CLIP paper uses the template “a photo of a {class}”. CoOp [31] replaces
this hand-crafted template with a set of learnable vectors. CuPL [32] instead uses
a large language model to generate descriptive prompts for each class.

Context Optimisation (CoOp) [31] keeps the CLIP encoders fixed and learns a
small set of context tokens that precede each class name. These tokens are ini-
tialised either randomly or with pretrained weights such as Word2Vec or GloVe.
During training, gradients flow through the text encoder to update only these con-
text tokens. This procedure adapts CLIP to a new dataset without changing the
vision or text backbones.

Training in CoOp minimises cross-entropy loss over the learnable context tokens.
Because the encoders remain frozen, the optimisation focuses on extracting task-
relevant information that already resides in the pretrained weights. CoOp shows
that this strategy can match or surpass hand-designed prompts.

CuPL [32] extends prompt design to large language models. Researchers provide
a few general templates such as “Describe what a  looks like”, “Describe a 7,
and “What are the identifying characteristics of a 7. They then fill the blanks
with combinations of a broad category and a class name (for example, “pet” and
the name of a dog breed), or with only the class name for broader datasets such as
ImageNet. The large language model generates many candidate prompts for each
class. Using these rich, class-specific prompts in CLIP often improves zero-shot
classification performance compared to short, handwritten templates.

Despite its simplicity, CuPL outperforms dataset-specific handcrafted prompts
on most benchmarks that the authors tested. This result suggests that general

prompt-generation strategies can replace manual prompt engineering in many cases.

2.6.2 CLIP Adapters

CLIP-Adapter [33] offers an alternative to prompt learning. Instead of optimising
prompts, it inserts small feature adapters into the visual or language encoders.

These adapters take the form of bottleneck layers that process existing features,
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and then blend them with the original features through a residual connection. This
design allows the model to add task-specific information while preserving most of
the pre-trained representation.

In more detail, CLIP-Adapter adds two linear layers after the last layer of the
vision or language backbone. The adapter compresses the CLIP feature into a
low-dimensional bottleneck, applies a non-linearity, and then projects back to the
original dimension. A residual connection then forms a convex combination of the
adapted feature and the original CLIP feature, controlled by a scalar coefficient a.
The class logits are computed from this blended feature using the standard CLIP
text prototypes, so adaptation happens at the feature level rather than by directly
mixing logits. This simple head can be viewed as a two-path architecture in which
one path preserves the original CLIP decision rule, while the other path applies
task-specific corrections.

The CLIP-Adapter method trains in a standard few-shot regime using cross-
entropy loss on top of the classifier applied to the blended features, while keeping
the CLIP encoders frozen [33]. The method improves robustness to domain shift,
while adding only a small number of parameters. On benchmarks such as Ima-
geNet, Flowers, and DTD, CLIP-Adapter consistently outperforms prompt-learning
approaches like CoOp under the same shot counts, especially when the visual ap-
pearance differs from the web images used during CLIP pre-training.

Subsequent analysis of the architecture shows how the blending ratio controls the
trade-off between generic and task-specific information [33|. Fine-grained datasets
often benefit from relying more on the adapter branch, whereas broad datasets favour
the original CLIP features. Across several datasets and shot counts, CLIP-Adapter
outperforms CoOp and other prompt-based methods. This observation suggests that
lightweight feature adaptation can be more effective than tuning prompts alone when
adapting vision-language models.

CLIP-Adapter requires gradient-based training of the adapter parameters. Tip-
Adapter [34] removes this requirement. It builds a key-value cache from the few-shot
training set, where keys are CLIP features and values are label indicators. At infer-
ence time, it combines logits from the cache with logits from the CLIP classifier. This
non-parametric mechanism produces adapter weights without explicit backpropaga-

tion, and achieves performance comparable to or better than CLIP-Adapter.

2.6.3 Efficient Tuning and Validation-Free Adaptation

Few-shot adaptation of CLIP-style models often falls into two categories: prompt
learning and adapter-based methods. Prompt learning updates global text or visual

prompts and requires access to full encoder weights and gradients [31]. Adapter
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methods operate in feature space and can avoid backpropagating through the full
backbone. Some adapter variants train a linear classifier or a shallow multilayer
perceptron on top of frozen CLIP features. Others, such as Tip-Adapter, use a

training-free cache.

Recently, validation-free few-shot learning emerges as a stricter setting [35]. In
this setting, methods do not use a validation set to tune hyperparameters. Instead,
they must use a single configuration across datasets. This constraint reflects prac-
tical scenarios in which labelled validation data are either unavailable or expensive

to obtain.

CLIP-Adapter appends learnable bottleneck layers to the image branch of CLIP.
During few-shot fine-tuning, it keeps the main backbone frozen. Although extra
layers can overfit in few-shot regimes, CLIP-Adapter uses a residual connection that
mixes new knowledge with pre-trained features. A scalar blending ratio, «, controls
how much the classifier relies on adapted versus original features. By grid-searching
a per dataset, prior work finds that fine-grain datasets such as DTD favour larger
«, while generic datasets such as ImageNet favour smaller o [33]. Setting o = 0

recovers pure zero-shot CLIP, and setting o = 1 fully trusts the adapted features.

Tip-Adapter also uses a blending ratio a to combine cache-based logits with CLIP
zero-shot logits [34]. The authors argue that « should be larger when the domain
gap between pre-training and few-shot data is significant, because the few-shot set

then needs to contribute more information.

Proto-Adapter [36] adapts CLIP by learning a single-layer class-prototype adapter
and blending adapter logits with zero-shot logits using a ratio a. Reported values
of o vary widely across datasets. For example, Caltech-101 uses a = 0.8, FGVC-
Aircraft uses a = 0.2, Oxford 102 Flowers uses o = 0.6, and EuroSAT uses a = 1.0.
Retentive CLIP Adapter Tuning (RCAT) adapts CLIP for few-shot video recogni-
tion by combining CLIP with a retentive network that captures temporal structure.
RCAT performs a grid search over « for each dataset and finds that fine-grain or

high-domain-gap tasks again favour larger blending ratios [37].

Per-dataset grid search over « is incompatible with validation-free few-shot eval-
uation. This constraint motivates methods that set a automatically without labelled

validation data.

Only a small number of works propose such automatic blending strategies for
CLIP Adapters. SVL-Adapter [38] combines vision-language pre-training with self-

supervised learning and derives « from CLIP zero-shot confidence scores. It sets

N
1
a= N;mkaxp(yi =k|x),
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where N denotes the number of test images and maxy P(y; = k | x;) denotes the
maximum predicted probability for image x;. When CLIP is confident, the method
uses a small a and relies on zero-shot predictions. When CLIP is uncertain, it
increases a and gives more weight to adapted features.

PathCLIP [39] targets pathology images. It introduces Residual Feature Refine-
ment (RFR), a shallow residual module that adapts CLIP features to the pathology
domain. PathCLIP learns a self-adaptive blending ratio that balances CLIP knowl-
edge with task-specific features. It uses a dual-view vision contrastive (DVC) metric
inspired by SimCLR [5]. DVC compares encoder outputs under weak augmentations,
such as flips and shifts, and strong augmentations, such as RandAugment [40] and
CTAugment [41], using cosine similarity. High DVC scores indicate stable represen-
tations under augmentation. PathCLIP combines DVC with support-set accuracy
into a bound-constrained rule for selecting a.. This design seeks to avoid overfitting
when adapting large models with few labels.

Later chapters build on these ideas. In Chapter 3 we describe validation-free
adaptation in more depth and propose a new way to learn a blending ratio that

does not rely on a held-out validation set.

2.7 Low-Shot Learning and Side Information

This section reviews zero-shot and few-shot learning setups and the role of side
information, focusing on settings where models need to recognise unseen classes or

adapt to new classes with few labels.

2.7.1 Standard Zero-Shot Learning Setting

Zero-shot Learning (ZSL) allows a model to recognise objects from categories that
do not appear in the training labels. The model learns to transfer knowledge from
seen categories to unseen categories. To do this, it uses an intermediate semantic
space that connects classes.

CUB provides images with human-annotated attributes such as beak colour, eye
colour, and wing shape [42]. These attributes supply the class-level side information
used by many standard ZSL methods. FGVC-Aircraft is also a fine-grained recog-
nition benchmark, but it does not provide comparable human-annotated attribute
vectors [43|. Tts official annotations comprise tight object bounding boxes and a
hierarchy of manufacturer, family, and variant labels. The hierarchy supports evalu-
ation at different levels of specificity, while methods that require descriptive aircraft
attributes must obtain them from another source. Keeping this distinction clear

matters because a hierarchical class label provides taxonomic structure, whereas
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an attribute vector explicitly describes visual properties that can be shared across

classes.
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Figure 2.2: Example aircraft variants from FGVC-Aircraft. The dataset contains 100
visually similar aircraft variants organised by manufacturer, family, and variant. Image
reproduced from [43].

2.7.2 Multimodal Zero-Shot Learning Setting

Multimodal ZSL extends this idea by using additional sources of information. In
addition to visual features and attributes, methods can exploit textual descriptions,
class embeddings, or other side information. A cross-modal embedding framework
can handle multiple types of side information [44].

Side information refers to any data beyond raw pixels that helps a model recog-
nise unseen classes. Text descriptions, class embeddings, and other metadata can
all serve this role. Side information enriches the semantic space and can improve
ZSL performance by capturing class relations. For example, class embeddings may
encode that two bird species share similar habitats or colours, while textual descrip-
tions provide natural-language explanations of visual traits.

Cross- and Distribution-aligned Variational Autoencoders (CADA-VAE) [44] use
variational autoencoders to map visual and semantic features into a shared latent
space. The model uses one encoder per modality and a common latent represen-
tation. It uses decoder networks to reconstruct the original inputs from this latent

code. Figure 2.3 shows the architecture.
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Figure 2.3: Cross- and Distribution-aligned Variational Autoencoder architecture for
generalised zero-shot learning. Two variational autoencoders, one for images and one
for class attributes, train jointly with reconstruction, cross-alignment, and distribution-
alignment losses. Adapted from [44].

Modality-specific autoencoders require additional regularisation to learn similar
representations. CADA-VAE uses two alignment losses to achieve this. A cross-
alignment loss performs cross-reconstruction, in which an encoder from one modal-
ity feeds into a decoder from another modality while preserving class identity. A
distribution-alignment loss minimises the Wasserstein distance between latent Gaus-
sian distributions for different modalities. Together, these losses encourage a shared
latent structure that supports transfer between modalities.

Unstructured text documents can also serve as side information for ZSL [45].
Such documents describe categories and their relationships in natural language. A
later work introduces Large Language Models to generate class descriptions as addi-
tional side information [46]. These descriptions can cover fine details that attribute
lists may miss.

The Attribute Prototype Network (APN) jointly learns global and local features
using class-level attributes [47]. The method employs a visual-semantic embedding
layer for global features and an APN module for local features. The APN regresses
attributes and decorrelates them from intermediate features, which helps the model
encode subtle differences between classes. Figure 2.4 illustrates the architecture.

The weakly supervised framework in [47] injects attribute-related losses into in-
termediate CNN layers. This encourages local features to focus on visual attributes
that define object appearance. The method uses only class-level attribute vectors
and their semantic relatedness for supervision, without human annotations linking
specific regions to attributes. To reduce the effect of spurious correlations, it in-
corporates attribute-relatedness into the loss, thereby improving robustness and the
discrimination of local features.

In this framework, class-level attribute vectors supervise the learning of attribute
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Figure 2.4: Attribute Prototype Network. An image encoder extracts features. A base
module performs zero-shot classification via a visual-semantic embedding layer. A proto-
type module learns attribute prototypes and localises them via similarity maps. Adapted
from [47].

prototypes. The network treats attribute prediction as a regression problem, and
minimises mean squared error between ground-truth attributes ¢(y) and predicted
attributes q@(y)

2.8 Fine-Grained Classification and Spatial Align-

ment

Fine-grain visual classification and spatial alignment are central to later chapters
in this thesis. Section 2.6 covers parameter-efficient transfer learning; this section

turns to the local visual details that make fine-grained recognition difficult.

2.8.1 Fine-Grained Visual Classification

Traditional fine-grain visual classification methods rely on explicit part localisation.
Many systems use bounding boxes or keypoint annotations for parts such as head,
wings, or tail to align images before classification [48]. Methods such as DeepLAC
[49] and SPDA-CNN [48] model parts and their alignments to resolve subtle inter-
class differences. These annotations are expensive to collect and may not scale to
large or diverse datasets.

In parallel, meta-learning methods study how to adapt embedding spaces to each
few-shot task. FEAT addresses this by learning a task-specific set-to-set transfor-

mation that operates on the whole support set at once [50]. A Transformer encoder
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[14] takes support embeddings as input and outputs adapted support embeddings
that are contextualised by other classes in the same episode. Class prototypes are
then computed from these adapted embeddings, which move class centres away from
clutter and towards the query clusters that define the current task. The set-to-set
design enforces permutation invariance over the support examples and supports in-
terpolation and extrapolation across tasks. Experiments on standard, cross-domain,
transductive, and low-shot benchmarks show consistent gains over fixed-embedding
baselines.

With the rise of vision-language models, newer methods seek to use natural-
language descriptions to guide fine-grain recognition. Some works [51, 32| use Large
Language Models to generate descriptive phrases such as “a bird with a red breast”
and then match image features to these phrases. These approaches treat attributes
as unordered sets or average text embeddings, which may weaken the link between
specific image regions and textual descriptions. In this thesis, we ask inter alia
whether models can learn explicit spatial-semantic alignment in few-shot regimes or

whether the structure of the embedding space limits such alignment.

2.8.2 Visual Prompting and Attention Steering

Prompting in natural language processing modifies the input text to steer the
model’s behaviour. Visual prompting applies a similar idea to images [52]. Methods
either learn small pixel-level perturbations or overlay simple shapes or markers on

the image to influence model predictions.

(Right Eye
not visible)

(Right Wing
not visible)

Figure 2.5: Part location markers collected in CUB. The dataset annotates bird anatomy
with visible part locations, including beak, head, wing, tail, and leg markers. Image
reproduced from [42].

Beyond input prompting, some methods adjust attention patterns during infer-
ence. CLIP Surgery [21] points out that standard Vision Transformers use bidirec-
tional attention that encourages the [CLS| token to aggregate information from all

patches. This behaviour can lose local detail. The authors of CLIP Surgery propose
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a value-value attention variant that preserves more spatial distinctiveness. In this

chapter, we evaluate both visual prompting and CLIP Surgery variants on the CUB

dataset [42| to study their effect on part-level recognition.
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Figure 2.6: Annotation interfaces used in CUB. The upper panel collects point locations
for a specified bird part, while the lower panel collects part-specific visual attributes such
as bill or beak shape. Images reproduced from [42].

2.9 Performance Prediction and Out-of-Distribution

Detection

Performance prediction and out-of-distribution (OoD) detection form a second thread

that connects to this thesis. Many applications require a model not only to clas-

26



sify in-distribution data but also to identify samples that fall outside its training
distribution.

Prior work usually focuses on one of two goals: detecting whether a single sam-
ple is in distribution, or predicting target-domain performance from correlations
between in-distribution and out-of-distribution scores. Chapter 6 addresses a differ-
ent setting: dataset-level zero-shot accuracy prediction without a full labelled test
set. Instead of assuming access to in-distribution data or predefined outlier labels,
it probes each target class with Large Language Model-generated counterfactual de-
scriptions and uses the resulting image—text similarity scores to estimate transfer
performance.

OoD detection is critical in safety-critical domains such as autonomous driving
and medical imaging, where misclassification of unknown samples can have serious
consequences. One zero-shot OoD method uses a large set of auxiliary outlier la-
bels to create pseudo-OoD prompts and refine them into prototypes that score OoD
likelihood [53]. ZOC [54] extends CLIP with a text generator that produces candi-
date unseen labels, and performs OoD detection without prior knowledge of unseen
classes. A related study shows a strong linear correlation between in-distribution ac-
curacy and QoD accuracy [55]. This relation allows estimation of OoD performance
using only unlabelled data by measuring model agreement.

Other work uses counterfactuals or foils to probe model understanding. The
FOIL-COCO dataset modifies each caption by changing a single word to introduce
a subtle mismatch with the image [56]. Models must identify the incorrect word to
succeed on this task.

Recent studies also analyse how data distribution shapes the performance of
vision-language models. Multimodal models can be sample-inefficient, requiring ex-
ponential increases in concept frequency during pre-training to obtain linear gains in
downstream performance [57]. Concept frequency follows a long-tailed distribution
similar to Zipf’s law [58]. In practice, users of proprietary vision-language models
often lack access to the underlying pre-training data, making it hard to verify these
distributions directly. Even for open-source datasets, concept counting is difficult
because the same concept can appear under many names, and web-scraped alt text

contains noise.
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2.10 Chapter Summary

This chapter reviews the background, methods, and open problems that motivate

the contributions in Chapters 3-6.

2.10.1 Primary Findings

From hand-crafted features to foundation models. Computer vision evolved
through several stages. Early systems use hand-crafted features and shallow clas-
sifiers. Deep learning replaces these pipelines with end-to-end training from pixels
to labels. Transfer learning then allows models to pre-train on large datasets and
fine-tune on smaller target datasets. Vision-language foundation models extend this
idea by learning a shared embedding space for images and text. CLIP trains on
400 million image-text pairs and achieves strong zero-shot performance on many
benchmarks without task-specific fine-tuning.

Contrastive pre-training produces aligned representations. CLIP uses a
symmetric contrastive loss that pulls matching image-text pairs together and pushes
non-matching pairs apart. The result is a joint embedding space where cosine sim-
ilarity reflects semantic relatedness. This design supports open-vocabulary classifi-
cation: a model compares an image embedding with text embeddings for candidate
class descriptions and selects the closest match. The approach removes the hard
link between training labels and inference labels.

Parameter-efficient transfer learning adapts CLIP with few parameters.
CLIP-Adapter inserts small trainable bottleneck layers trained on few-shot cases.
CLIP-Adapter uses a blending ratio to control how much the classifier relies on
the original CLIP features versus the adapted features. Prior work shows that the
optimal blending ratio varies across datasets.

Side information bridges seen and unseen classes. Zero-shot and few-shot
learning leverage side information, such as attributes, class embeddings, or textual
descriptions, to transfer knowledge from seen to unseen classes. Architectures such
as CADA-VAE align visual and semantic features in a shared latent space. Attribute
Prototype Networks learn to localise attributes in image regions using only class-level
supervision. Recent work uses large language models to generate class descriptions
as side information, thereby reducing the need for manual annotation.
Fine-grained classification requires local detail. Fine-grained datasets con-
tain classes that differ only in subtle local features such as beak shape or wing
pattern. Traditional methods use part annotations to align images before classifi-
cation. Vision-language models often discard spatial detail through global pooling.
Methods such as MaskCLIP extract dense patch-level features from CLIP, but the

alignment between these features and fine-grained text descriptions remains limited.
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Performance prediction and robustness. Practitioners often need to estimate
model performance on a new dataset before labelling a large test set. Related work
on out-of-distribution detection and counterfactual probing shows that the margin
between correct and incorrect predictions in the embedding space can indicate model
robustness. However, no methods estimate dataset-level zero-shot accuracy with

minimal labelled data.

2.10.2 Gaps and Research Questions

We identify four gaps in the literature that the following chapters address.

Gap 1: Validation-free adaptation. Many adapter-based methods tune the
blending ratio on a validation set or report the best results from a grid search on
the test set to find the optimal blending ratio for each dataset. In strict few-shot
settings, no validation set is available. Prior automatic blending strategies either fix
the ratio before training based on zero-shot accuracy on the support set or tune it
during training by using differences in embedding distributions between strong and
weak augmentations. We set out to benchmark these strategies and improve upon
them.

Research Question 1 (Chapter 8): How can one adapt CLIP in a strict few-shot

setting without a separate validation set?

Gap 2: Generating side information from large language models. Con-
current work shows that richer text prompts can improve zero-shot performance,
but no systematic study has compared multiple sources of text (labels, definitions,
descriptions) across various text encoders and evaluated whether Large Language
Models can generate side information that matches or exceeds human-annotated

attributes for fine-grained low-shot image classification.

Research Question 2 (Chapter 4): How can Large Language Models generate side

information for CLIP that improves zero-shot and few-shot transfer?

Gap 3: Spatial-semantic alignment for fine-grained recognition. CLIP
produces strong global features, but fine-grained classification depends on local de-
tail. No prior work systematically tests whether few-shot generalisation can be im-
proved on fine-grained datasets using the alignment between spatial visual features

and part-level text descriptions generated by a Large Language Model.
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Research Question 8 (Chapter 5): Can explicit alignment between spatial visual
features and Large Language Model-generated part descriptions improve few-shot

generalisation on fine-grained image classification tasks?

Gap 4: Estimating zero-shot performance with minimal labels. Practi-
tioners need early estimates of model performance before labelling large test sets.
Prior methods for out-of-distribution detection focus on sample-level decisions rather
than dataset-level accuracy prediction. No previous work uses Large Language
Model-generated counterfactuals to estimate dataset-level zero-shot accuracy from

a single labelled example per class.

Research Question 4 (Chapter 6): Can CLIP’s zero-shot accuracy on a full test set

be estimated from one labelled image per class and LLM-generated counterfactuals?
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Chapter 3

HOSO-Adapter: Validation-Free
Few-Shot Adaptation

3.1 Introduction

Contrastive Language Image Pre-training (CLIP) [1] learns visual representations
from large collections of paired image and text data. A CLIP model transfers this
knowledge to new tasks through zero-shot prediction on hand-crafted prompts. As
discussed in Chapter 2, this approach already achieves good performance on many
benchmarks, but practical systems often need further adaptation to new domains
with only a few labelled examples.

Many recent methods keep the original CLIP encoders fixed and add small train-
able modules. These modules include prompt tuning layers and adapter networks.
Prompt tuning updates text prompts and requires full backpropagation through the
model. Adapter methods insert light multi-layer perceptrons into the visual back-
bone and update only the adapter parameters. This design reduces computation
and helps preserve the base model’s general knowledge. However, in a strict few-
shot setting (i.e. few-shot with no validation set), these methods still face a central
question: how much weight should be assigned to the adapted features relative to
the original CLIP features?

A wide range of CLIP-Adapter-style methods [33, 34, 36, 37| address this ques-
tion through a blending ratio. The blending ratio, often denoted by «, controls a
linear mix of base CLIP features and adapter features. A low value of a gives more
weight to CLIP features and keeps behaviour close to zero-shot CLIP. A high value
of o gives more weight to the adapter, allowing it to fit the target task more closely.
A suitable value of this ratio strongly affects performance, especially when training

data are scarce.

Many prior works tune the blending ratio on a validation set. In strict few-shot
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benchmarks, the protocol does not allow such a validation set [35]. A fixed ratio
across datasets also performs poorly because each dataset needs a different trade-off
between prior knowledge and adaptation. Figure 3.3 shows that the best ratio varies
over datasets and that a single fixed value is rarely ideal.

We select the blending ratio without separate validation data by using the ob-
served correlation between one-example-per-class and full-test CLIP accuracy. Fig-
ure 3.1 compares evaluations of the same frozen zero-shot CLIP classifier on three
datasets: accuracy on one labelled image sampled per class, and accuracy on the full
test set. The strong correlation indicates that this one-example-per-class estimate

provides a useful probe of dataset difficulty for CLIP.

CLIP one-shot vs full test-set accuracy

Full set: Flowers === Aircraft Cifar10
One-shot: Flowers ® Aircraft Cifar10
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Figure 3.1: Accuracy of the frozen zero-shot CLIP classifier on one labelled image sampled
per class, compared with accuracy on the full test set across several datasets and runs. The
x-axis reports the one-example-per-class probe accuracy of the zero-shot classifier, not the
accuracy of an adapted one-shot model.

We introduce Hold-One-Shot-Out (HOSO) to explore this idea. For each class,
we hold out one labelled example and place it in a small cache. We then learn the
blending ratio using only this cache, while the adapter parameters learn from the

remaining examples. This procedure does not use any external validation set and
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thus follows the strict few-shot setting of [35]. At the same time, it allows the ratio

to change over training rather than remain fixed.
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Figure 3.2: Overview of HOSO-Adapter. The frozen CLIP image encoder produces the
base visual feature, while a trainable adapter produces an adapted feature. A learnable
blending ratio a combines these two features before classification with fixed CLIP text
prototypes. Adapter parameters update on the reduced support set &', while the hold-
one-shot-out cache C updates only the blending-ratio parameter.

This chapter makes three contributions:

1. It introduces Hold-One-Shot-Out as a validation-free method for learning the

blending ratio in adapter-based CLIP models.

2. It defines HOSO-Adapter, a CLIP-Adapter variant that applies HOSO to
the blending ratio and that uses the same architecture and hyperparameters
as CLIP-Adapter.

3. It provides empirical and ablation studies that compare HOSO-Adapter with
related methods that also use a blending ratio, and that analyse how the ratio

behaves during training.

The rest of the chapter proceeds as follows. Section 3.2 summarises related methods
that adapt CLIP with a learnable blending ratio, and the section links back to the
broader survey in Chapter 2. Section 3.3 presents the formulation of CLIP and
adapter-based fine-tuning. Section 3.6 outlines datasets, backbones and training
details. Section 3.7 describes the HOSO-Adapter method. Section 3.8 presents the

main results and ablations. Section 3.9 discusses overfitting behaviour and the role
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Effect of Blending Ratio
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Figure 3.3: Effect of the blending ratio on performance. Each dataset has its own balance
between the CLIP prior and the adapted features. Fine-grained datasets such as Stanford
Cars benefit from higher values of «, while ImageNet favours lower values that place more
weight on the CLIP prior. These results motivate a data-driven and validation-free strategy
for the blending ratio.

of the blending ratio. Section 3.14 concludes the chapter and connects to Chapter

4, which explores the use of language models for side information.

3.2 Related Work

Chapter 2 presents a broad review of the few-shot adaptation of vision-language
models. In this section, we focus on methods that adapt CLIP by explicitly blending
prior and adapted features.

Self-supervised Vision-Language Adapter (SVL-Adapter) [38] estimates o from a
measure of confidence of CLIP on the few-shot training set. The method calculates
an average zero-shot confidence over all training images of a dataset. This average
confidence, denoted by A\, acts as a proxy for zero-shot performance on the target
task. SVL-Adapter then sets a = 1 — A, so that datasets with low CLIP confidence
receive a larger contribution from the adapter.

PathCLIP [39] adapts CLIP to a pathology domain. PathCLIP uses Residual
Feature Refinement as a light adapter and learns a blending ratio that changes during
training. The update uses two signals. The first is Dual-view Vision Contrastive

(DVC), which measures the cosine similarity between features of a weakly augmented
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image and those of a strongly augmented image. The second is classification accuracy
on mini-batches. These two signals combine to form a target ratio at each training
step. A moving average then updates the internal ratio, thereby balancing the CLIP
encoder and the adapter.

Both SVL-Adapter and PathCLIP show that a data-dependent blending ratio can
improve performance. However, neither work evaluates its blending ratio method
in isolation. In addition, PathCLIP focuses on a single pathology domain. In this
chapter, we address these gaps by reimplementing both methods within a common
CLIP-Adapter framework. The next section defines the notation used by the reim-
plementations and by HOSO-Adapter.

3.3 Preliminaries

Vision-Language Models, such as CLIP [1], learn a joint space for images and text.
CLIP contains a vision encoder fy(-) and a text encoder f,(-). These encoders
produce /5-normalised embeddings v and ¢ for an input image and text, respectively.
During training, images and text from the same pairs are learned to be close in the
embedding space, and disjoint pairs are far apart. This is the contrastive objective
described in more detail in Chapter 2.

For a downstream classification task, CLIP predicts labels without any further
training on the images of the target dataset. The method builds a set of natural-

language prompts for each class and encodes them with the text encoder. Given C
c

o1, the classifier

categories and an ensemble of N prompts for each class {{T,, .}, }

forms a prototype per class as

1
te = — The). 3.1
RO (3.)
For an input image z, the visual embedding is v = fy(x). The classifier then

computes the probability of each class ¢ through a softmax over cosine similarities,

G = exp(v - t./T) (3.2)

C X exp(v-ti/r)]

where 7 is a temperature parameter learnt during pre-training. The dot product

v - t. equals cosine similarity because the embeddings are normalised.

In a few-shot regime, a method has access to a small labelled support set
S = {(z',y")M_ with K examples per class, that is, M = K x C with
K € {1,2,4,8,16}. Each label y™ € {0,1}¢ is a one-hot vector that denotes the

class of image (™. The objective is to adapt the pre-trained model to the target

35



task using S, and to preserve generalisation. Direct fine-tuning of all CLIP param-
eters is impractical in this regime and often leads to overfitting, so light adaptation
mechanisms are more common.

Adapter methods add small trainable modules after the frozen CLIP backbone.
Let the original visual feature be v = fy(x). An adapter module with parameters ¢
transforms this feature as

v =+ gy(v), (3.3)

where gy(-) is a light function, often a bottleneck MLP or a residual linear layer.
Training updates only ¢ while keeping # and ¢ fixed, which reduces the number of
trainable parameters and helps avoid catastrophic forgetting [59]. The same frozen

CLIP backbone can then be paired with a small adapter for each task.

3.4 SVL-Adapter Reimplementation

SVL-Adapter [38] sets the blending ratio « for each dataset before training begins.
The method first evaluates a zero-shot CLIP classifier on the few-shot training im-
ages and measures CLIP’s confidence on the ground-truth labels. It then averages
these confidence scores over all images to obtain A. A high value of A means that
CLIP already aligns well with the target dataset. A low value of A\ indicates a
domain gap or a more challenging task.

The blending ratio is given by o = 1 — A. Datasets with high CLIP confidence
use a smaller contribution from the adapter and stay close to the zero-shot classifier.
Datasets with low CLIP confidence rely more on adaptation. A key characteristic
is that this estimate of a remains fixed during training.

In this chapter, the SVL-Adapter reimplementation follows the same design
choices as the PathCLIP reimplementation in the next subsection. We freeze the
CLIP encoders and train only a bottleneck multi-layer perceptron (MLP) adapter
on visual features. Adapter features and base CLIP features are blended using the

fixed value of « predicted from .

3.5 PathCLIP Reimplementation

The PathCLIP method [39] learns a blending ratio during training rather than fixing
it at the start. The reimplementation in this chapter adapts PathCLIP to the CLIP-
Adapter setting and to the standard few-shot benchmarks described in Chapter 2.
The model loads a pre-trained CLIP backbone and freezes both the visual and
text encoders. A lightweight MLP adapter with two linear layers and a bottleneck

transforms the visual features. The adapter output and the base features then blend
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in feature space as
imagepsed = @ - adapteryy, + (1 — a) - basefeatures- (3.4)

The pipeline then normalises image and text features and computes logits with the
CLIP logit scale. Training uses cross-entropy loss with single dataset-specific prompt
templates, in line with CLIP-Adapter.

The core design of PathCLIP is the update rule for a. At each training step,
the method forms two augmented views for each image. A weak view uses horizon-
tal flipping and small translations. A strong view uses RandAugment and a light
CTAugment module [41]. The method computes a DVC score as the mean cosine
similarity between normalised CLIP features of the two views. It also measures
the current accpeen. A target value for « is a weighted sum of the DVC score and
(1 — accpaten)- The update then clips this target to a preset interval [(min, Qmax] and

applies an exponential moving average,
a<+ (1—=0) -a+ - target. (3.5)

where the coefficient

B€(0,1)

is the smoothing coefficient that determines how strongly the update reacts to the
new «. All augmentation and DVC computations run on the graphics process-
ing unit. This reimplementation provides a direct comparison between our HOSO-

Adapter and a prior method that also adapts the blending ratio online.

3.6 Experimental Setup

As in prior work [33, 35|, we evaluate methods across eleven datasets: ImageNet, Cal-
tech101, OxfordPets, StanfordCars, Flowers102, Food101, FGVCAircraft, SUN397,
Describable Textures (DTD), EuroSAT and UCF101 [60, 61, 62, 63, 64, 65, 43,
66, 67, 68, 69]. Table 3.1 lists these datasets and the corresponding text prompts
used. The datasets include general object recognition (for example, ImageNet and
Caltech101), fine-grained categories (for example, StanfordCars, Flowers102, and
FGVCAircraft), scene recognition (SUN397), material recognition (DTD), satellite
images (EuroSAT), and human actions (UCF101). This variety tests both domain
shift and fine-grained discrimination.

For each dataset, a few-shot adapter trains on K examples per class, with
K € {2,4,8,16}. The evaluation protocol follows the strict few-shot setting of

[35], as reviewed in Chapter 2. In particular, the method may not use any held-out
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validation set from the target dataset to tune hyperparameters such as the blending
ratio. Evaluation uses the test sets and data splits that CLIP-Adapter [33] provides.

Table 3.1: Dataset list and corresponding prompt templates used for evaluation.

Dataset Prompt Template

ImageNet "a photo of a {}."

Caltech101 "a photo of a {}."

OxfordPets "a photo of a {}, a type of pet."
StanfordCars  "a photo of a {}."

Flowers102 "a photo of a {}, a type of flower."
Food101 "a photo of {}, a type of food."
FGVCAircraft "a photo of a {}, a type of aircraft."
SUN397 "a photo of a {}."

DTD "{} texture."

EuroSAT "a centred satellite photo of {}."
UCF101 "a photo of a person doing {}."

We implement all methods in PyTorch and run experiments on an NVIDIA
RTX 4090 graphics card. Unless stated otherwise, HOSO-Adapter and all baselines
use a pre-trained CLIP model [1] with a ResNet-50 (RN50) vision backbone [8].
Hyperparameters match those of CLIP-Adapter to ensure a fair comparison. The
adapter module is a bottleneck MLP with a reduction factor of four and ReLU
activations. Training uses stochastic gradient descent with momentum 0.9, weight
decay 0.0005 and an initial learning rate of 0.002, with a cosine annealing schedule.
The batch size is 32. Standard data augmentations apply, including random resized
cropping to 224 x 224 pixels and random horizontal flipping.

The blending ratio in HOSO-Adapter is a learnable scalar. Training initialises
this scalar such that the corresponding « equals 0.5. The ratio then updates via a
separate stochastic gradient descent optimiser that uses the hold-one-shot-out cache,
with a learning rate of 0.1. All reported results are averages over three runs, each

with a different random seed for few-shot sampling.

3.7 Methodology

HOSO-Adapter trains the adapter on (K — 1) examples per class and uses the
remaining example to update the blending ratio. The method extends adapter-based
fine-tuning with a learnable blending ratio and a decoupled optimisation scheme.
The overview in Figure 3.2 shows how the adapter and blending-ratio updates use

separate data partitions.
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Given a visual feature v = fy(z) from the frozen CLIP encoder and an adapted
feature vVadapt = gy (v) from the adapter, the final image embedding ¢ is a linear
combination,

0= (1l—a) v+ a- Vadapts (3.6)

where « € [0,1] is the blending ratio. A value of « close to zero keeps the behaviour
close to that of the original CLIP encoder. A value close to one relies more on the
adapter. The classifier then normalises v and computes prediction probabilities as
in Equation 3.2.

To ensure stable optimisation and to avoid extreme values, HOSO-Adapter pa-

rameterises a through a learnable logit g,
a = sigmoid(cvegit) - 0.8 + 0.1. (3.7)

This transformation keeps « in the interval [0.1,0.9], so neither the CLIP prior nor
the adapter can be fully discarded. During training, the CLIP encoders fy and
fs remain fixed, and optimisation updates only the adapter parameters ) and the
scalar logit cvogit.

A key challenge is learning both the adapter parameters and the blending ratio
without overfitting on the small support set. If both sets of parameters update
on the same examples, a can increase to fit noise in the adapter features, and the
benefit of the CLIP prior can be lost. HOSO-Adapter addresses this risk with a
decoupled optimisation scheme based on the hold-one-shot-out cache.

At the start of training, we build a hold-out cache C by selecting one image-label
pair from each class in the full support set §. These C' pairs form a small micro-
validation set. We then remove them from the training pool to obtain a reduced
support set &' = S\ C. The method pre-computes the text features {t.}<_; once,
using a single dataset-specific prompt template per class, in line with CLIP-Adapter.
The text encoder does not update during training, and the stored prototypes are
reused.

We use two distinct optimisers on separate data partitions:

e Adapter training. The adapter parameters ¢y update to minimise cross-
entropy loss on the main support set &’. This allows the adapter to learn

task-relevant features from (K — 1) examples per class.

e Ratio training. The interpolation logit i updates through a separate

stochastic gradient descent optimiser that minimises cross-entropy only on the
cache C.

This decoupled strategy treats C as a micro-validation set for the blending ratio.

The adapter focuses on fitting the main support set, while the ratio tracks how well
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the blended features generalise to unseen examples from the same distribution. In
this way, HOSO-Adapter learns both task-specific features and appropriate weights

for these features, even when the available data is very limited.

3.8 Results

HOSO-Adapter is compared with two existing approaches that learn a blending
ratio for CLIP adaptation (SVL-Adapter and PathCLIP) and with a CLIP-Adapter
baseline, in which all other components and hyperparameters remain fixed while only
the blending ratio differs. The authors of PathCLIP do not release code or report
results on standard few-shot benchmarks. We therefore reimplement PathCLIP
for this study (see Section 3.5 for implementation details). SVL-Adapter contains
multiple components, including a learnable blending ratio based on CLIP confidence
scores and a self-supervised encoder. We include both the results from the full
SVL-Adapter and a reimplementation that isolates only the learnable blending-ratio
component (see Section 3.4).

We evaluate HOSO-Adapter on eleven benchmarks, two CLIP backbone archi-
tectures (ResNet-50 and ViT-B/16), and four few-shot settings, K € {2,4, 8, 16}.

Table 3.2 presents a per-dataset breakdown of accuracy (%) for few-shot adap-
tation of CLIP with an RN50 backbone. We compare HOSO-Adapter with other
methods that use blending ratios. We use the reimplementations of CLIP-Adapter
[33] and TIP-Adapter [34] under the strict few-shot setting [35] and include SVL-
Adapter [38] that complies with the strict setting. The second SVL-Adapter-style en-
try isolates the unsupervised ratio-selection rule from SVL-Adapter inside the CLIP-
Adapter architecture; it is therefore a CLIP-Adapter baseline with SVL’s confidence-
based ratio, not the full SVL-Adapter system. The original CLIP-Adapter results,
in which the best blending ratio is selected for each test dataset, are included for
reference. HOSO-Adapter improves over validation-free CLIP-Adapter on average,
even though both methods share the same architecture and hyperparameters. The
only difference is the way they set the blending ratio.

To assess scalability, we also evaluate HOSO-Adapter using the ViT-B/16 back-
bone [8]. As shown in Table 3.5 and Table 3.6, HOSO-Adapter achieves an average
accuracy of 80.33% in the 16-shot setting. This value is more than four percentage
points higher than the validation-free CLIP-Adapter baseline with fixed a = 0.2 and
lies within one percentage point of the oracle CLIP-Adapter that selects a separate
ratio per dataset via a test-set grid search. Gains are largest on fine-grained and
specialised datasets such as DTD, FGVCAircraft and EuroSAT. HOSO-Adapter
improves the evaluated validation-free baseline with both tested backbones.

A performance comparison across K = 2,4, 8, and 16 shots is shown in Figure 3.4.
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Table 3.2: Transfer learning performance (16-shot, RN50).

Method ImageNet  Caltech101  OxfordPets StanfordCars Flowers102 Food101 FGVCAAircraft SUN397 DTD  EuroSAT UCF101 Average
CLIP-Adapter jcv-23]33]" 63.59 92.49 87.84 74.01 93.90 78.25 32.10 69.55 65.96 84.43 76.76 74.44
Zero-Shot jenra1[1] 60.35 83.81 82.86 55.69 65.94 74.85 17.16 56.80  42.32 37.53 57.47 57.71
CLIP-Adapter 1jcv-23(33] 59.02 92.28 84.92 73.49 94.56 73.96 34.19 68.14 65.70 83.24 77.30 73.35
TIP-Adapter geoveaa[34] 57.81 88.44 81.09 58.83 78.41 72.96 21.96 64.00 54.79 67.90 64.52 64.61
SVL-Adapter pyveraa[38]* 90.00 89.50 54.00 87.00 78.00 29.70 65.50 63.00 97.50 70.50
CLIP-Adapter + SVL ratio pyyerae[38)° 51.40 82.90 71.10 35.00 81.40 38.80 26.40 59.60 53.80 75.10 63.70 58.11
PathCLIP peeyiaa|39]F 63.50 92.70 84.90 73.80 94.10 77.50 34.30 70.30  66.40 81.90 79.00 73.35
HOSO-Adapter (ours) 62.93 93.03 89.47 73.80 95.07 80.93 34.60 69.83  66.77 83.27 78.03 75.25

t Original CLIP-Adapter paper results; blending ratio chosen per dataset. Included for reference,
not directly comparable.

* Estimated blending ratio version of SVL-Adapter. Results from their paper, which did not
include ImageNet.

§ CLIP-Adapter architecture with SVL-Adapter’s confidence-based blending-ratio selection; the
self-supervised SVL encoder is not used.

t The PathCLIP authors did not evaluate transfer-learning performance; we reimplement their
Dual-view Vision Contrastive method to learn the blending ratio.

All three methods in the figure share the same architecture; the only difference lies
in the way they set the blending ratio. HOSO-Adapter (green) consistently improves
over the fixed-ratio CLIP-Adapter baseline (yellow), with higher average accuracy at
K =2, K =8 and K = 16. The advantage grows as the number of shots increases.
At K = 16, for example, HOSO-Adapter outperforms the baseline on fine-grained
datasets such as Food101 and OxfordPets, as well as on general-purpose benchmarks
such as ImageNet. At both K =8 and K = 16, HOSO-Adapter reaches or exceeds
the performance of the CLIP-Adapter oracle (grey), which uses a blending ratio

tuned on the test set.
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Figure 3.4: Performance of HOSO-Adapter across few-shot settings (K = 2,4,8,16) on
the RN50 backbone, with averaged results over eleven datasets. The oracle CLIP-Adapter
baseline uses a blending ratio selected by grid search on the test set. It serves as a reference
and does not follow the strict validation-free protocol.
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3.9 Discussion

The design of HOSO-Adapter builds on two empirical observations. The first is
the strong correlation between the one-example-per-class zero-shot probe and full
test-set accuracy in Figure 3.1. A single example per class provides a compact
but informative proxy for dataset difficulty. The second is the clear dependence of
performance on the blending ratio, as shown in Figure 3.3. Different datasets reach
their best accuracy at different ratios.

These observations frame the learning of the blending ratio as a differentiable
search for an effective zero-shot classifier. With the CLIP backbone and text pro-
totypes frozen, the cross-entropy loss on the cache C directly measures alignment
between the blended image embedding ¢ and the fixed text prototypes {t.}. The
gradient with respect to oyt therefore points in the direction that improves clas-
sification accuracy on C. Through many iterations, the optimisation process moves
« towards a value that performs well on the micro-validation set and, by extension,
on the full test set.

The second role of HOSO is to treat the blending ratio as a dynamic regulariser.
Figures 3.6 and 3.5 compare HOSO-Adapter with a naive baseline that learns both
adapter parameters and the ratio on the full support set. In the naive setting, «
tends to increase steadily during training. Predictions then rely increasingly on the
adapter, which has many parameters and fits the few training examples too closely.
This behaviour leads to large gaps between training and test accuracy.

In contrast, to prevent overfitting, HOSO updates o on the cache C, while the
adapter updates on &’. If the adapter begins to overfit, the blended features perform
poorly on the cache, and gradients reduce «. The optimisation then shifts weight
back towards the CLIP prior. Across datasets, HOSO-Adapter learns more mod-
erate values of a and shows smaller gaps between training and test accuracy (see
also Figure 3.7). In this way, HOSO prevents the blending ratio from amplifying

overfitting and instead uses it to preserve generalisation.

Overfitting: HOSO-Adaptor vs CLIP-Adapter

HOSO-Adaptor === CLIP-Adapter with naively learnt blending ratio
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Figure 3.5: Three example datasets that show a consistent trend: hold-one-shot-out
(green) overfits less compared with a blending ratio that learns on the full support set
(red). See Figure 3.8 for results across all datasets.
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Blending ratio over training epochs

—— CLIP-Adapter with naively learnt blending ratio CLIP-Adapter with Hold-One-Shot-Out learnt blending ratio
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Figure 3.6: Three example datasets that show a consistent trend: hold-one-shot-out
reduces the blending ratio (green) compared with a naively learnt blending ratio that can
overfit on the limited few-shot cases (red). See Figure 3.7 for traces on all datasets.

Figure 3.4 highlights another effect. At K = 8 and K = 16, HOSO-Adapter
reaches or slightly exceeds the oracle CLIP-Adapter baseline that uses a fixed ratio
chosen by test-set grid search. The backbone and adapter architecture are identical
in these two methods, so the difference arises only from the training of the ratio.
A fixed ratio that is optimal at the end of training may still be suboptimal during
earlier stages, when the adapter output is noisy. HOSO-Adapter updates the ratio
throughout training and relies on feedback from the cache. In early epochs, the
ratio can remain low, reducing the influence of unstable adapter features. Later in
training, it can increase as the adapter becomes more useful. This schedule appears

to benefit both fine-grained and general datasets.

3.10 Detailed Results

Table 3.3: ImageNet accuracy with RN50 backbone. Average of three runs.

Method 2-shot 4-shot 8-shot 16-shot Average

CLIP-Adapter 29.63 60.67 61.67 63.07 61.26
HOSO-Adapter  59.63 60.70 61.75 62.93 61.25

Table 3.3 shows that HOSO-Adapter and CLIP-Adapter reach very similar aver-
age accuracy on ImageNet with RN50 across all shot counts. Both methods improve
as the number of shots increases, and the difference between their averages is 0.01
percentage points. One important difference in protocol should be noted; CLIP-
Adapter uses the test set to run a grid search over blending ratios for ImageNet,
while HOSO-Adapter learns the ratio on the 1-shot cache under the strict few-shot
setting.

Table 3.4 gives a broader view of ten datasets and four shot counts. With RN50,
HOSO-Adapter improves average accuracy from 63.03% at K = 2 to 75.25% at
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K =16. EuroSAT, Flowers102, DTD and StanfordCars show the largest gains, with
improvements of +30.0, +21.17, +18.94 and +15.80 percentage points, respectively.
Food101 and ImageNet change more modestly, which suggests that CLIP already
aligns well with these datasets. FGVCAircraft remains the most difficult dataset
throughout, but still benefits from additional shots.

Table 3.4: Main results with RN50 backbone, average over three runs. Performance of
HOSO-Adapter across different few-shot settings.

Method Caltech101 DTD EuroSAT FGVC Foodl01 ImageNet Flowers Pets Cars SUN397 UCF101 Average
HOSO-Adapter (2-shot) 89.10 47.83 53.27 19.13 79.63 59.63 73.90 84.10 58.00 62.10 66.60 63.03
HOSO-Adapter (4-shot) 90.17 56.40 35.00 23.47 79.80 60.70 85.50 87.73 62.43 65.03 70.20 65.13
HOSO-Adapter (8-shot) 91.40 61.47 77.83 27.80 80.63 61.75 91.90 87.73 67.13 67.67 74.27 71.78
HOSO-Adapter (16-shot) 93.03 66.77 83.27 34.60 80.93 62.93 95.07 89.47 73.80 69.83 78.03 75.25

Table 3.5 shows a similar pattern for ViT-B/16. The mean accuracy of HOSO-
Adapter increases from 69.76% at K = 2 to 80.33% at K = 16. EuroSAT and
DTD again show large gains, of +26.07 and +20.27 percentage points. Fine-grained
datasets such as FGVCAircraft and StanfordCars also benefit from more shots.
Datasets with high zero-shot performance of CLIP, including Food101 and Cal-
tech101, stay strong throughout and change only slowly with K. EuroSAT at K = 4
underperforms its K = 2 result. This effect appears only for this dataset and re-
mains stable across random seeds. We did not identify an obvious coding or data
issue, but the current experiments do not determine the cause of the non-monotonic

result.

Table 3.5: Main results with ViT-B/16 backbone, averaged over three runs. Performance
of HOSO-Adapter across different few-shot settings.

Method Caltech101 DTD EuroSAT FGVC Foodl01 ImageNet Flowers Pets Cars SUN397 UCF101 Average
HOSO-Adapter (2-shot) 94.20 50.40 59.23 27.73 88.20 67.53 82.07  90.00 67.73 67.03 73.27 69.76
HOSO-Adapter (4-shot) 94.67 59.57 45.10 32.57 87.97 68.67 89.43  91.63 70.90 70.13 77.10 71.61
HOSO-Adapter (8-shot) 94.83 65.40 79.87 37.47 88.90 69.83 95.17  91.57 75.37 72.60 80.73 7743
HOSO-Adapter (16-shot) 95.40 70.67 85.30 43.23 88.97 70.93 9723 92.27 81.50 74.67 83.43 80.33

Table 3.6 summarises the 16-shot comparison on ViT-B/16. HOSO-Adapter
reaches an average accuracy of 80.33%, compared with 75.82% for CLIP-Adapter
with fixed o = 0.2 and 81.07% for oracle CLIP-Adapter with a per-dataset ratio. To-
gether with the trend in Table 3.5, this result supports the claim that HOSO-Adapter

offers strong 16-shot performance without any test-set hyperparameter search.

3.11 Ablation Study

Table 3.7 reports ablation results averaged across ten datasets for RN50 with K =
16. The study covers three design choices: decoupled optimisation of the adapter

and ratio, removal of the 1-shot cache from the adapter training set, and cache size.
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Table 3.6: ViT-B/16 16-shot performance comparison. CLIP-Adapter results are shown
using a fixed blending ratio (a = 0.2) and the best-performing ratio selected per dataset.
HOSO-Adapter results are averaged over three runs.

Method Caltech10l DTD  EuroSAT FGVCAircraft Foodl101 ImageNet Flowersl02 OxfordPets StanfordCars SUN397 UCF101 Average
CLIP-Adapter (o = 0.2) 94.90 59.70 70.50 34.10 89.10 71.50 93.10 92.60 73.90 74.20 80.40 75.82
CLIP-Adapter (best a)f 95.90 71.70 85.80 45.80 89.30 71.50 97.40 92.70 82.10 75.60 84.00 81.07
HOSO-Adapter (ours) 95.40 70.67 85.30 43.23 88.97 70.93 97.23 92.27 81.50 74.67 83.43 80.33

T Best blending ratio from the set {0.2, 0.4, 0.6, 0.7, 0.8} selected independently per dataset using
the test set.

The reference method in Table 3.7 is HOSO-Adapter as described in Section 3.7.
The first variant, HOSO-Adapter without decoupled training, updates both the adapter
and the ratio on the same support set. Accuracy drops from 76.43% to 73.02%,
which shows that simultaneous optimisation harms generalisation. In this setting,
the blending ratio can grow to favour the adapter even when this choice hurts per-
formance on unseen data. The second variant, HOSO-Adapter without removing the
1-shot cache from the support set, keeps the cache examples in the adapter training
pool. This change reduces average accuracy to 73.35%. The result suggests that the
adapter then overfits to cache examples and that the ratio estimate becomes less
reliable.

The third and fourth variants change the cache size. HOSO-Adapter with two
shots for the blending ratio uses two cache examples per class and trains the adapter
on fourteen shots per class. This variant achieves 76.04%, close to the baseline.
A larger cache of 8 shots per class halves the adapter training data and reduces
accuracy to 73.68%. These results point to a trade-off between accurate estimation
of the ratio and the availability of a rich training set for the adapter. A single

held-out shot per class appears to offer a good balance.

Table 3.7: Ablation study on RN50 with 16-shot. We report average accuracy across ten
datasets. Per-dataset values appear in Table 3.8.

Method Average
HOSO-Adapter 76.43
HOSO-Adapter without decoupled training 73.02
HOSO-Adapter without removing 1-shot from few-shot train set — 73.35
HOSO-Adapter with 2-shots for blending ratio 76.04
HOSO-Adapter with 8-shots for blending ratio 73.68

3.11.1 Per-Dataset Ablation Study

Table 3.8 gives per-dataset results for the same ablation. The baseline configu-
ration, which uses one cached sample per class and removes these samples from
adapter training, achieves the best overall average of 76.43%. Most datasets benefit
from this policy. Keeping cached items in the training set reduces the average by
3.08 percentage points and leads to clear drops on Food101 and OxfordPets. Eu-

roSAT shows a small gain in this case, but the improvement does not offset declines
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Table 3.8: Ablation on design choices for HOSO-Adapter (RN50, 16-shot). The baseline
updates the ratio at each epoch using a cache of size 1 per class, removing cached samples
from the training set.

Method Caltechl01 DTD EuroSAT FGVC Foodl101 Flowers Pets Cars SUN397 UCF101 Average
Baseline (remove cached samples) 93.0 66.6 83.0 34.8 81.1 95.1 89.5 73.7 69.6 7.9 76.43
Keep cache in training set 91.2 63.9 84.2 344 73.5 94.2 79.5 70.8 65.5 76.3 73.35
Cache size of two per class 92.6 66.5 82.1 33.9 80.8 94.6 89.0 73.6 69.5 7.8 76.04
Cache size of eight per class 91.7 62.6 80.9 29.3 80.7 92.5 88.0 69.1 67.3 4.7 73.68

elsewhere. A cache of two shots per class is near neutral, while a cache of eight per
class lowers performance across most datasets. Overall, a minimal cache, combined

with removing cache examples from training, yields the most robust results.

3.11.2 Blending Ratio Over Training

HOSO-Adapter uses the blending ratio as a dynamic regulariser that reacts to over-
fitting. This analysis tracks o under two regimes: the decoupled HOSO setting and
the naive joint-training baseline. In the naive case, the optimiser often increases «
over time, because the adapter can fit the limited support set very closely. This
shift reduces the influence of the CLIP prior, leading to poor test performance. In
the HOSO setting, the ratio updates only on the cache. When the adapter overfits,
performance on the cache degrades, and gradients push o down. The update then
moves the weight back to the prior. This pattern holds for most datasets. EuroSAT

is a partial exception; the present analysis does not establish why it differs.
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Blending ratio over training epochs
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Figure 3.7: Most datasets exhibit a trend: hold-one-shot-out reduces the blending ratio
(green) compared with a learnt blending ratio that can overfit on the limited few-shot cases
(red).
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3.11.3 Overfitting Analysis

Overfitting: HOSO-Adaptor vs CLIP-Adapter

HOSO-Adaptor == CLIP-Adapter with naively learnt blending ratio
Caltech101 Describable Textures EuroSAT
50 T T T T T T T T T T T
é 401
Z30F
a0t
g
<
£ 10f 4 M ]
0L ~ . L - . . . ‘ . .
FGVCAircraft Food101 OxfordFlowers102
50 T T T T T T T T T T
&
:g 40
2 30f 1t 1t ]
Eoaf 1t 1t ]
g
<
S 10f F 1F ]
OxfordPets StanfordCars SUN397
50 T T T T T T T T T T T T
I
§ 40
< 30F 1F 1 F .
Eoaof 1F 1 F .
£
<
E o} 1F 1t ]
0 T =l - i i i n n I . o o
50 100 150 200 50 5 100 125 150 175 200 50 100 150 200
Epochs Epochs Epochs

Figure 3.8: All datasets exhibit a consistent trend: hold-one-shot-out (green) exhibits
less overfitting than a blending ratio learnt directly on the full training set (red).

Figure 3.8 summarises overfitting behaviour for HOSO-Adapter and the naive
baseline. The vertical axis shows the gap between training and test accuracy over the
course of training. A large gap indicates strong overfitting. Across nine benchmark
datasets, HOSO-Adapter maintains smaller gaps than the baseline. The baseline
shows gaps of over 40 percentage points on datasets such as DTD, Food101, SUN397,
StanfordCars, and FGVCAircraft. HOSO-Adapter keeps these gaps much lower,
which supports the view that decoupled optimisation of the ratio reduces overfitting

on few-shot data and improves generalisation.

3.11.4 Residual Grid Search

We also study the behaviour of CLIP-Adapter when we vary the fixed blending
ratio. With a ViT-B/16 backbone and K = 16, average accuracy rises from 74.82%
at @ = 0.2 to a peak of 80.62% at o = 0.6, then decreases slightly at a = 0.8
(Table 3.9). Fine-grained and distribution-shifted datasets such as DTD, EuroSAT,

49



FGVCAircraft and StanfordCars benefit most from higher adapter contribution.
Tasks with strong CLIP priors or strong scene cues, such as OxfordPets, SUN397
and UCF101, favour moderate values of a around 0.4. Caltech101 and Flowers102

remain stable across a wide range of ratios.

Table 3.9: CLIP-Adapter ViT-B/16 blending search (16-shot). Classification accuracy
for different blending ratios (o). A low value of a favours CLIP features, while a high
value favours the adapter.

Dataset a=02 a=04 a=06 a=0.8
Caltech101 94.9 95.7 95.7 95.3
DTD 59.7 69.7 71.5 71.6
EuroSAT 70.5 80.3 84.1 85.8
FGVCAircraft 34.1 40.9 44.1 45.8
Flowers102 93.1 97.0 97.3 96.8
OxfordPets 92.6 92.7 92.2 90.7
StanfordCars 73.9 79.7 81.9 81.7
SUN397 74.2 75.6 75.1 73.7
UCF101 80.4 84.0 83.7 83.5
Average 74.82 79.51 80.62 80.54

We repeat the grid search for the RN50 backbone, again at K = 16 and with
a € {0.2,0.4,0.6,0.8} (Table 3.10). Compared with ViT-B/16, RN50’s weaker visual
prior makes the best ratio more dataset-dependent. Larger blending ratios tend to
help again on EuroSAT, FGVCAircraft and StanfordCars, while smaller ratios work
well on Food101 and OxfordPets, where CLIP already performs strongly in zero-shot
form. The variation across rows shows that a single fixed value does not perform

best for every dataset.

Table 3.10: CLIP-Adapter RN50 blending ratio search (16-shot).

Dataset a=02 a=04 a=06 a=038
Caltech101 914 92.7 92.6 91.8
DTD 59.2 66.1 67.0 66.2
EuroSAT 65.4 81.4 83.3 84.0
FGVCAircraft 24.5 32.1 35.0 35.6
Food101 81.3 79.9 77.9 75.7
Flowers102 89.7 94.0 94.7 94.8
OxfordPets 88.6 87.9 85.1 83.9
StanfordCars 67.6 73.5 74.7 73.2
SUN397 69.8 70.3 69.4 68.0
UCF101 76.2 78.8 78.9 77.9
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3.11.5 Ablation Design Choices

Table 3.11 compares three strategies for the blending ratio with ViT-B/16 and K =
16. The first uses a fixed value of @ = 0.6, selected by grid search as the best
single ratio across datasets. The second samples a at random from [0, 1] for each
dataset. The third is HOSO-Adapter, which learns the ratio from the cache. HOSO-
Adapter reaches the highest average accuracy of 80.80%, slightly above the fixed-
ratio upper bound and clearly above random sampling. Fixed CLIP-Adapter still
leads on some individual datasets, but HOSO-Adapter offers a more robust choice

when a practitioner cannot rely on test-set grid search.

Table 3.11: Comparison of different blending ratio strategies for CLIP-Adapter (ViT-
B/16, 16-shot). HOSO-Adapter uses a dynamically learned blending ratio.

Dataset Fixed a = 0.6 Random «a € [0,1] HOSO-Adapter
Caltech101 95.7 95.4 96.1
DTD 71.5 67.0 72.5
EuroSAT 84.1 79.6 86.6
FGVCAircraft 44.1 37.3 46.4
Flowers102 97.3 94.0 97.1
OxfordPets 92.2 88.3 90.4
StanfordCars 81.9 69.9 80.4
SUN397 75.1 68.2 74.4
UCF101 83.7 79.4 83.3
Average 80.62 75.46 80.80

Table 3.12: CLIP-Adapter ViT-B/16 feature vs. logit blending (16-shot; top-1 accuracy,
%). Both blending methods use a blending ratio of o = 0.7.

Dataset Feature Blend Logit Blend
Caltech101 95.9 94.3
DTD 71.7 70.7
EuroSAT 85.1 85.5
FGVC Aircraft 45.4 46.4
Flowers102 97.4 96.9
OxfordPets 91.6 90.5
Stanford Cars 82.1 82.4
SUN397 74.4 72.5
UCF101 83.7 82.5
Average 80.8 80.2

There are two simple strategies for combining information from the pre-trained
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CLIP model and an adapter. The first blends features, and the second blends logits.
Table 3.12 compares these strategies for ViT-B/16 at K = 16 with o = 0.7. Feature
blending linearly interpolates the feature vector from the CLIP image encoder forp

and the adapter output fyqapter, then normalises the result,

fitend = @ - fadapter + (1 — @) - forrp. (3.8)

The classifier then computes logits from fy.q. Logit blending instead computes
logits from CLIP features (lcpp) and from adapter features (lagapter) and combines

them,
lﬁnal = Q- ladapter + (1 - 04) : 1CLIP- (39)

Neither approach fully dominates, but feature blending shows a small advantage
across several datasets and achieves a slightly higher average accuracy. This obser-
vation motivates the focus on feature-space blending in the main experiments.
Table 3.13 studies the learning rate of the optimiser for the blending ratio with
RN50 and K = 16. The average accuracy is stable across a wide range of learning
rates from 0.001 to 0.4, peaking at 0.1. This value also matches per-dataset optima
on DTD, EuroSAT and UCF101. We therefore use 0.1 as the default choice for the

ratio optimiser in the main experiments.

Table 3.13: Ablation on the learning rate for the blending ratio optimiser. Experiments
use RN50 with sixteen shots.

Dataset 0.001 0.01 0.1 0.4

DTD 65.5 66.5 66.7 66.6
EuroSAT 839 836 84.0 83.0
UCF101 76.2 774 781 779

Average 7520 75.83 76.27 75.83

Figure 3.9 further explores cache size with ViT-B/16 and K = 16. The horizontal
axis shows the ratio between cache size and full shot count. HOSO-Adapter reaches
peak average accuracy when the cache contains one shot per class, which is about
six percent of the data. Larger caches reduce performance across ten datasets. This
behaviour again reflects the trade-off between a stable estimate of the blending
ratio and enough training data for the adapter. A single hold-out shot offers the

best balance in this setting.
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Figure 3.9: A single hold-out shot is optimal. An ablation study of the hold-out cache
size in the sixteen-shot setting using ViT-B/16. The average accuracy across 10 datasets
is plotted against cache size, expressed as a ratio of total shots. Performance peaks at a
cache size of one (ratio &~ 0.06), which supports the core design choice. Larger cache sizes
lead to performance declines, indicating a trade-off between allocating samples to learn the
blending ratio and retaining samples for adapter training.
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3.12 Additional Investigations

3.12.1 Class-Level Perspective

Figure 3.10 shows per-class accuracy for EuroSAT as a function of the blending
ratio. A ratio of zero corresponds to the zero-shot CLIP classifier, while a ratio of
one uses only adapter features. The top panel (K = 1) exhibits substantial variation
across classes and ratios. Classes such as “Residential Buildings” benefit from ratios
between 0.7 and 0.9, while “Herbaceous Vegetation Land” peaks near 0.8 despite a
low zero-shot baseline. The figure shows that a single ratio is not optimal across all
classes in a dataset, particularly in the low-data regime. The bottom panel (K = 16)
shows higher accuracy overall and reduced sensitivity to the exact ratio. Once the
adapter trains on more data, most ratios above 0.4 yield similar, strong results that

outperform the zero-shot baseline.
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Accuracy vs Class (Top: 1-shot, Bottom: 16-shot)
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Figure 3.10: Per-class accuracy as a function of class type for different blending ratios
(«) on the EuroSAT dataset. The top plot shows the results for the 1-shot setting, while
the bottom plot shows the results for the 16-shot setting. Each coloured line represents a
fixed blending ratio. The analysis highlights that the optimal ratio varies between classes,
particularly in the 1-shot scenario.
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Figure 3.11 presents a complementary view. Here, each line traces accuracy for
one class as « varies. In the 1-shot case, most classes follow a unimodal curve that
starts at the zero-shot baseline a = 0, rises to an optimal intermediate ratio and
then declines as a approaches one. This pattern suggests that the adapter provides
useful task-specific information, but discarding CLIP’s general-purpose features is
harmful. The optimal ratio depends on the class. For example, “Forest” peaks closer
to a = 0.2, while “Permanent Crop Land” peaks near &« = 1. In the sixteen-shot
case, curves show a sharper initial rise followed by a broad plateau above ratios of
about 0.5. This plateau indicates that once the adapter trains on enough examples,

performance becomes robust to a range of higher ratios.
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Accuracy vs Blending Ratio (Top: 1-shot, Bottom: 16-shot)
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Figure 3.11: Per-class accuracy as a function of the blending ratio (o) on the EuroSAT
dataset. The top plot corresponds to the 1-shot setting, and the bottom to the 16-shot
setting. Each coloured line represents a specific class. Performance generally improves
from the zero-shot baseline (o = 0.0) to an optimal intermediate ratio, with the sixteen-
shot setting yielding a broader high-performance plateau.
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3.12.2 Test Augmentations

Table 3.14 evaluates HOSO-Adapter with on-the-fly data augmentation. Flowers102
and Caltech101 remain the easiest datasets, while FGVCAircraft, DTD and Stan-
fordCars are more challenging. Average accuracy still increases with the number
of shots, from 62.83% at K = 2 to 76.05% at K = 16. EuroSAT again shows
a non-monotonic pattern with K = 4 underperforming K = 2. As in the earlier
analysis, this behaviour appears only for EuroSAT and remains consistent across

random seeds. The cause is not established by these experiments.

Table 3.14: Performance of HOSO-Adapter with data augmentation. Results use an
RN50 backbone.

Shots Caltech101 DTD EuroSAT FGVCAircraft Foodl01 Flowers102 OxfordPets StanfordCars SUN397 UCF101 Average

2-shots 88.5 477 50.7 19.1 78.8 73.6 84.7 57.5 62.0 65.7 62.83
4-shots 89.4 56.4 32.6 22.9 79.4 85.1 87.1 61.7 65.2 69.5 64.93
8-shots 91.2 62.1 77.6 28.2 80.2 91.4 86.9 66.7 67.5 74.0 72.58
16-shots 92.5 66.3 81.6 34.9 80.7 94.6 89.2 73.3 69.4 78.0 76.05

This experiment tests whether additional augmentation can bring HOSO-Adapter
closer to PathCLIP, which also relies on strong augmentations. For each training
image, the system forms an additional augmented view. Weak and strong aug-
mentations apply with some probability, using policies such as RandAugment and
RandomErasing. The model processes both original and augmented views in a single
forward pass, doubling the number of training views.

Comparing HOSO-Adapter with and without these augmentations yields small
differences of —0.54, —0.64, —0.20 and —0.43 percentage points for K = 2,4, 8, 16,
respectively. Since augmentation slightly lowers performance in this setting and

adds complexity, we do not include it in the main method.

3.13 Practical Interpretation of Ratio Selection

The blending ratio is a small but consequential part of few-shot adaptation. It
controls one scalar degree of freedom: how much of the final prediction comes from
the transferable CLIP representation and how much comes from the task-specific
adapter. This is narrower than general hyperparameter selection. The cache is not
used to choose an architecture, learning rate, augmentation policy, or stopping rule;
it estimates only this balance. Restricting the search in this way is important because
one example per class cannot support a reliable high-dimensional model-selection
procedure.

The class-level analyses explain why a fixed ratio is inadequate. In the 1-shot
EuroSAT results, different classes peak at substantially different values of «, while

the 16-shot curves form a broader plateau. The useful contribution of the adapter
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therefore depends both on the class and on how much labelled evidence it has re-
ceived. HOSO does not estimate a separate ratio for every class, which would overfit
the cache. Instead, repeated cache updates provide a dataset-level compromise that
changes during training as the adapter becomes more reliable. This accounts for the
learned trajectories in Figure 3.7: the method is estimating the changing relative
value of two representations, rather than recovering a universal constant.

Holding out one example per class also separates two roles that otherwise com-
pete for the same scarce data. The adapter learns task-specific features from the
training subset, while the cache evaluates whether those features improve classi-
fication when combined with the frozen CLIP prior. The resulting estimate is
class-balanced by construction, so a frequent class cannot dominate the ratio solely
through sample count. The cost is that HOSO requires at least two labelled exam-
ples per class and removes one example from adapter training. Its advantage should
therefore be interpreted within the K > 2 validation-free setting studied here, not
as a solution for strict 1-shot adaptation.

The oracle comparison provides a final practical lesson. A fixed ratio selected by
test-set grid search is not necessarily stronger than a ratio learned jointly with the
state of the adapter. At higher shot counts, HOSO matches or slightly exceeds that
oracle baseline because its ratio can evolve during optimisation. The comparison
does not make test labels legitimate for tuning; it shows that dynamic estimation

from a small, predefined cache can recover the useful balance without them.

3.14 Chapter Summary

In this chapter we study how to choose a blending ratio between CLIP features and
adapter features in a strict few-shot, validation-free setting. The proposed HOSO-
Adapter method holds out one labelled example per class in a cache, and uses this
cache to learn the blending ratio, while the adapter trains on the remaining examples.
The design keeps the CLIP encoders fixed, uses a simple adapter architecture and
requires no additional hyperparameter search beyond the 1-shot cache.

Experiments across eleven datasets and two backbones show that HOSO-Adapter
outperforms validation-free CLIP-Adapter and reimplementations of SVL-Adapter
and PathCLIP. At higher shot counts, HOSO-Adapter even matches or slightly
exceeds an oracle CLIP-Adapter that uses test-set grid search to choose a fixed
ratio. Ablation studies and analyses of training dynamics support the view that the
HOSO-trained blending ratio serves as a dynamic regulariser, limiting overfitting
and preserving the benefits of the CLIP prior.

Chapter 4 examines a different source of low-shot improvement: LLM-generated

side information for class prototypes and adapters.
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Chapter 4

LLM-Generated Side Information for
Low-Shot Learning

4.1 Introduction

This chapter evaluates class-level semantic prototypes built from labels, taxonomies,
natural-language descriptions, and attributes in zero- and few-shot recognition. A
semantic prototype represents each class with a vector derived from a natural-
language description, a class label, a taxonomy entry, or an attribute representation.

Research Question 2 asks whether low-shot image classification accuracy im-
proves when a Large Language Model generates the side information. Side informa-
tion denotes any class-level textual signal beyond raw class labels, including attribute
lists, short definitions, captions, and visual descriptions. The study compares LLM-
generated side information with ground-truth attribute vectors derived from manual
annotation. The analysis also evaluates whether an LLM should generate attribute-
style facts directly or instead generate descriptions that a text encoder embeds into
a semantic space.

We test whether LLM side information works better as visually descriptive text
encoded by a vision-language model than as a direct replacement for expert at-
tributes. This hypothesis links the embedding analysis, MinilmageNet experiments,
CUB attribute experiments, and VDT-Adapter results: each experiment changes
either the source of side information, the encoder that maps it to a prototype, or

the classifier that consumes the prototype.

MinilmageNet and CUB provide complementary evaluation settings. Minilma-
geNet is a 100-class subset of ImageNet with 600 images per class at 84 x 84 resolu-
tion and is widely used for few-shot recognition. Ground-truth supervision contains
only image-level class labels, with no human-annotated attributes; class names and

the inherited WordNet taxonomy provide weak semantic structure. CUB contains
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200 bird species and 11,788 images with fine-grained annotations, including 312 bi-
nary attributes per image, part locations, and bounding boxes. Class-level attribute
prototypes are obtained by aggregating image-level attributes and serve as strong
ground-truth side information. MinilmageNet tests generic object recognition based
on label semantics, whereas CUB tests whether LLM-generated side information can

substitute for human-defined attributes in a fine-grained domain.

All methods produce a bank of class prototypes in a common format:

{classes : [¢;]1%), semantic_protos : E € R4}

where the i-th row of E represents the semantic prototype for class ¢;, and d denotes

the embedding dimensionality.

The classifier compares image feature vectors to semantic prototypes at test time
and assigns each image to the class with the highest similarity under the chosen
metric (typically cosine similarity).

GloVe [13] derives static word embeddings from co-occurrence statistics and pro-
vides stable lexical similarity without contextual disambiguation. SentenceTrans-
former [70, 71] encodes sentence-level semantics through supervision from entail-
ment, contradiction, and neutral pairs, which improves alignment across varied
phrasings. PromCSE |[16] uses prompt-based contrastive objectives to obtain trans-
ferable sentence representations from general corpora. CTP [17] targets dictionary-
style inputs and taxonomic structure, favouring definitional precision over open-
domain discourse. OpenAl embeddings [72, 73| combine instruction-oriented and
retrieval-oriented supervision at scale, producing high-dimensional representations
that perform strongly across search, clustering, and classification tasks. CLIP text
embeddings |74, 1| align text with visual features through contrastive image-text
pre-training, enabling zero-shot transfer. WordNet [29] supplies definitions and tax-
onomic relations, and ChatGPT |75, 73] supplies generated definitions, captions,
and visual descriptions. The experiments vary the text source, embedding model,

and prompt construction.

The chapter proceeds in five stages. The background first defines low-shot recog-
nition, semantic side information, and the text embedding families used in the study.
We then compare the semantic graphs induced by these embeddings and measure
their alignment with WordNet and CLIP reference graphs. The MinilmageNet eval-
uation measures zero-shot and few-shot recognition with text-derived prototypes.
The CUB evaluation tests Zero-Shot Learning with CADA-VAE and discriminative
attribute prediction with APN. The final experimental section enhances CLIP with
GPT-4-generated visually descriptive text and a lightweight few-shot adapter.

The chapter’s text refers to embedding variants by short names used in the ta-
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bles and figures. The naming convention follows FEncoder-TextSource, where the
prefix denotes the embedding model (CLIP, OpenAl, ST for SentenceTransformer,
PromCSE, or CTP) and the suffix denotes the textual source (LabelText for curated
label phrases, WordNetDef for WordNet definitions, WikiText for Wikipedia descrip-
tions, HypernymText for hypernym chains, ChatGPTDef for ChatGPT-generated
definitions, VisSent for visual sentences, AllCaptions for aggregated captions, and

Taxonomy for taxonomic structure). The main variants are:

CLIP-LabelText; OpenAI-WordNetDef; OpenAl-LabelText; OpenAI-WikiText.
OpenAl-WikiTextRefined; OpenAl-HypernymText.

ST-WordNetDef; ST-LabelText; ST-ChatGPTDef.

PromCSE-VisSent; PromCSE-AllCaptions; CTP-Taxonomy.

Additional variants based on GloVe and Principal Component Analysis use the cor-

responding names.

Terminology follows a fixed convention. ChatGPT denotes text generated from
the ChatGPT web-interface, which used the GPT-3.5 model, and GPT-4 denotes
experiments where the specific model was used via API. VDT denotes visually de-
scriptive text, and CLIP-GPT denotes a CLIP prompt ensemble constructed from

GPT-generated visual descriptions.

4.2 Background

4.2.1 The Low-Shot Learning Problem

Standard supervised learning assumes abundant labelled training data for every
class. Labelled data are costly and time-consuming to collect in many recognition
domains. Low-shot learning addresses this constraint. Zero-Shot Learning (ZSL)
requires a model to classify images from classes with no labelled examples during
training. Few-shot learning relaxes this constraint by allowing a small number of
labelled examples per class for training. In this context, “small” typically means

between one and sixteen.

Formally, ZSL defines a set of seen classes ) with labelled training images and
a disjoint set of unseen classes V" with no training images. The model classifies test
images from Y". Generalised ZSL evaluates test images from either )* or J*, which
increases difficulty because the classifier must distinguish seen and unseen classes

simultaneously.
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4.2.2 Side Information for Relating Seen and Unseen Classes

Side information links seen and unseen classes through shared semantic properties.
A bird species with no labelled images may share attributes such as “red beak”
or “striped wing” with seen species. A model can use visual-attribute associations
learned from seen classes to recognise unseen classes that share the same attributes.

Common forms of side information include:

e Attributes: Binary or continuous vectors indicating properties such as colour,
shape, or habitat. The CUB dataset provides 312 binary attributes per class,

including e.g. beak colour, wing pattern, and bill shape.

e Class embeddings: Dense vectors from text encoders, such as Word2Vec
or GloVe, that capture semantic similarity from word co-occurrence in text

corpora.

e Textual descriptions: Natural-language sentences or paragraphs that de-

scribe each class and can be embedded with sentence encoders.

Human-annotated attributes are effective but expensive. The central question in
this chapter is whether Large Language Models can generate side information that
matches or exceeds the quality of manual annotation for low-shot image classifica-

tion.

4.2.3 Semantic Prototypes for Classification

A semantic prototype is a single class vector in an embedding space. During infer-
ence, the classifier computes the similarity between a query image’s embedding and
each class prototype, then assigns the image to the class with the highest similarity.
The approach requires a predefined set of classes to form prototypes and can classify
query images into these classes without training examples.

Classification quality depends on how well semantic prototypes capture inter-
class relationships. A useful prototype geometry places “house finch” near “sparrow”
and far from “school bus”, so visual features from house finch images align more

strongly with bird prototypes than with unrelated object prototypes.

4.2.4 Key Architectures

Two established ZSL architectures serve as the main testbeds for LLM-generated
side information.

CADA-VAE (Cross- and Distribution-Aligned Variational Autoencoder) [44]
uses paired variational autoencoders to form a shared latent space for visual and se-

mantic features. The two autoencoders map image features and class attributes into
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a common latent representation. Cross-alignment and distribution-alignment losses
align latent representations from the two modalities for the same class. Section 2.7
provides additional background.

APN (Attribute Prototype Network) [47] localises attributes in image regions
using only class-level attribute supervision. APN combines a global visual-semantic
embedding layer with a local attribute prototype module. Attribute regression and
decorrelation losses encourage discriminative features that correspond to attribute-
bearing regions. APN tests whether LLM-generated attributes can substitute for

human-annotated attributes in localised recognition.

4.2.5 LLMs as Side Information Generators

[2MVFormer [46] uses LLM-generated descriptions for few-shot learning. Chapter
4 extends this line of work by comparing definitions, descriptions, captions, and
attribute lists across OpenAl, SentenceTransformer, CLIP, PromCSE, CTP, and
GloVe encoders.

LLMs generate side information from the large text corpora they were trained
on. Prompting a model for class descriptions yields natural-language facts about
object properties, visual appearance, and context. The experiments test whether
these generated facts align with visual features and improve classification.

Sections 2.2 and 2.6 provide background on vision-language foundation models

and adapters.

4.3 Methodology

4.3.1 Pipeline and Reporting Conventions

The chapter uses four evaluation pipelines, each isolating a different role for side
information. Table 4.1 summarises the pipelines before the details are introduced.

Comparisons are strongest within a pipeline, where the visual features, splits, and
evaluation protocol are fixed. Comparisons across pipelines are qualitative because
the encoders, feature spaces, and supervision formats differ. The chapter interprets
consistent trends and large margins as evidence, while treating small differences
between non-identical pipelines as indicative rather than definitive.

Accuracy values are reported as percentages unless a table explicitly reports
an intrinsic graph score. Some initial experiment runs do not include confidence
intervals or repeated-seed statistics. Point estimates are therefore interpreted with
caution, especially when differences are small or when methods use different text

encoders.
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Table 4.1: Summary of the Chapter 4 evaluation pipelines. Each pipeline changes the
source of side information while keeping the relevant visual representation and evaluation
protocol fixed for that experiment.

Pipeline Visual Semantic Purpose
representation representation
Intrinsic graph ~ None Text prototypes from Measures semantic
analysis labels, definitions, geometry before image
captions, and classification.
taxonomy
MinilmageNet Fixed image Text prototypes from Tests whether text
recognition features in CLIP, Sentence- prototypes transfer to
episodic evaluation Transformer, GloVe, zero-shot and one-shot
and generated text recognition.
CUB with ResNet-101 image  Attribute vectors or  Tests generated side
CADA-VAE features text embeddings information in generative
generalised ZSL.
CUB with APN APN visual Ground-truth or Tests direct replacement
features LLM-derived of expert attributes.
attribute vectors
VDT-Adapter CLIP ViT-B/16 GPT-generated Tests CLIP prompt
features visually descriptive ensembles and few-shot
text text adaptation.

4.3.2 Embeddings

Text embeddings represent class labels and descriptions in a form that can be com-
pared with visual features in zero-shot learning. The embedding families considered
here include OpenAl text-embedding-ada-002, SentenceTransformer all-MiniL M-L6-
v2, PromCSE contrastive encoders, Contextualised Taxonomy Prediction, CLIP text
embeddings, and GloVe baselines. Prompt construction varies from short curated
labels to WordNet definitions, Wikipedia descriptions, LLM-generated captions, and

hypernym chains.

Label Curation and Class-Specific Textual Descriptions

MinilmageNet contains animals (e.g. house finch, lion, meerkat), objects (e.g.
school bus, combination lock), and fine-grain categories such as dog breeds and insect
species. It also contains broader object categories, including musical instruments,
that are not fine-grained concepts in the same sense. Raw ImageNet labels can be
ambiguous (file, rock beauty, stage) or polysemous (organ). A text encoder may en-
code an unintended sense of such a label, which produces a prototype that no longer
corresponds to the intended visual concept. The experiments use a human-curated
mapping from raw labels to exact phrases. For example, “file” becomes “filing cab-

PO

inet with drawers”, “rock beauty” becomes “tropical fish in the sea”, “house finch”
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becomes “house finch small bird”, and “tank” becomes “tank armoured vehicle”.

OpenAl Embeddings

OpenAl variants use the text-embedding-ada-002 model to embed textual de-

scriptions for each class:

e OpenAl-WordNetDef embeds short WordNet definitions. For a class ¢ with
canonical name ¢, and WordNet definition d., prompts take the form “/. is a

d.”. The prompt captures dictionary-style semantics for each concept.

e OpenAl-LabelText embeds the manually refined label phrases from Sec-
tion 4.3.2. These phrases disambiguate labels such as file and rock_beauty

and produce class-specific prototypes.

e OpenAl-WikiText embeds short encyclopaedic descriptions sourced from
Wikipedia.

e OpenAl-WikiTextRefined adds targeted manual corrections for problem-

atic, outdated, or overly generic descriptions.

e OpenAl-HypernymText encodes WordNet hypernym chains. For each
class, the method traverses ancestor nodes and builds prompts such as “/,.

b2

is a type of hy, a type of hy, ...”, where h; denotes increasingly general hy-
pernyms. Generic ancestors such as “object” are truncated so that the text

emphasises informative category structure.

All OpenAl variants share an embedding space, allowing direct comparison across
lexical, encyclopaedic, and taxonomic prompts. Lexical definitions encode dictionary
meanings, refined labels resolve ambiguity, encyclopaedic descriptions add contex-

tual attributes, and hypernym chains encode hierarchy.

SentenceTransformer Embeddings

SentenceTransformer variants use the all-MinilM-L6-v2 sentence encoder to

embed short class descriptions:

e ST-WordNetDef encodes WordNet definitions using prompts such as “/¢, is

defined as d.”, where d. is the synset definition.

e ST-LabelText encodes the same manually curated label phrases used by
OpenAl-LabelText and CLIP-LabelText.
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e ST-ChatGPTDef embeds short definitions generated by ChatGPT in re-
sponse to a global meta-prompt that requests clear and concise definitions
of the MinilmageNet classes. For example, the prompt produces “a small,

cylindrical sausage typically served in a bun” for hotdog.

SentenceTransformer variants operate in a 384-dimensional space, compared with

1536 dimensions for OpenAl embeddings.

PromCSE Embeddings

PromCSE variants use a contrastively trained sentence encoder with prompt-based
and prefix-based tuning. The method embeds richer sentences that resemble image

captions rather than isolated labels or short definitions:

¢ PromCSE-VisSent builds 20 natural-language descriptions per class that
focus on appearance and behaviour in context, such as “The hotdog sizzles on
the grill, its smoky aroma and plump shape making it a popular summertime

treat.” Averaging these descriptions yields one prototype per class.

e PromCSE-AllCaptions aggregates multiple prompt groups from ChatGPT,
including visual descriptions, item-centric, human-centric, and environment-

centric captions. Averaging all captions yields a single embedding per class.

PromCSE is optimised for sentence-level semantic similarity and receives inputs

close to the caption-like text used in vision-language pre-training.

Contextualised Taxonomy Prediction

CTP-Taxonomy uses a RoBERTa-based model trained for Contextualised Taxon-
omy Prediction. For each class, a pair of sentences combines the WordNet definition
of the class with the definition of its immediate hypernym. The model encodes the
pair, the final-layer token representations are averaged, and ¢;-normalisation forms

prototypes tuned to hierarchical relations.

CLIP Text Baseline and Augmented Semantic Prototypes

CLIP-LabelText provides the main text-encoder baseline. Each class label maps
to a short phrase that reflects the intended visual category, such as “school bus
vehicle”, and the CLIP text encoder produces a 512-dimensional embedding.
CLIP-LabelText defines the reference semantic graph used in the comparison.
CLIP pre-training uses large-scale image-text pairs, so its text space often aligns

strongly with visual features.
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Augmented semantic prototypes combine text-derived similarity graphs with
image-level self-supervised features. SimCLR [5] supplies class-level visual features.
For each class, the procedure identifies nearest neighbours in a text embedding
space, such as OpenAl text-embedding-ada-002, and forms linear combinations
of the corresponding SimCLR features. This construction tests whether semantic
neighbourhoods from text can improve visual prototypes by blending features from

classes with shared properties.

4.3.3 Semantic Contrastive Architecture

The Semantic Contrastive architecture in Figure 4.1 evaluates zero-shot image classi-
fication with LLM-generated side information by aligning image and text representa-
tions in a shared projection space. The image branch uses a trainable convolutional
encoder and projection MLP, while the text branch uses the frozen text encoder of
CLIP followed by a projection MLP.

Image
Encoder

Projection

64/

512 Space

MLP

(trainable)

~+
ConvNet Semantic

CLIP Loss
e

cat

Text Projection
dog Encoder 512 Space
(fixed) MLP

Figure 4.1: Semantic Contrastive architecture. The top branch maps class images
through a trainable image encoder and projection-space MLP, while the bottom branch
maps class text labels through a frozen CLIP text encoder and projection-space MLP. A
semantic loss aligns the projected image and text representations so that images are pulled
toward their corresponding class-text prototypes.

Class-level side information produces a single text embedding per class rather
than a single embedding per image. The frozen text encoder provides class proto-
types in the shared embedding space. Training aligns image embeddings with the

corresponding class prototypes.
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A temperature-scaled softmax over image-prototype similarities defines the con-
trastive losses. For each image embedding, the model computes dot-product simi-
larities against all class prototypes, divides the logits by a temperature parameter,
applies log-softmax, and optimises cross-entropy with the ground-truth class. The
loss increases similarity to the correct prototype and decreases similarity to compet-
ing prototypes.

The t-SNE visualisation in Figure 4.2 contains image embeddings as dots and
CLIP-derived class prototypes as X markers. Dog breeds such as “Arctic Fox” and
“French Bulldog” form distinct clusters. Similar breeds such as “Siberian Husky” and
“Alaskan Malamute” lie close together, reflecting visual resemblance. Some central

classes overlap because they share visual attributes.
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Figure 4.2: t-SNE visualisation of image embeddings (dots) and class prototypes (X
markers) derived from the CLIP text encoder.
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4.3.4 Detailed Prompt Engineering and Data Generation

The text encoder of CLIP accepts free-form text. The prompt design objective is to
generate class-specific descriptions that resemble the text distribution used during
CLIP pre-training. Cosine similarity between class embeddings in the embedding
space of CLIP provides the class similarity metric. MinilmageNet supports this
analysis because its classes span many noun categories and map to the WordNet

graph.

WordNet [29] provides a ground-truth semantic graph for comparison. The fol-

lowing prompt generates free-form descriptions with ChatGPT?!:

Prompt:

For each of the following objects, provide a clear and concise
definition: Dugong, Walker hound, Lipstick, Yawl, list of classes
continues

Response:

e "Dugong": a large, herbivorous marine mammal native to the
coasts of the Indian and Pacific Oceans, related to manatees and
known for its slow-moving, graceful swimming style

e '"Walker hound": a breed of hunting dog with a keen sense of
smell and a strong, athletic build, used for tracking and
trailing game

e "Lipstick": a cosmetic product used for coloring and
conditioning the lips, typically in the form of a solid stick
or a creamy paste

e "Yawl": a sailing vessel with two masts, the aft one of which
is shorter than the mainmast and stepped farther aft, used for
fishing or other purposes

e list of definitions continues

Caption-style prompting reduces the influence of a single class word on the CLIP
embedding. Each generated description is embedded individually using CLIP, and

the average embedding serves as the class prototype.

Prompt:

For each of the items in the list, write five plausible image
captions. The images contain the items interacting with their typical
environment:

Dugong, Walker hound, Lipstick, Yawl, list of classes continues

Thttp://chatgpt.com/ Accessed 3 February 2023
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Response:

e Dugong:

— "Graceful dugong glides through the seagrass meadows."

— "Dugong calf nuzzles closely to its mother in the azure
waters."

— "A curious dugong surfaces, its smooth back glistening in the
sunlight."

— "Underwater ballet: dugongs gracefully dance amidst coral
reefs."

— "Dugong family enjoys a peaceful moment, surrounded by
colorful marine life."

e list continues

In-context prompting uses examples to steer response format and content |76].
The number of examples per class and the number of example classes vary across

prompt variants, but all variants follow the same example-driven pattern:

Prompt:

Imagine you are an image annotation labeller captioning images
containing different classes. You are asked to describe the unique
attributes that you see in the image. Here are examples of what other
labellers said:

e Rufous Hummingbird:

— the bird has a thin bill, and black eyerings that are round.

— this bird has wings that are black and has an orange belly
e Chuck wills Widow:

— this dark colored bird has a bright red eyering and a long,
slender bill.

— this bird has wings that are black and has red eyes
e European Goldfinch:

— the bird has a striped crown and a white belly.
— this bird has a light brown body with black and yellow wings.

You are shown 10 different images of a Dugong. Write the captions
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Response:
Dugong:

e This marine mammal has a rounded body with a distinctively
downturned snout.

e Its flippers are broad and paddle-like, ideal for swimming
gracefully through the water.

e The dugong’s skin is a mottled grayish-brown, blending seamlessly
with its ocean habitat.

e Its tail fluke is wide and horizontal, aiding in propulsion
through the water.

e Dugongs have small, dark eyes and small, rounded ears positioned
behind their eyes.

e The dugong’s mouth is wide and lip-like, adapted for grazing on
seagrass.

e Its body is streamlined, allowing for efficient movement through
the water.

e Dugongs often exhibit scars or markings on their skin, evidence
of encounters with other marine life or human activities.

e These gentle creatures are herbivores, relying on seagrass
meadows for their primary food source.

e Dugongs are closely related to manatees and share similar
features, such as a lack of dorsal fins and a thick, blubbery
appearance.

Class-attribute prompting evaluates whether the full prompt must be sent sepa-
rately for each class, or whether a single prompt containing the request, examples,
and full class list suffices. The LLM context window defines the maximum num-
ber of tokens that can be processed from the conversation history and the current
input. Earlier content is truncated once the context limit is reached. Generation
may stop earlier because of a maximum-generation cap or a predicted stop token.
The continue-reply strategy sends the full prompt once and then sends “continue”
messages as the response grows. The strategy reduces repeated prompt tokens, but
the earliest examples or class names may be truncated if the conversation reaches

the context limit.
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Prompt:

I am creating class attributes for a zero-shot image recognition
algorithm to classify between different species of birds. List all
the visual attributes that would be useful to distinguish between the
species. Here are a few examples of the information I am looking for.

o Yellow-throated Vireo:

— Beak: Medium, slightly hooked, upper mandible dark, lower
mandible pale

— Head: Yellow throat, white eye-ring extending to the sides,
gray crown

— Body: O0live-green upperparts, white underparts with yellow
flanks

— Wings: O0live-green with two white wing bars, rounded shape

— Tail: Medium, square, olive-green

— Legs: Blue-gray, medium length

— Unique features: Yellow spectacles, contrasting head pattern
e Sayornis (Phoebe):

— Beak: [example sentences continue]

Do the same for the following species 5 at a time: hooded merganser,
house wren, list of classes continues, european goldfinch.
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Response:

e Hooded Merganser:

— Beak: Medium, thin, serrated, and pointed, dark color

— Head: Male - black with a large, white-bordered black crest,
Female - reddish-brown crest

— Body: Male - black upperparts and white underparts, Female -
grayish-brown upperparts and grayish-white underparts

— Wings: Rounded with white patch visible in flight, dark
primaries and secondaries

— Tail: Short and pointed, dark color
— Legs: Orange, short and webbed
— Unique features: Crest and distinctive male head coloration,
diving bird
e House Wren:

— Beak: Short, thin, and slightly curved, dark color
— response shortened

— Body: Overall brown, barred with darker brown and pale
grayish-white

— Wings: Brown with faint bars
— Tail: Brown with faint bars, short and often held upright
— Legs: Pinkish-brown, medium length

— Unique features: Small size, active and energetic behavior

e response shortened

4.3.5 Attribute Prototype Network Modification

Section 4.2 describes the Attribute Prototype Network as an architecture that incor-
porates images and class-level attribute vectors as supervision. APN uses attribute
annotations provided with CUB in the original experiments. The experiments in this

chapter replace those attribute vectors with several LLM-generated alternatives.

4.3.6 Prompting for Attribute Verification

Attribute verification tests the factual correctness of LLM-generated CUB attributes.
The prompt asks the LLM to state whether each attribute fact derived from the CUB
annotations is true or false. A full list of attributes and option sets is provided, and
responses are compared against CUB annotations. The evaluation captures erro-
neous omissions, where the output misses correct attributes, and erroneous commis-

sions, where the output marks incorrect attributes as true.
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Prompt:

For a Forsters Tern bird, answer whether each of the following
attributes are True or False for the specific bird:

e has bill shape that is curved (up or down):
e has bill shape that is dagger:

e has bill shape that is hooked:

e has bill shape that is needle:

e has bill shape that is hooked seabird:
e has bill shape that is spatulate:

e has bill shape that is all-purpose:
e has bill shape that is comne:

e has bill shape that is specialized:
e has wing color that is blue:

e has wing color that is brown:

e has wing color that is iridescent:
e has wing color that is purple:

e has wing color that is rufous:

e has wing color that is grey:

e has wing color that is yellow:

e has wing color that is olive:

e has wing color that is green:

e has wing color that is pink:

e has wing color that is orange:

e has wing color that is black:

e has wing color that is white:

e has wing color that is red:

e has wing color that is buff:

e list of attributes-value pairs continues
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Response:

e response shortened

e has bill shape that is curved (up or down): True
e has bill shape that is dagger: False

e has bill shape that is hooked: False

e has bill shape that is needle: False

e has bill shape that is hooked seabird: False
e has bill shape that is spatulate: False

e has bill shape that is all-purpose: False
e has bill shape that is cone: False

e has bill shape that is specialized: True
e has wing color that is blue: False

e has wing color that is brown: True

e has wing color that is iridescent: False
e has wing color that is purple: False

e has wing color that is rufous: False

e has wing color that is grey: False

e has wing color that is yellow: False

e has wing color that is olive: False

e has wing color that is green: False

e has wing color that is pink: False

e has wing color that is orange: False

e has wing color that is black: False

e has wing color that is white: True

e has wing color that is red: False

e has wing color that is buff: False

e list of attributes continues

Slot-filling prompting changes boolean responses to categorical selection. This
format enforces a single attribute-value pair per slot, matching the CUB ground-

truth format.
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Prompt:
For a Black-footed Albatross bird, select the correct option for each
attribute:

e ‘has_bill_shape’: [‘curved_(up_or_down)’, ‘dagger’, ‘hooked’,
‘needle’, ‘hooked_seabird’, ‘spatulate’, ‘all-purpose’, ‘cone’,
‘specialized’],

e ‘has_wing_color’: [‘blue’, ‘brown’, ‘iridescent’, ‘purple’,
‘rufous’, ‘grey’, ‘yellow’, ‘olive’, ‘green’, ‘pink’, ‘orange’,
‘black’, ‘white’, ‘red’, ‘buff’],

e list of attributes continues

Response:
Based on the characteristics of the Black-footed Albatross bird, the
correct options are:

e ‘has_bill_shape’: ‘hooked’
e ‘has_wing_color’: ‘black’

e list of attributes continues

CSV-formatted prompting scales the previous prompt to more bird species:

Prompt:

Create a table (in CSV format) with attributes as the columns and
different birds as the rows. For the attributes, select the correct

option for each attribute of the bird:

e Bill shape: [curved, dagger, hooked, needle, hooked (seabird),
spatulate, all-purpose, cone, specialized]

e Wing color: [blue, brown, iridescent, purple, rufous, grey,
yellow, olive, green, pink, orange, black, white, red, buff]

e list of attributes continues

The rows of the table are the following list of birds: [‘red-winged
blackbird’, ‘rusty blackbird’, ‘yellow-headed blackbird’, [list of all

birds in CUB dataset]]

Age- and sex-specific CSV prompting probes whether factual errors arise from
intra-class variation. The previous prompts assume that a single attribute-value

pair holds for all, but some species vary by age, breeding stage, or sex, especially in

plumage.
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Prompt:

create a table (in csv format) with corresponding bird attributes

as the columns and the rows should be: Adult male, Adult female,
juvenile male, juvenile female, breeding male, breeding female. For
the attributes, select the correct option for each attribute of the
bird:

e list of attributes

Create the table for Red-winged Blackbirds

Manual verification indicates that LLM outputs often contain unsupported fine-
grain facts, and repeated prompts can return inconsistent results. LLM hallucination
surveys report similar error modes [77]. LLMs can nevertheless convert text into
structured attribute vectors and can extract facts from supplied text. Zero-shot
prompting enables large language models to perform fact extraction from provided
context [78]. The following experiments test whether unstructured text sources can
be converted into CUB-style attribute vectors with an LLM. Wikipedia, All About
Birds, and LLM-generated general descriptions provide the text sources. These
experiments do not measure truthfulness directly because manual verification of

every fact in the supplied text is not performed.

The following prompt requests attribute extraction from a supplied bird descrip-

tion:

Prompt:

This is a description of a bird: Size & Shape

e A plump seabird with an unusual rounded bill, thick neck, broad
chest, and very short tail.

RELATIVE SIZE
e Larger than a Least Auklet, smaller than a Pigeon Guillemot.

[description continues]
Here is a dictionary of attributes as keys and list of values it can
take as values.

e bill shape: [curved, dagger, hooked, needle, hooked (seabird),
spatulate, all-purpose, cone, specialized]

e wing color: [blue, brown, iridescent, purple, rufous, grey,
yellow, olive, green, pink, orange, black, white, red, buff]

e list of attributes continues

Each attribute can take multiple positive values in the list. Give the
correct values for each attribute based on the supplied description.
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Response:
{
e "billShape": '"spatulate",
e "wingColor": ["brown", "white"]
e list of attributes continues
}

Structured-output evaluation also tests adherence to formats such as JSON.

4.3.7 CADA-VAE System Prompts

The CADA-VAE experiments use the OpenAl public API during development. API
requests include a system prompt, which specifies response constraints more strongly
than a standard prompt on the ChatGPT web interface. The system prompt used
here constrains the LLM output to a desired JSON format.

Prompt:

For a Black-footed Albatross bird, select the correct option for each
attribute.

System Prompt: You are a truthful assistant that knows a lot about
birds. You only respond in JSON format with no explanations.

"type": "object", "properties": "billShape": "type": "string",
"enum": ["curved(up or down)", "dagger", "hooked", "needle", "hooked
seabird", "spatulate", "all-purpose", "cone", "specialized"] ,
"wingColor": '"type": "string", "enum": ["blue", "brown", "iridescent",
"purple", "rufous", "grey", "yellow", "olive", "green", "pink",
"orange", "black", "white", "red", "buff"] , [list of attributes
continues] , "required": ["billShape", "wingColor", [list of attributes

continues]]

Response:

"billShape": "hooked seabird", "wingColor": "black", [list of
attributes continues]

4.3.8 Quantitative Comparison of Embedding Families

Quantitative comparison evaluates how text embedding families encode inter-class
semantics relevant to zero-shot and few-shot transfer. The analysis considers class-
level prototypes derived from labels, definitions, and curated descriptions for Ope-
nAl, SentenceTransformer, PromCSE, CLIP, and CTP variants. The objective is to
assess coherence and separability in embedding space, which indicates the strength

of the semantic prior available to downstream classifiers.
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Pairwise cosine similarity provides the intrinsic geometry for each embedding
family. Semantically related classes should lie close together, and unrelated classes
should lie far apart, if prototypes offer a useful prior for classifiers that compare im-
age features with class vectors. The results in Table 4.2 contain the mean, standard

deviation, and quantiles of pairwise cosine similarities between class-level prototypes.

Table 4.2: Summary of pairwise cosine similarities between class-level prototypes for each
embedding family. Each row corresponds to one embedding variant, identified by its short
name.

Short Name dim mean std  p25 P75
CLIP-Label Text 512 0.624 0.110 0.572 0.700
CTP-Taxonomy 1024 0.612 0.524 0.551 0.953
OpenAl-HypernymText 1536 0.777 0.032 0.755 0.793
OpenAl-Label Text 1536 0.766 0.027 0.748 0.779
OpenAl-WikiText 1536 0.728 0.031 0.708 0.743
OpenAl-WikiTextRefined 1536 0.719 0.032 0.697 0.735
OpenAI-WordNetDef 1536 0.746 0.026 0.729 0.760
PromCSE-AllCaptions 768 0.763 0.056 0.725 0.801
PromCSE-VisSent 768 0.730 0.067 0.686 0.772
ST-ChatGPTDef 384 0.183 0.136 0.088 0.250
ST-Label Text 384 0.147 0.110 0.073 0.204
ST-WordNetDef 384 0.120 0.117 0.039 0.176

OpenAl variants and PromCSE variants produce high and relatively tight cosine-
similarity distributions, with means around 0.73 to 0.78. OpenAl-HypernymText
attains the highest average similarity, consistent with the global coherence imposed
by hypernym chains.

SentenceTransformer variants exhibit substantially lower means (/ 0.12 to 0.18)
and larger relative variance, indicating a more dispersed embedding geometry. CLIP-
LabelText lies between these extremes, with a mean similarity 0.62 and a broader
tail towards lower similarities.

CTP-Taxonomy has a high mean and a very large standard deviation, with
similarities ranging from strongly negative to nearly one. This distribution indicates
a heterogeneous mixture of tightly and loosely clustered concepts. Kernel-density
estimates in Figure 4.3 visualise these patterns.

OpenAl and PromCSE variants form sharp peaks at high similarity values. Sen-
tenceTransformer embeddings remain more spread out and closer to zero, while
CLIP-LabelText has an intermediate profile.

The distributions show that generated text changes the geometry of the seman-

tic prototypes, but high average similarity alone does not imply better recognition.
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Downstream experiments are therefore needed to determine whether these geome-

tries align with image features.

Distribution of pairwise cosine similarities between classes

CLIP-LabelText
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Figure 4.3: Distribution of cosine similarities between class-level prototypes for each
embedding family. Short names follow Table 4.2.

4.3.9 Graph Structure and Neighbourhood Overlap

Graph analysis complements pairwise similarity statistics by examining which classes
become neighbours under each embedding family. This view is useful because a
prototype-based classifier depends on local structure: related classes should form
compact neighbourhoods, while unrelated classes should remain separated.

Graph construction starts with the cosine similarity matrix for each embedding
family. Diagonal entries are excluded because they compare each class with itself.
The 95th percentile of off-diagonal similarities serves as a method-specific threshold,
and only edges above it are retained. This produces an undirected graph with
classes as nodes and high-similarity class pairs as edges. Since the same percentile
threshold is used for every embedding family, all graphs contain the same edge
fraction. Differences in graph statistics reflect which neighbours each method selects,
not how many edges it keeps.

Average clustering coefficients in Table 4.3 measure how often neighbours of a
class also connect to each other. ST-ChatGPTDef has the highest clustering coeffi-
cient (0.504), so ChatGPT definitions create the most triangle-rich local neighbour-
hoods under this threshold. Among OpenAl variants, OpenAl-WikiTextRefined
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Table 4.3: Graph statistics for thresholded semantic graphs at the 95th percentile thresh-
old. All graphs have an identical average degree (4.960). Differences in clustering coefficient
reflect how consistently each method forms triangles among related classes.

Short Name Family Avg Degree Avg Clustering
CLIP-LabelText CLIP 4.960 0.358
CTP-Taxonomy CTP 4.960 0.353
OpenAl-HypernymText OpenAl 4.960 0.435
OpenAl-Label Text OpenAl 4.960 0.401
OpenAl-WikiText OpenAl 4.960 0.386
OpenAl-WikiTextRefined OpenAl 4.960 0.438
OpenAl-WordNetDef OpenAl 4.960 0.354
PromCSE-AllCaptions PromCSE+ChatGPT 4.960 0.332
PromCSE-VisSent PromCSE+ChatGPT  4.960 0.304
ST-ChatGPTDef ST+ChatGPT 4.960 0.504
ST-Label Text ST 4.960 0.393
ST-WordNetDef ST 4.960 0.311

(0.438) and OpenAl-HypernymText (0.435) have the strongest clustering, consis-
tent with the structured information in encyclopaedic text and hypernym chains.
CLIP-LabelText (0.358), CTP-Taxonomy (0.353), and OpenAI-WordNetDef (0.354)
have similar clustering. PromCSE variants have lower clustering (0.304 and 0.332),
indicating less locally transitive neighbourhoods for these caption-based prototypes.

The degree distributions in Figure 4.4 indicate whether certain classes become
hubs. The common threshold yields a mean degree of approximately 5 for all meth-
ods. Broader tails indicate that a small number of classes connect to many more
neighbours than typical classes. OpenAl and PromCSE variants have broader tails
extending to degrees of 20 to 30, whereas SentenceTransformer variants concentrate
more tightly around the mean.

Neighbourhood overlap measures whether different embedding families choose
the same local neighbours. For each class and embedding family, the five near-
est neighbours are selected by cosine similarity. Jaccard overlap then compares
neighbour sets between pairs of embedding families. A value of 1 denotes identical
neighbour sets, and 0 denotes no shared neighbours. The heatmap in Figure 4.5
reports the mean Jaccard overlap across all classes.

Three patterns emerge from the neighbourhood-overlap results. First, methods
within the same encoder family have the strongest agreement. OpenAI-WikiText
and OpenAl-WikiTextRefined share 0.732 overlap, the highest off-diagonal value in
the matrix. Other OpenAl pairs range from 0.335 to 0.425, SentenceTransformer
pairs range from 0.227 to 0.309, and the two PromCSE variants share 0.374 overlap.

Second, CLIP-LabelText overlaps most with OpenAlI-LabelText (0.279), followed
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Degree distributions of thresholded semantic graphs
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Figure 4.4: Degree distributions of thresholded semantic graphs. Smoothed density
estimates centre around degree 5, with broader tails for several OpenAl variants.
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Figure 4.5: Neighbourhood overlap between embedding families, measured as mean Jac-
card overlap of top-5 neighbours. Higher values indicate more similar neighbour assign-
ments. Short names follow Table 4.2.
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by the Wikipedia-based OpenAl variants (0.240). OpenAI-WordNetDef overlaps
with CLIP-LabelText at 0.220, while OpenAl-HypernymText drops to 0.197. Sen-
tenceTransformer variants overlap with CLIP-LabelText in a similar but slightly
lower range (0.203 to 0.230), and PromCSE variants overlap less strongly (0.165
to 0.177). The result supports OpenAl-LabelText as the closest text-only approx-
imation to the CLIP label neighbourhood, but does not imply that every OpenAl
prompt variant is closer to CLIP than every SentenceTransformer variant.

Third, CTP-Taxonomy differs strongly from all other methods. Its overlap with
other embedding families ranges from 0.048 to 0.078. Taxonomy-prediction training
produces a distinct organisation of the label space that does not closely align with
definition-based, caption-based, or CLIP-style label encoders.

Clustering and CLIP overlap measure different properties. High clustering in-
dicates internally coherent neighbourhoods within an embedding family, while high
overlap with CLIP indicates closer agreement with a vision-language text space.
OpenAl-LabelText best matches the CLIP local neighbourhoods among the text-
only variants, ST-ChatGPTDef forms the most clustered graph, and CTP-Taxonomy
encodes a markedly different taxonomic structure. The following sections test whether

these differences translate into recognition accuracy.

4.4 Truthfulness of Text Embeddings as Semantic
Graphs

The analysis above describes similarity distributions and graph topology. The next
evaluation measures graph-based “truthfulness” by comparing semantic graphs in-
duced by text embeddings with two external references: the WordNet class hierarchy
and the embedding space of CLIP.

Truthfulness denotes agreement between nearest-neighbour relations encoded by
an embedding and nearest-neighbour relations implied by an external semantic ref-
erence. WordNet provides a lexical and taxonomic reference, whereas CLIP provides
a vision-language reference learned from large-scale image-text pairs. The evalua-
tion asks whether each embedding family preserves the relational structure of these

references.

4.4.1 Experimental Protocol

Text-prompt construction yields an embedding for each class ¢ under the method
of interest. Pairwise cosine similarities between all class embeddings define edge

weights in a complete graph.

84



Two reference graphs provide targets for comparison. The WordNet graph uses
path-based similarities on the hypernym tree. The CLIP graph uses the CLIP text
encoder with prompts of the form “a photo of <class_name>”, following standard
prompt-based evaluation. Alignment is measured by comparing the neighbour rank-
ings in the embedding graph with those in the WordNet and CLIP reference graphs.

Let A(™ ¢ RE*C denote the sparsified semantic graph induced by method m, and
let A denote the corresponding reference graph from WordNet or CLIP. After min-
max normalisation, diagonal removal, symmetrisation, and row-wise sparsification,

the graph-similarity score is

(A(m),A(T))F
AT p[| AC| £

S(m,r) =100 x

where (-,-)r denotes the Frobenius inner product. Higher values indicate greater
overlap between high-similarity edges in the method graph and the reference graph.
Scores around 20 indicate partial, rather than complete, preservation of the reference

neighbourhood structure.

4.4.2 Results

Table 4.4 contains the main truthfulness scores for representative embedding families

and prompt designs.

Table 4.4: Comparison of text embedding families on a graph-based truthfulness bench-
mark that measures alignment with WordNet and CLIP semantic graphs. The table reports
graph similarity scores with respect to WordNet and CLIP. Higher is better.

Embedding Dim WordNet graph sim CLIP graph sim
Baseline CLIP 512 20.157 n/a
BERTSentence 384 11.518 19.041
BERTSentence + ChatGPT def. 384 12.300 20.262
PromCSE + ChatGPT def. 768 18.602 24.040
PCA(CLIP) 64 14.214 20.019

Two trends stand out. PCA compression of CLIP text embeddings to 64 dimen-
sions retains much of their semantic structure. PCA(CLIP) has higher WordNet
graph similarity than both BERTSentence variants, but its CLIP graph similarity
lies between BERTSentence and BERTSentence + ChatGPT definitions. This more
limited result still indicates that a low-dimensional projection preserves a substantial
part of the CLIP semantic geometry.

The definitions generated by the LLM raise the graph scores for both sentence
encoders. The PromCSE + ChatGPT variant records the highest CLIP-graph sim-

ilarity in Table 4.4, although this intrinsic score does not establish downstream
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recognition performance.
Generated definitions improve text-only graph alignment in this benchmark, but
the scores do not establish that generated side information can replace expert at-

tributes in downstream recognition.

4.4.3 Implementation Details

The truthfulness evaluation first maps ImageNet class labels to WordNet noun
synsets. A synset groups lemmas that share one sense and connects to other synsets
through hypernym and hyponym relations. When several synsets match a class la-
bel, the procedure computes Leacock-Chodorow similarity for all candidate synset
pairs and retains the maximum score for that class pair. NLTK WordNet provides
taxonomy depths and similarity values.

WordNet similarities are min-max normalised over non-diagonal entries, the di-
agonal is set to zero, and symmetry is enforced with the elementwise maximum of
the matrix and its transpose. Row-wise sparsification keeps only similarities above
the 95th percentile of non-zero entries. The same sparsification rule is applied to
text-derived graphs so that comparisons use the same graph density.

Text prototypes use three sources of descriptions: WordNet glosses, curated la-
bel phrases, and concise, single-sentence LLM definitions. These descriptions are
encoded with SentenceTransformer, PromCSE, CLIP ViT-B/16 text, and OpenAl
embeddings. The SentenceTransformer model is al1-MiniLM-L6-v2, and the Ope-
nAl model is text-embedding-ada-002. CLIP text features are averaged over a
small set of prompt templates, SentenceTransformer and PromCSE use pooled sen-
tence embeddings, and OpenAl uses returned unit-normalised vectors. All embed-
dings are fy-normalised before cosine-similarity matrices are computed.

The CLIP image reference graph uses a fixed image sample per class. CLIP
image features are extracted, fo-normalised, averaged into class centroids, and con-
verted into a class-to-class cosine-similarity matrix. The matrix is symmetrised,
its diagonal is set to zero, and the same 95th percentile row-wise sparsification is
applied. The normalised Frobenius inner product in S(m,r) provides the reported

alignment score. Top-k neighbour lists provide qualitative inspection.

4.5 Few- and Zero-Shot Recognition on Minilma-
geNet

MinilmageNet evaluation tests how intrinsic semantic structure translates into few-

shot and zero-shot recognition performance.
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Episodic evaluation frames recognition as a sequence of small classification tasks.
The way denotes the number of candidate classes in an episode, so 5-way, 16-way,
and 20-way tasks require discrimination among 5, 16, and 20 labels, respectively.
The shot denotes the amount of supervision per class in the support set. A 0-shot
episode provides no labelled examples and relies solely on side information such as
class names or text-derived prototypes. A 1-shot episode provides a single labelled
example per class. Each episode uses a class-balanced support set and a disjoint
query set. Accuracy is averaged over sampled episodes from held-out classes.

The MinilmageNet pipeline does not compare raw image and text vectors. The
visual and semantic encoders have different output dimensions and coordinate sys-
tems, so cosine similarity is meaningful only after alignment. During training on
the base classes, the visual branch and an encoder-specific text projection map their
outputs into a shared 64-dimensional space. A semantic contrastive objective aligns
an image with the projected prototype of its class. Unless otherwise stated, cosine-
stmilarity accuracy accg, denotes mean per-episode accuracy in this aligned space.

The 0-shot and 1-shot paths use that space differently. In a 0-shot episode,
the projected text vector is the class prototype and each query is assigned to its
nearest prototype. In a 1-shot episode, the single labelled support image for each
class is encoded in the same space and supplies the visual class prototype; the
FEAT-style adaptation module refines the support and query representations be-
fore cosine-similarity classification. The semantic prototypes influence the one-shot
result through the base-class alignment training, but an unprojected text vector is
not directly averaged with the support image. Thus, the O-shot result tests transfer
through text prototypes alone, whereas the 1-shot result tests the learned represen-

tation with one task-specific visual example per class.

4.5.1 Prompt Design for CLIP-Based MinilmageNet Proto-
types

The study evaluates several prompt families for MinilmageNet text prototypes:

e BERTSentence uses a sentence transformer to embed disambiguated label
phrases. Its inputs closely mirror OpenAl-LabelText and ST-LabelText, but

it uses a different encoder.
e CLIP baseline uses the standard CLIP prompt “A photo of <class_name>”.

e ChatGPT definitions use short definitions generated by ChatGPT in re-
sponse to a “clear and concise definition” meta-prompt and embedded with a

sentence-transformer.
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e ChatGPT captions use five plausible image captions per class, each describ-
ing the object in a typical environment, and average them into one prototype

per class.

e Wikipedia context uses short Wikipedia excerpts as contextual descriptions

and embeds them into a single prototype per class.

All variants use the same visual architecture, base-class split, episodic protocol,
and projection dimensionality. The semantic prototype family changes between
runs, so performance differences primarily reflect the side information used to align
the visual representation.

The MinilmageNet comparison is strongest within rows that share the same
image architecture, projection dimension, class splits, and evaluation episodes, but
not all rows are encoder-matched. The CLIP baseline benefits from a text encoder
trained with images, whereas BERTSentence, GloVe, and several generated-text
variants use language-only encoders. These results test the practical value of each
prototype construction after alignment, not a perfectly controlled comparison of

prompt content alone.

4.5.2 Main MinilmageNet Results

Table 4.5 lists 1-shot and 0-shot 20-way test accuracies for the main prompt families.

Table 4.5: MinilmageNet zero-shot and few-shot results measured by cosine-similarity
accuracy, acCsim, for different text prompts in the learned shared projection space. The
table reports 1-shot and 0-shot 20-way test accuracies in percent.

Embedding 1-shot 20-way test [%] 0-shot 20-way test [%]
BERTSentence 21.57 17.75
CLIP baseline 22.07 28.71
ChatGPT definitions 22.23 16.95
ChatGPT captions 24.91 16.28
Wikipedia context 20.12 19.94

The canonical CLIP prompt performs strongly in the 0-shot setting, reaching
28.71% accuracy in the 20-way test configuration. This score exceeds bare BERT-
Sentence label embeddings and all LLM-enhanced BERTSentence variants, show-
ing that CLIP’s image-text pre-training supplies a useful visual prior even after
its text features are projected into the experiment’s shared space. ChatGPT cap-
tions achieve the highest 1-shot 20-way accuracy (24.91%) among the non-CLIP
baselines, but their 0-shot performance trails CLIP and BERTSentence label em-
beddings. Descriptive, context-rich captions may overfit typical scenes and become

less robust when no example with visual support is available. Wikipedia context
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provides balanced but modest performance, improving over ChatGPT definitions in
0-shot evaluation but not matching the CLIP baseline.

On MinilmageNet, LLM-generated text does not improve direct replacement of
CLIP-compatible label prompts in the O-shot setting. LLM-generated captions help
in the 1-shot setting, but the gain appears when labelled visual support is available,

not when text alone must define the classifier.

4.5.3 GloVe-Based Semantic Priors

GloVe baselines disentangle the effects of large transformer encoders from those
of simpler embedding methods. All GloVe models operate in a lower-dimensional
language-based embedding space and provide a sanity check for prototype quality.

Table 4.6 lists MinilmageNet results obtained by replacing CLIP or BERTSen-
tence text embeddings with GloVe.

Table 4.6: MinilmageNet zero-shot and few-shot results using GloVe embeddings as
semantic prototypes. The table reports 1-shot and 0-shot 20-way test cosine-similarity
accuracies in percent.

Embedding 1-shot 20-way test [%| 0-shot 20-way test [%]
GloVe (photo prompt) 21.75 21.33
GloVe (Wikipedia) 21.30 14.82
GloVe (ChatGPT text) 21.74 20.54

GloVe with CLIP-style photo prompts achieves competitive 1-shot and 0-shot
performance, including 21.33% 0-shot 20-way accuracy. Richer Wikipedia or Chat-
GPT context changes performance only modestly. The comparison indicates that
alignment between the semantic space and visual pre-training, as in CLIP, con-
tributes more than purely textual enrichment alone.

The GloVe results reinforce the same conclusion: generated text does not auto-
matically improve recognition unless the embedding space preserves visually relevant

neighbourhoods.

4.5.4 Implementation Details

MinilmageNet experiments use a FEAT-style episodic pipeline with the four-block
convolutional image encoder shown in Figure 4.1. The image branch produces 64-
dimensional features. The semantic encoders retain their native output sizes: 384
dimensions for SentenceTransformer, 512 for CLIP, and the corresponding size for
each other encoder. A learned linear layer projects each semantic representation to

64 dimensions. The projection and image encoder are trained on MinilmageNet base
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classes with the semantic contrastive objective described in Section 4.2. Held-out
classes are used only for episodic evaluation.

For each prompt family, the text encoder produces one class-level prototype
tensor in its native space and the associated learned projection maps it into the
common space. The 0-shot routine selects the projected prototypes for the classes
sampled in an episode and compares all query embeddings with them. The 1-shot
routine instead passes one support image per class and the query images through the
trained image branch; the Transformer-based FEAT module adapts these episode
features and forms one visual prototype per class. Accuracy is averaged over 20-way
episodes with disjoint support and query images. The GloVe variants use the same
image architecture and evaluation protocol, with a projection sized for the GloVe
input. This alignment stage is essential: equal vector length alone would not make

independently trained language and vision spaces comparable.

4.6 CUB: Generative ZSL with CADA-VAE-Style
Embedding Transfer

CUB experiments further test language-model-based semantic priors in a generative
zero-shot setting based on CADA-VAE. The objective is to form a joint latent space
for visual features and side information, where side information may be attributes
or text embeddings. Performance is measured by seen-class accuracy, novel-class
accuracy, and their harmonic mean (h).

Standard ZSL predicts only unseen classes, whereas generalised ZSL predicts
over the union of seen and unseen classes. Given seen-class accuracy Ageen, and

unseen-class accuracy Apovel, the harmonic mean

2 Aseen Anovel

h=—"#6/#—/—#6—
Aseen + Anovel

penalises methods that perform well on only one split and provides a balanced

summary of performance.

4.6.1 Side Information and Baselines

The analysis considers several forms of side information:

e Ground-truth attributes, using the original CUB attribute vectors or vari-

ants with only the top one or two attributes per class.

e Word2Vec embeddings of human-provided sentences, following the original
CADA-VAE setting.
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¢ GloVe embeddings of ChatGPT captions, where ChatGPT generates 10

descriptive sentences per class, and GloVe embeds them.

e ChatGPT slot-filled attributes, where ChatGPT fills a pre-specified at-

tribute template with natural-language responses.

¢ GloVe embeddings of part-based prompts, where ChatGPT generates 7

visual sentences that focus on key parts and colours of each bird.

4.6.2 Results

Table 4.7 contains the main CADA-VAE results on CUB.

Table 4.7: CUB zero-shot learning results with CADA-VAE-style generative models and
different forms of side information. The table reports novel-class accuracy, seen-class ac-
curacy, and their harmonic mean (h).

Side information Novel Seen Harmonic Mean
CUB ground-truth attributes (full) 51.6  53.5 52.4
CUB ground-truth attributes (top 2 per class) 19.41 51.87 28.25
Word2Vec on 10 human sentences 22.67 50.94 31.38
GloVe on ChatGPT 10-shot prompt captions  10.16 44.82 16.56
ChatGPT slot-filled attributes 14.44  49.95 22.41
GloVe on GPT-4 7-part visual sentences 12.53 30.30 17.72
GloVe on ChatGPT class-level captions 44.72 34.14 38.72

CUB class-level attribute vectors average binary image-level annotations across
all images of each class, producing per-attribute frequencies as side information.
The top-2 variant selects the two highest-frequency attributes per class and zeroes
the rest, producing a sparse prototype that roughly matches the slot count used by
LLM-derived attributes. This truncation preserves seen-class alignment but removes
complementary fine-grained cues needed for novel classes, causing a large drop in
novel accuracy. Word2Vec embeddings of 10 human-written sentences achieve a
competitive harmonic mean of 31.38, showing that natural language can partially
substitute for structured attributes. ChatGPT 10-shot captions embedded with
GloVe underperform the human-sentence baseline, reaching a harmonic mean of
16.56.

ChatGPT class-level captions embedded with GloVe produce the strongest LLM-
derived result in this table, with a harmonic mean of 38.72. Careful prompt design
yields language-model-derived side information that is competitive with traditional
human-authored descriptions, although full CUB attributes remain stronger.

In the CADA-VAE experiments, generated captions outperform several weaker

semantic baselines but do not surpass full ground-truth attributes. In this set-
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ting, LLM side information supplements rather than replaces high-quality manual

attributes.

4.6.3 Implementation Details

CADA-VAE-style experiments use an established two-branch variational architec-
ture. One branch models ResNet-101 visual features, and the other models semantic
side information. Cross-reconstruction and distribution-alignment losses align the
two latent distributions.

The CUB preparation stage loads precomputed ResNet-101 image features and
CUB attribute matrices, constructs the standard seen and unseen splits, and remaps
labels to contiguous indices. The same loader also converts the standard test-unseen
split into N-shot examples for few-shot ablations. Each semantic modality is aligned
to the CUB class order before training.

Each row of Table 4.7 uses the same ResNet-101 visual features and changes
only the semantic input. The semantic inputs include full CUB attributes, sparsi-
fied CUB attributes, Word2Vec embeddings of human sentences, GloVe embeddings
of ChatGPT 10-shot captions, ChatGPT slot-filled attribute vectors, GloVe embed-
dings of part-based visual sentences, and GloVe embeddings of class-level ChatGPT

captions.

4.7 CUB: Attribute Prediction Network with LLM-
Derived Attributes

The APN evaluation tests language-model-generated attribute-like side information
for discriminative zero-shot learning on CUB. The model predicts attribute vectors
from images, and a nearest-neighbour classifier operates in attribute space at test
time. The experiments compare ground-truth attributes with several LLM-derived

approximations.

4.7.1 Side Information Variants

The analysis includes two main sources of side information:

e Ground-truth attribute label vectors, either full real-valued CUB attribute-
frequency vectors derived from the manual CUB attribute labels, or binarised

variants with top-1, top-2, or confidence-based thresholds.

e LLM-generated attribute lists, where ChatGPT selects factually correct

attributes from a candidate list, derives attributes from bird resources such
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as WhatBird and AllAboutBirds, or maps GPT-4 textual descriptions into
attribute vectors with GPT-3.5.

4.7.2 Results

Table 4.8 contains the best zero-shot classification accuracy achieved by APN for

each side-information source.

Table 4.8: CUB zero-shot learning with APN under different forms of side information.
The real-valued attribute-vector baseline uses the ground-truth (GT) CUB attribute la-
bels aggregated to class-level vectors. The table reports the best zero-shot accuracy over
training epochs.

Description Best ZSL accuracy [%)]
CUB GT real-valued 71.9
attribute label vectors ’

Top 2 attributes per class, binarised 50.4
Top 1 attribute per class, binarised 46.9
Thresholded by confidence 48.3
ChatGPT fills attribute slots 19.7
ChatGPT selects all factually correct attributes 16.5
ChatGPT attributes from Wikipedia context 14.1
Attributes derived from GPT-4 textual descriptions 29.4
GPT-4-based attributes + GPT-3.5 preprocessing 34.0
Attributes derived from WhatBird bird guides 40.4
Attributes derived from AllAboutBirds field guide 30.0

Ground-truth CUB attribute labels provide the strongest performance, with
71.9% zero-shot accuracy when used as full real-valued class-level attribute vec-
tors. Binarisation and sparsification gradually reduce performance, indicating that
a small set of salient attributes retains substantial discriminative power but does

not match the full ground-truth real-valued CUB attribute label vectors.
Naive LLM attribute prompts perform much worse. Slot filling and “select all

correct features” prompts yield accuracies below 20%. More carefully engineered
pipelines close part of the gap: GPT-4 descriptions with GPT-3.5 attribute extrac-
tion reach 29.4%, GPT-4-based attributes with GPT-3.5 preprocessing reach 34.0%,
and WhatBird-derived attributes reach 40.4%. High-quality domain text improves

LLM-derived attributes, but manual CUB attributes remain substantially stronger.
The APN experiment gives a negative result for direct attribute replacement.
LLM-derived attribute vectors perform best when high-quality domain descriptions

constrain the extraction process, but they remain well below manual attributes.
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4.7.3 Implementation Details

APN experiments use the Attribute Prototype Network architecture for zero-shot
learning. The global path maps images into attribute space for classification, while
local attribute-aware prototypes identify attribute evidence within convolutional
feature maps. Training uses the standard APN losses for classification and attribute
alignment.

The CUB adaptation keeps the visual architecture and training protocol fixed
while changing only the side-information vectors. Ground-truth side information
uses CUB class attributes, either as full real-valued class-level vectors or binarised
variants. LLM-derived vectors come from four pipelines: slot filling, selecting the
correct attributes from a candidate list, extracting from encyclopaedic bird resources,
and mapping GPT-4 descriptions into the CUB attribute space. Table 4.8 reports

the best zero-shot accuracy obtained for each side-information source.

4.8 Emnhancing CLIP with GPT-4 and Visual De-

scriptions

Contrastive pre-training for large-scale vision-language models yields strong open-set
image classification performance. CLIP [1] and ALIGN [79] optimise generalisable
image-text representations from web-scale image-text pairs. Conventional super-
vised training uses a closed set of classes, whereas CLIP pre-training uses natural-
language supervision and produces a joint embedding space that is not tied to a
fixed label set. CLIP constructs a classifier by inserting the class name into a fixed
prompt template, such as “a photo of {class name}”. Prompt engineering adapts
CLIP to a target domain by modifying this template, for example “a photo of class
name, a type of bird”. Prompt engineering remains sensitive to domain expertise and
phrasing, so small changes to prompts can produce large performance differences.

Fine-grained datasets contain classes distinguished by subtle visual differences.
Strong zero-shot transfer on such datasets requires either pre-training on the specific
class with aligned textual labels or additional side information in the form of visually
descriptive text (VDT). VDT denotes sentences that describe shape, size, colour,
environment, patterns, and composition for the target class. The experiments test
whether VDT improves CLIP zero-shot accuracy relative to the standard prompt.

The first experiment uses VDT from target-domain information to construct
class-conditional prompts. The CUB evaluation uses domain-expert sentences about
bird species, available in dataset annotations.

Domain-expert annotations are costly and time-consuming. GPT-4 removes the

need to write each class-conditional visual description manually. The prompt asks
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for visual cues such as shape, colour, structure, and composition. Generated VDT
sentences are inserted into prompt ensembles, encoded with the CLIP text encoder,
and aggregated into classifiers for zero-shot classification. Prompt ensembling re-
duces sensitivity to individual prompt phrasing.

A lightweight adapter selects and aggregates the most informative LLM-generated
visual descriptions for each dataset. Few-shot adaptation is evaluated in the Base-
to-New setting, where training uses base classes, and evaluation uses novel classes

across a benchmark of 12 datasets.

4.8.1 Review of CLIP and CLIP-Adapter

CLIP pre-training aligns images and texts in a shared embedding space through con-
trastive learning. After pre-training, zero-shot image classification compares image
embeddings with text embeddings derived from class prompts, without fine-tuning

on the target dataset.

CLIP inference uses cosine similarity s(f,t) = m Given an image x €
RIXWXC where H, W, and C' denote height, width, and channel count, the vision

encoder maps the image to features f € RP. The text encoder maps the caption to
text features t € RP.

The prompt template generates one sentence for each of K classes, and the text
encoder maps these sentences to the classifier weight matrix W € RP*X | Prediction
probabilities are computed by multiplying the image feature f by W and applying
a softmax:

f = Backbone(x), pi = exp(Wi //7) (4.1)

SEexp(W] f/7)

CLIP [1] uses domain-specific prompt templates for zero-shot transfer, such as “A

photo of a class-name, a type of bird” for bird images. Prompt ensembling averages
predictions across multiple prompt variants, improving zero-shot classification ac-
curacy. VDT prompt ensembles extend this principle by adding visual descriptions
to class prompts.

CLIP-Adapter [33] applies a learnable MLP adapter to image features and/or
text features for few-shot transfer. In the few-shot setting with K classes and N
labelled images per class, the labelled set is {(x¢pn,y.)} with c € {1,..., K} and n €
{1,..., N}. The prompt template H maps a class name to a textual prompt, and the
text encoder g embeds prompts into the joint feature space. The classifier prototypes
are W = [g(H (classname.))]X . Given image features f and text features W,
adapters A4, and A; produce adapted features, for example f = f + M Ay (f) and
W =W + MA(W), where A, and A; are MLPs and \,, \; are scaling coefficients.

The hyperparameters a and  weight pretrained CLIP representations and fine-
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tuned adapter outputs to reduce overfitting in CLIP-Adapter. Logits follow Equa-
tion 4.1, and cross-entropy over the training set {(z; , ylk)}fvzf{kzl optimises A, and
Ay

The All setting evaluates few-shot transfer on a held-out split containing im-
ages from the same K classes used during training. The Base-to-New setting [2]
trains on base classes and evaluates on disjoint new classes. This setting measures

generalisation to unseen classes within the same dataset.

4.8.2 Simple Few-Shot Adapters for Visual Sentences

A simple adapter uses VDT to improve few-shot transfer with CLIP on target
datasets. Similar to CLIP-A Text, a small set of learnable parameters is appended
to the text-encoder outputs, and cross-entropy is used to train the adapter. CLIP-
A-self uses a self-attention layer over embeddings of multiple sentences for each class
and averages the resulting representations to obtain the final classification vector.

VDT-Adapter constructs M prompts by appending each GPT-generated sen-
tence t,,x for class k to the template H(classname(y; ), tm ). The CLIP text en-
coder maps these prompts to Wt ¢ RP*MXK Here H(-) denotes the prompt-
templating function, classname(-) maps a class label y; ;, to its textual name, and D
is the CLIP text-feature dimensionality.

Self-attention [14]| operates over all visually descriptive sentences. During train-
ing, attention weights select and aggregate sentences relevant to class identification.

REXMXD gerve as keys, queries, and

Sentence-level classification embeddings W* €
values for the self-attention block Bg,e. Mean pooling over the output tokens pro-

duces the per-class classification vector W* € RE*P

avgk - Zwm k> (42)

{W k}m 1= ({W k}m 1 {W k}m 1 {W k}m 1) (43)
Wa—mean,k o Z Wm ko (44)
= Wameank + (1 — )Wy k. (4.5)

The adapted classifier weights W* € RP*E agoregate the most discriminative
VDT sentences for the dataset. Equation 4.1 then gives class probabilities, and the
predicted class is the maximum-probability category.

Few-shot training optimises only the weights of B with a cross-entropy objec-

tive. All other parameters remain frozen.
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4.8.3 Experiments

The VDT study evaluates visual sentence ensembles in two settings. First, zero-shot
evaluation compares VDT prompt ensembles with default CLIP prompts across
12 benchmark datasets. Second, the few-shot Base-to-New evaluation compares

adapters that use visual prompts with other transfer methods.

Datasets

The evaluation suite contains 11 image recognition datasets from [31] and the CUB
bird species dataset [42]. The suite comprises generic object classification datasets
(ImageNet, Caltech101), fine-grained object datasets (OxfordPets, StanfordCars,
Flowers102, Food101, FGVCAircraft), SUN397 for scene recognition, UCF101 for
action recognition, DTD for texture classification, EuroSAT for satellite imagery,
and CUB for bird species identification.

VDT-Adapter zero-shot transfer evaluates all classes across datasets. In the
Base-to-New setting, VDT-Adapter follows CoCoOp [2]| and splits classes equally
into non-overlapping base and new sets. The CUB setting uses the standard 150-
base and 50-new split from the ZSL and few-shot literature. CLIP-A-self uses the

16-shot setting to facilitate comparison with prior methods.

Baselines

The zero-shot evaluation compares visual sentence ensembles with CLIP default
prompts. The CLIP prompts for each dataset are tuned on the test set in the
standard evaluation protocol.

DCLIP [80] uses GPT-3 to generate VDT for zero-shot transfer and serves as
the most direct prior baseline. CoOp [31] optimises static prompts, and CoCoOp [2]
optimises dynamic prompts for base-to-new transfer. The evaluation also includes
CLIP-A [33] because of its architectural similarity to CLIP-A-self, which isolates

gains from visual sentences rather than generic text-feature adaptation.

Training Settings

The implementation builds on the CoOp and CLIP-Adapter codebases.

All comparisons use the CLIP ViT-B/16 backbone. Reported CoOp and Co-
CoOp results for all datasets except CUB come from their respective papers. CUB
experiments follow the same practice: context length is set to 4 and context ini-
tialisation is set to “a photo of” for comparability. CLIP-Adapter experiments are
re-run on ViT-B/16 because the original paper does not report this backbone. For

all adapter models, including VDT-Adapter, only the residual ratio a is tuned.
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CLIP-Adapter uses the MLP-on-visual-encoder variant, which gives the strongest

performance.

4.8.4 GPT-Generated Visual Sentences Improve Zero-Shot

Transfer

Results in Table 4.10 indicate that the CLIP-GPT prompt ensemble outperforms
default CLIP prompts for zero-shot transfer. Average accuracy across 12 datasets
improves by approximately 2 percentage points. Gains exceed 5 percentage points
on specialised fine-grained datasets such as CUB, SUN397, EuroSAT, and DTD, and
exceed 2 percentage points on Oxford Flowers and Oxford Pets. Default class-name
prompts provide insufficient semantic coverage across several datasets, whereas vi-
sually descriptive sentences yield stronger text classifiers. ImageNet and Caltech101
also improve by more than 4 and 1 percentage points, respectively. Transfer per-
formance matches CLIP on most of the remaining datasets, except for UCF101.
Inspection of generated UCF101 sentences indicates that several descriptions con-
tain temporal rather than purely visual information, which likely explains the drop.
A prior study defines a six-dataset subset for the ViT-B/16 encoder [80]. On this
subset, GPT-4-generated VDT yields larger improvements than GPT-3-generated
VDT on specialised datasets such as DTD and EuroSAT.

Table 4.9: Zero-shot top-1 accuracy (%) with Large Language Model generated Visually
Descriptive Text (VDT) on six datasets, compared with prior methods. VDT generated
by GPT-4 yields higher accuracy than VDT generated by GPT-3 on specialised datasets
such as DTD, Oxford Pets, and EuroSAT.

Methods ~ EuroSAT Food101 DTD O;ii;d CUB ImageNet | Average

CLIP 47.69 85.97 43.09  89.07  54.70 64.51 64.17
DCLIP [80] 48.82 88.50 45.59 86.92 57.75 68.03 65.93
CLIP-GPT 54.86 86.43  50.15 91.54 57.43 68.92 68.21

Table 4.10: Results of zero-shot transfer on 12 datasets with ViT-B/16.

Oxford FGVC Oxford  Stanford

Methods  EuroSAT Caltech101 Flowers Food101 Aircraft DTD DPots Cars Sun397 UCF101 CUB ImageNet | Average
CLIP 47.69 93.75 70.69 85.97 24.81  43.09 89.07 65.55 62.61 67.54  54.70 64.51 64.16
CLIP-GPT 54.86 94.51 73.40 86.43 23.42 50.15 91.54 65.01 67.24 65.51 57.43 68.90 66.53

Across the zero-shot CLIP-GPT experiments, GPT-generated visual descriptions
improve default CLIP prompts on average, with larger gains on several specialised

datasets. The lower results on the exception datasets coincide with descriptions that
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emphasise temporal or contextual information rather than visually discriminative

properties.

4.8.5 GPT-Adapters Improve Few-Shot Transfer Performance

Table 4.11 contains Base-to-New results for CLIP-A-self, CLIP, CoOp, and CoCoOp
across 12 datasets. CLIP-A-self improves new-class accuracy over CoCoOp by 3
percentage points on average while maintaining base-class performance comparable
to CoOp. CoCoOp uses a meta-network and an additional text-encoder forward
pass, which increases training cost. On 16-shot ImageNet with ViT-B/16, CoCoOp
requires up to 5 hours of training, whereas CLIP-A-self trains in about 10 minutes
on an RTX 3090 GPU. Base-to-New generalisation is particularly strong on fine-
grained and specialised datasets, with harmonic-mean gains on FGVC-Aircraft (~
7.5%), EuroSAT (~ 7.4%), DTD (~ 5.8%), CUB (~ 4.3%), Flowers-102 (~ 4%),
Stanford-Cars (~ 2.4%), and UCF101 (~ 2.4%). The reported gains show that

VDT contributes useful side information in this few-shot transfer setting.

Table 4.11: Comparison of CLIP-A-self against CLIP, CoOp, and CoCoOp under the
Base-to-New generalisation setting. For prompt-learning methods (CoOp and CoCoOp),
prompts are learned from base classes in the 16-shot setting. Base and New report average
top-1 accuracy on base and novel classes, respectively; H denotes the harmonic mean.

Base New H

CLIP 68.45 73.89 | 71.05
CoOp 82.39 62.39 | 70.99
CoCoOp 79.35 T71.89 | 75.37
CLIP-A 78.90 7214 | 75.07
CLIP-A-self 82.12 74.20 | 77.78

CLIP-GPT zero-shot ensembles underperform the default CLIP prompt on FGVC-
Aircraft, UCF101, and Stanford Cars. CLIP-A-self nevertheless outperforms CLIP-
A and CoCoOp on these datasets in the few-shot transfer setting. Few-shot training
optimises the self-attention mechanism to weight the most relevant VDT sentences,
producing classifiers that transfer better to new classes.

The adapter results are strongest when a lightweight learned module selects

among the generated descriptions instead of weighting every sentence equally.

4.8.6 Ablation Over Different GPT Models

OpenAssistant [81] and GPT-3.5 are evaluated against GPT-4 for VDT genera-
tion on CUB. Results in Table 4.12 indicate that performance improves with larger

models. YuKoLA [82] associates larger language models with more accurate class
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information and fewer hallucinations. OpenAssistant performs reasonably but pro-
duces inconsistent, noisy output that requires substantial post-processing. GPT-3.5
and GPT-4 produce concise dictionary-style sentences.

VDT-Adapter remains robust to noisy VDT side information. Base-to-New gen-
eralisation with OpenAssistant and GPT-3.5 approaches the GPT-4 result.

The ablation indicates that model quality affects zero-shot VDT generation, but
the adapter reduces sensitivity to the exact choice of generator once descriptions

contain sufficient visual signal.

Table 4.12: Comparison of GPT models for generating VDT side information. Larger
models yield higher-quality VDT side information, but CLIP-A-self produces generalisable
classifiers with smaller models, such as OpenAssistant. Default uses no side information.
7S denotes zero-shot accuracy; Base and New denote the seen and novel class splits; H
denotes their harmonic mean.

Prompting ZS Base New H
Default 54.7 NA NA NA
OpenAssistant | 56.0 78.3 69.8 73.80
GPT-3.5 55.7 781 70.6 74.16
GPT-4 57.4 78.6 T71.3 74.77

Language Model Prompt Design

Prompt design experiments evaluate which information improves CLIP zero-shot
domain transfer when appended to the class prompt.

CLIP [1] uses prompt design and prompt ensembling to improve zero-shot classi-
fication. Prompt ensembling aggregates predictions across multiple prompt variants
to reduce variance. The CUB experiment compares visual and non-visual prompt
ensembles using expert annotations. Zero-shot classification evaluates recognition
without any class-specific training images.

Visual prompts use class-attribute vectors that describe colour, pattern, shape,
and related properties for 28 annotated bird parts, yielding 312 attribute scores per
class. The procedure selects the most salient attribute-value pair for each part to
construct 28 Visual-GT prompts, such as “A photo of a Green Heron. The Green
Heron has a greenish-black crown.” Non-Visual-G'T prompts use domain knowledge
about vocalisations, migration, behaviour, and habitat, such as “A photo of a Green
Heron. The Green Heron’s call is a loud, harsh skeow.”

The approach derives classification vectors for Visual-GT and Non-Visual-GT
by averaging class-level sentence embeddings within the CLIP joint embedding space

while respecting the 77-token limit of the text encoder. Results in Table 4.13 indicate
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no improvement from Non-Visual-GT prompts relative to the default prompt, but

Visual-GT improves accuracy by 4 percentage points.

Table 4.13: Comparison of visual and non-visual prompt ensembles for zero-shot domain
transfer on the CUB dataset (Caltech-UCSD Birds-200-2011). GT denotes ground-truth
class names; GPT denotes LLM-generated prompts.

Prompting Default Non-visual-GT Visual-GT Visual-GPT
Accuracy 54.7 53.0 57.7 57.4

Expert VDT improves CLIP zero-shot performance, but expert annotation does
not scale easily. GPT language models enable scalable prompt generation through
large-scale text pretraining and flexible instruction-following. GPT-4 generates vi-
sual descriptions for a target dataset, which then form prompt ensembles for CLIP.

Chain-of-thought prompting [83] motivates a two-stage generation strategy. First,
the prompt asks for attributes needed to discriminate images among the K target
classes. Second, the prompt asks for natural-language values of those attributes for
every class.

Accuracy in the final row of Table 4.13 indicates that GPT-4-generated visual
descriptions achieve performance comparable to expert-derived class-attribute de-
scriptions. Across the benchmark suite, the procedure generates visually descriptive
sentences in a scalable manner and uses them to construct prompt ensembles. A
class-attribute vector denotes a set of human-annotated semantic properties for a
class, and a prompt ensemble denotes a collection of prompts whose scores are ag-

gregated for robustness.

4.9 Discussion and Summary

4.9.1 What Determines Whether Side Information Transfers

The experiments separate three properties that are often grouped together under
“better text”: the information in a description, the encoder that converts it to a vec-
tor, and the mechanism that aligns that vector with images. The results show that
all three matter. Generated definitions can improve WordNet- or CLIP-graph agree-
ment without improving image classification, because an intrinsically coherent text
neighbourhood need not match the decision boundaries of the visual representation.
Conversely, a short CLIP prompt can outperform a richer language-only description
when its embedding already occupies a space trained jointly with images.

The CUB experiments make the role of representation format especially clear.
CADA-VAE and APN were designed to consume consistent class-level attributes.
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Full CUB vectors encode many complementary properties with a stable ordering and
scale. Free-form generated descriptions may contain correct facts, but converting
them into a small or noisy set of attribute slots removes information and changes the
input distribution expected by these models. This explains why generated text can
be useful yet remain below the full ground-truth attribute baseline. The limitation is
not simply that the descriptions are too short or too long; it is that their information
must be expressed in the form used by the downstream model.

VDT-Adapter provides the contrasting positive case. Its generated descriptions
are encoded by CLIP, so text and images already share a multimodal representa-
tion, and the lightweight adapter can select among several candidate descriptions
using labelled base-class examples. The method does not require generated prose
to imitate a 312-dimensional expert attribute vector. It uses the prose in the form
for which CLIP was trained, then learns which descriptions help the target task.
Across the chapter, generated side information is therefore most effective when the
encoder and downstream method preserve its visual content, rather than when text
is treated as a direct substitute for any existing semantic input.

The four evaluations answer different questions. MinilmageNet tests whether
projected text prototypes support recognition of unseen classes. CADA-VAE and
APN test whether generated side information can replace CUB’s expert attribute
vectors. VDT-Adapter tests whether selecting from several generated descriptions
can improve a CLIP classifier after adaptation. Together, the results show that
generated text is most useful when the recognition method is designed to work with
text, and is less effective when it must imitate structured expert attributes.

MinilmageNet and CUB results support three main observations. First, semantic-
prior quality depends strongly on alignment between the text embedding and the
visual domain, as seen with CLIP, and on prompt specificity, as seen with refined
label phrases and ChatGPT captions. Second, definitions, captions, and attribute
lists improve semantic graphs in truthfulness experiments, and some gains transfer
to downstream image recognition. Third, experiments with CLIP-GPT prompts and
VDT-Adapter indicate that visually descriptive sentences from a language model can
strengthen CLIP-based zero-shot and few-shot transfer when used through prompt
ensembles and a lightweight adapter. Naive LLM outputs can still reduce perfor-
mance, especially in generalised ZSL settings.

Text-only resources improve prototype geometry, but the largest recognition
gains occur when generated visual descriptions are encoded by CLIP and selected
by VDT-Adapter. Text-only embeddings do not replace the benefit of image-text
pre-training.

LLM-generated side information improves CLIP prompts and VDT-Adapter, but
it does not outperform full CUB ground-truth attributes.
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Chapter 5

Spatial-Semantic Alignment for

Fine-Grained Classification

5.1 Introduction

Large vision-language models, such as Contrastive Language-Image Pre-training
(CLIP), align visual and textual features in a shared embedding space. These models
achieve strong performance across a broad range of object recognition tasks. Still,
accuracy drops for fine-grained classification tasks, such as bird species identification
in the Caltech-UCSD Birds 200 (CUB) dataset [42|. Fine-grained tasks depend on
local, specific parts such as beak shape or wing pattern.

Chapter 4 introduced the Visually Descriptive Text Adapter (VDT-Adapter).
VDT-Adapter adapts a vision-language model to a downstream task by adding
lightweight learnable modules on top of global image embeddings. Specifically, it
uses a large language model (GPT-4) to generate multiple visually descriptive sen-
tences for each class, encodes these sentences with the CLIP text encoder, and
applies a self-attention adapter to aggregate them into class prototypes. This de-
sign works well across several low-shot benchmarks, but the global pooling step acts
as an information bottleneck, discarding spatial detail. Spatial detail may help to

separate fine-grained classes that differ only in localised attributes.

Large language models such as GPT-4 [73]| can generate detailed, part-level de-
scriptions for fine-grained categories. We test whether aligning image patches with
part-level descriptions improves transfer to unseen classes. For example, suppose
training encourages the embedding of a patch that covers a beak to move closer to
the text description “short, conical, black beak”. In that case, the representation
may generalise better to new classes.

In this chapter, we investigate whether aligning spatial visual features with part-

level text descriptions can improve spatial transfer (the ability to generalise spatial
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and part-level representations learned on base classes to unseen new classes). We

pursue two complementary directions:

1. Training-free interventions. These methods keep CLIP parameters fixed.
Visual prompting (see Section 2.8.2 for background), inference-time attention
modifications based on CLIP Surgery [21], and refinement of text prompts

using a large language model are evaluated.

2. Trainable spatial-semantic alignment. In these methods, a spatial adapter
is added on top of the CLIP patch tokens. The adapter is trained with fine-
grained supervision objectives that map image parts to part descriptions gen-
erated by a large language model. Objectives range from simple contrastive
losses to classification tasks in which the correct part description must be

selected from a pool of candidates across all classes.

The experiments in this chapter support one main conclusion: the tested con-
trastive embedding methods do not yield effective spatial transfer in the low-shot
fine-grained setting. Visual prompting and text refinement often reduce accuracy.
Direct training for part—text alignment improves the local objective on base classes,
but does not improve recognition of new classes. The analysis identifies limited
separation between fine-grained descriptions in the CLIP text embedding space as
one possible constraint. Some linguistically distinct descriptions map to vectors
with small angular margins, which weakens the supervision available for learning

transferable local features.

5.2 Methodology

We adopt a few-shot transfer learning setup on the CUB dataset. In K-shot learning,
the model receives K labelled examples per class during training. The dataset is
partitioned into base classes, which the model uses for training, and new classes,
which are held out entirely for evaluation. The goal is to learn a classifier from base
classes that generalises to new classes. This base-to-new split follows the protocol
in Chapter 4 and allows direct comparison across chapters.

The remainder of this chapter is organised as follows. Section 5.2.1 describes
training-free interventions, 7.e. no adapter training, and Section 5.2.2 introduces

trainable spatial adapters and the methods used to supervise part—text alignment.

5.2.1 Training-Free Interventions

Before introducing new trainable components, we test whether a frozen CLIP model

already encodes useful fine-grained information that simple interventions can use.
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We consider three categories of intervention: visual prompting (modifying the input
image), text refinement (modifying the class descriptions), and attention modifica-

tion (changing how internal representations are aggregated during inference).

Visual Prompting

We first test whether simple changes to the input image can emphasise relevant
anatomy. As discussed in Section 2.8.2, drawing a red circle around an object
can increase the contribution of that region to CLIP’s image-text similarity while
preserving global context, achieving strong results on referring expression compre-
hension [18|. The hypothesis here is that CLIP may already encode fine-grained
part information, but global pooling of the spatial embeddings dilutes it. Encircling
the relevant region could increase the influence of local fine-grained details.

We apply image-level augmentations based on ground-truth part bounding boxes:

¢ Red bounding box. We draw a red box around anatomical regions such as

the head or wing, following the visual prompting approach in [18|.

e Background blurring. We blur image regions outside the target part, fol-
lowing the Fine-Grained Visual Prompting (FGVP) framework [52]. FGVP
demonstrates that blurring regions outside a target mask outperforms coarser
visual prompts such as coloured boxes or circles. The blur operation reduces
reliance on weakly related pixels while preserving spatial coherence between
the target region and its surrounding context. This approach outperforms prior
visual prompting methods by 3-5 percentage points on average in referring ex-
pression comprehension [52]. We evaluate this technique on fine-grained bird
classification by using ground-truth part annotations from the CUB dataset

to define the non-blurred regions. See an example in Figure 5.1.

Language Model Guided Text Refinement

We also test whether refining the text prompts can improve zero-shot classification.
In zero-shot classification, the model receives no labelled training examples for the
target classes; instead, it relies solely on class names or descriptions encoded by the
text encoder. We use a large language model to generate these descriptions and
then feed the refined text into CLIP:

e Content word filtering. We strip each description to its core nouns and

adjectives to remove stopwords that do not change the meaning.

e Language model weighting. We assign weights to specific parts, for exam-
ple, a higher weight for the beak, based on language model analysis of easily

confused species-pairs.
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Visual Prompting Examples

Beak: Blur bounding box (x% width) Beak: Blur bounding box (Relative width) Beak: Red bounding box

Figure 5.1: Visual prompting examples corresponding to the interventions in Table 5.1.
The left panel shows background blurring, with only a small beak-centred, fixed-width
bounding box remaining sharp. The middle panel shows the relative-width background-
blur condition, in which a slightly larger beak-centred bounding box remains sharp. The
right panel shows the unblurred image with a tighter red bounding box for the beak.
Ground-truth part coordinates from the CUB dataset define the target regions, following
the FGVP approach [52].

CLIP Surgery at Inference Time

Finally, we explore CLIP Surgery [21], which modifies the attention mechanism in
the Vision Transformer backbone.

In a standard Vision Transformer, the image is divided into patches, each of
which is encoded as a token. A special [CLS] (class) token is prepended to the
sequence; after passing through multiple transformer layers, this token aggregates
information from all patches and serves as the global image representation. Ag-
gregation occurs through the self-attention mechanism, which computes attention
weights from query and key projections of each token. The [CLS] token’s query
attends to patch keys, producing a weighted sum of patch values. This query—key
interaction can smooth out local details, because globally salient regions dominate
attention weights.

CLIP Surgery replaces query—key interactions in the final transformer layers
with value—value interactions. Instead of computing where to attend (query—key),
the method directly compares token contents (value-value). This design aims to
preserve spatial distinctiveness by reducing the smoothing effect of learned attention
patterns.

We integrate CLIP Surgery into a two-stage inference pipeline:

1. Global stage. We use CLIP global features to retrieve the top K candidate

classes for each image. This step filters the label space based on coarse global
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features.

2. Local stage. We re-rank these K candidates based on the alignment between
spatial patch tokens (from CLIP Surgery) and part descriptions. Re-ranking
allows fine-grained details to change the final prediction order (most likely

based on the highest cosine similarity first).

Actual: Glaucous Winged Gull Top 5 CUB Species Matches

California Gull
Western Gull
Heermann Gull

Glaucous winged Gull

Herring Gull
I T T T T
0.0 0.1 0.2 0.3 0.4
Similarity Score
California Gull Western Gull Heermann Gull Glaucous winged Gull Herring Gull

%‘

Figure 5.2: Fine-grained classification challenge on the CUB dataset. Top left: A
Glaucous-winged Gull image. Top right: CLIP’s top-5 predictions by similarity score,
with California Gull ranked highest despite being incorrect. Bottom: Example images
from each of the top-5 candidate species, illustrating their visual similarity. All five species
share similar body shape, colouration, and posture, differing primarily in subtle details
such as wingtip pattern, bill markings, and eye colour.

Figure 5.2 visualises the first stage of the two-stage inference pipeline. Although
CLIP’s global features misrank the correct species (Glaucous-winged Gull appears
fourth), it successfully retrieves a shortlist of visually similar candidates across all
200 classes in the CUB dataset. We therefore use global CLIP embeddings to retrieve
candidates and part-level scores to re-rank them. If a part-level classifier could
reliably distinguish bill colour or wingtip pattern, for example, it could re-rank the

candidates to place the correct class at the top.

5.2.2 Trainable Spatial Architecture

The training-free interventions above do not require parameter updates but cannot
learn task-specific representations. We now introduce trainable components that
extend the VDT-Adapter framework to exploit spatial information. The backbone

remains a frozen CLIP ViT-B/16, and we augment it with learnable spatial adapters.
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5.2.3 Visual Stream with Spatial Tokens

The CLIP image encoder (ViT-B/16) processes a 224 x 224 image by dividing it into a
grid of 16 x 16 pixel patches, resulting in a sequence of N = 196 patch tokens (14 x 14
grid) plus a special class token. The internal Vision Transformer width is 768.
After the final layer normalisation, the implementation applies CLIP’s learned visual
projection to each retained token, mapping the 768-dimensional transformer states
into the 512-dimensional joint image-text space. Let d = 512 denote this projected
dimension. Each projected patch token z; € R? encodes the visual content of patch

i, and 2y, € R? is the projected class token that aggregates global information:

197xd
Z = [chsyzlv s 72196] eR

Standard adaptation methods (including the VDT-Adapter) use only the global
zqs token, which aggregates information from the entire image. This aggregation
acts as an information bottleneck: although the 196 patch tokens preserve spatial
layout and local texture, the single 2., vector cannot represent all this detail. Fine-
grained distinctions (e.g. whether a breast is spotted or streaked) may be lost
in this representation. To recover spatial information, our modified architecture
extracts the full sequence of spatial tokens zi,..., 2y before global pooling. We
introduce a Visual Adapter (a lightweight self-attention mechanism) that operates
on these spatial tokens to produce adapted features Zspatwl, preserving the spatial

grid structure.

Fine-grained supervision requires mapping image regions to part descriptions,
but part visibility varies across images: some images show only the head and back,
while others reveal legs or tail. This variability complicates standard batch process-

ing, which expects a fixed number of part—text pairs per image.

Using ground-truth part coordinates, we extract only the visible body parts
for each image. For a visible part (e.g., “head”), we identify which patches cover
that region. For instance, in Figure 5.3, the red annotation points mark the head
locations labelled by the human annotator. The original ground truth data contains
many body part annotations (e.g. eyes, crown, head, feet, etc.) that we roll up
into six primary body parts. We select all spatial patch embeddings that contain
point annotations. We average these patch embeddings to form a single visual part
vector per primary part Zpe,q (in this case, multiple patches covering the bird’s head
region), which we then pair with the corresponding text embedding for contrastive

training. This ensures that the loss is calculated only on valid, visible regions.
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Part annotations

Figure 5.3: Visualisation of the packing mechanism. The image shows a bird from the
CUB dataset with a 14x14 patch grid overlay. Coloured circles indicate ground-truth part
locations (beak, head, body, wings, tail, legs). Light grey regions highlight patches selected
for each visible part. Black boundary lines mark patch edges. The mechanism extracts
only patches covering visible anatomical regions, ensuring contrastive training uses valid
spatial correspondences.
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5.2.4 Adapter Architectures

To modify both text and visual features, we employ two types of lightweight adapter
modules. Recall that d = 512 is the CLIP embedding dimension for ViT-B/16.

e Linear Adapter. A two-layer MLP with a bottleneck: the input dimension
d is projected down to d/4 = 128, passed through ReLU activation, and pro-
jected back to d. This adapter is applied to global text embeddings to adapt
them to the target domain while preserving the semantic structure of the CLIP

space.

e Self-Attention Adapter. This module wraps a multi-head attention block.
It accepts a sequence of embeddings (either text descriptions or spatial visual
tokens) and returns a sequence of the same shape. The adapter includes a
residual interpolation parameter v € [0, 1] that blends the attention output

with the original input:

2:7'fattn(z)+(1_’}/)'z7

where f,:n denotes the attention transformation. When v = 0, the adapter
has no effect; when v = 1, the output is fully determined by the attention
block. Intermediate values allow the model to blend learned and pre-trained

representations.

In our spatial alignment experiments, we use the Self-Attention Adapter on the
visual side. It operates on the N = 196 spatial tokens extracted from the CLIP vision
transformer. The adapter applies self-attention to these tokens and then averages
the results to produce a spatially aware global feature. This allows the model to
learn a pooling strategy optimised to align with GPT-4 text descriptions, rather
than relying on the fixed global pooling used in the original CLIP architecture.

5.2.5 Spatial Alignment Objectives

We introduce a fine-grained loss Ly, to enforce local semantic consistency between
visual patches and part descriptions. Let z, € R? denote the visual embedding for
part p (obtained by averaging the relevant patch embeddings), and let ¢., € R?
denote the text embedding for the description of part p in class ¢. The fine-grained

contrastive loss is:

1 exp(Zp - tep/T)
= —— 1 : 1
Efg Z Og ZC, exp(ip . tc/7p/7—)7 (5 )
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where P is the set of visible parts in the batch, 7 is a temperature parameter, and
the sum in the denominator runs over all classes ¢’ that have a description for part
P.

The experiments also explore Supervised Contrastive Loss (SupCon) |7] as an
alternative. Unlike the standard CLIP loss, which treats each image-text pair as a
unique class within a batch, SupCon uses class labels to pull together all embeddings
(image and text) belonging to the same class while pushing apart those from different
classes. This builds richer positive sets and may improve clustering of fine-grained

concepts.

In our primary configuration, we minimise the contrastive loss between each
visual part embedding Z, and its corresponding text embedding ¢.,. This treats the
problem as a local alignment task: the visual “beak” region should align with the

text “short conical beak,” regardless of which other parts are visible.

Standard contrastive learning often relies on easy negatives, for example, distin-
guishing a beak from a wing, which differ obviously in texture. Fine-grained clas-
sification, however, requires distinguishing subtle variations within the same part
category. To enforce this harder objective, we formulate an all-parts classification
task: the correct description for part p must be selected from a candidate pool con-
taining the unique descriptions of that part from all classes in the dataset. This
objective requires distinguishing between “short conical beak” (Sparrow) and “long

curved beak” (Curlew), thereby providing hard negative supervision.

We combine the global and fine-grained objectives:

L= (1 — /\)[,fg + Aﬁglobal (52)

Here, Lgopar is the standard cross-entropy loss over class logits used by VDT-
Adapter (i.e., the negative log-likelihood of the correct class given the softmax over
image—text similarities), and A € [0, 1] controls the trade-off between global and
fine-grained supervision. When A = 1, the model uses only global supervision; when

A = 0, it uses only fine-grained supervision.

5.3 Experiments and Results

We present results on the CUB dataset. For trainable methods, we use a 16-shot
protocol: the model learns from 16 labelled examples per class during training. For
zero-shot and inference-time interventions, we evaluate on the full test set without

any training examples.
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5.3.1 Training-Free Intervention Results

This subsection evaluates the training-free interventions from Section 5.2.1. We first

test whether simple input manipulations can improve the CLIP zero-shot baseline
of 55.25% accuracy on CUB.

5.3.2 Visual Prompting and Text Refinement

Table 5.1 summarises the effect of visual prompting and text refinement. Visual
prompting consistently reduces performance. Drawing attention to parts via red
boxes yields accuracies around 50%, which is lower than the baseline. The lower
accuracy shows that, in this setting, the artificial markers disrupt CLIP’s pre-trained
image representation rather than directing it usefully to the selected part.

Background blurring causes a larger drop, to 36.67% accuracy. This result shows
that CLIP depends on the unmodified global image context for fine-grained zero-shot
recognition on CUB.

Text refinement produces a similar pattern. Removing bird names (Row 6 in
Table 5.1) reduces accuracy to 7.36%. The large drop shows that class names con-
tribute substantially in this prompt configuration; it does not establish how CLIP
uses the remaining descriptive attributes. Language-model-based weighting of parts
also fails to outperform simple averaging. Neither the tested visual modifications

nor the tested text refinements improve the strongest zero-shot baseline on CUB.

Table 5.1: Zero-shot performance with visual prompting and textual interventions. Visual
prompting reduces performance, and removing class names leads to low accuracy.

Ref Method Accuracy (%)
1 Baseline: CLIP Zero-shot 55.25

2 Baseline: Avg of GPT sentences 57.60
Visual Prompting

3 Red bounding box (20% width) + GPT sentence parts 50.52

4 Blur bounding box (20% width) + GPT sentence parts 45.74

5 Blur bounding box (Relative width) + GPT sentence parts 36.67
Textual Ablations

6 Avg of GPT sentences (names removed) 7.36

7 LLM Weighting (Median weights) 29.36

5.3.3 Inference-Time CLIP Surgery

We evaluate CLIP Surgery to test whether improved attention preservation helps

fine-grained recognition. Table 5.2 shows that CLIP Surgery maintains the global
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zero-shot baseline at about 55% accuracy. In contrast, relying on part-based align-
ment alone (o = 0) yields only 9.01% accuracy. This result is comparable to the
7.36% accuracy obtained when removing class names from text prompts (Row 6 in
Table 5.1). Both of the latter experiments lack class-level supervision and fall far
short of the baseline that uses class names. The spatial similarity signal from CLIP
Surgery alone is too weak to serve as a standalone classifier.

Blending the fine-grained score with the global score through margin gating
(i.e. the two-stage pipeline) achieves 58.26% accuracy, nearly matching the VDT-
Adapter zero-shot baseline of 58.41%. The fine-grained spatial score does not provide
additional information to correct global errors; it mainly adds noise or simply repeats

the global prediction.

Table 5.2: Inference-time spatial-semantic alignment results with CLIP Surgery.

Method Accuracy (%)
CLIP Zero-shot 55.33
VDT-Adapter ZS (Baseline) 58.41
Pure Part-Based Inference

CLIP-Surgery (Spatial & Text Tokens) 9.01
CLIP-Surgery (Top-5 Re-ranking Only) 34.85
Blended Inference

Weighted Tokens (o = 0.9) 55.64
Margin Gating (threshold 0.1) 58.26

5.3.4 Trainable Spatial Alignment Results

We evaluate trainable adapters with spatial losses to test whether learned part—text

alignment improves upon the global baseline.

Impact of Spatial Loss Weighting

We first investigate adding a spatial alignment loss to the frozen vision backbone,
without yet introducing a trainable vision adapter. In this setting, we train only the
text adapter but regularise learning with a CLIP-style contrastive loss between the
fixed spatial tokens and the adapted text descriptions.

We parameterise this experiment with A from Equation 5.2. When \ = 1, the
model uses only global cross-entropy (the baseline); lower values of A increase the
relative weight of the spatial alignment term.

Table 5.3 summarises the results. The baseline (A = 1.0, no spatial loss) achieves

77.8% on base classes and 61.6% on new classes. Introducing a modest spatial
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alignment term (A = 0.4) yields minor but consistent improvements, raising base
accuracy to 79.4% and new accuracy to 62.6%. However, relying solely on spatial loss
(A = 0.0) leads to model collapse: accuracy drops to 1% across both splits. Collapse
occurs because the spatial loss alone encourages part-text alignment but does not
directly supervise class predictions, so the model fails to learn class-discriminative

features.

Table 5.3: Effect of spatial loss weighting A on base and new class accuracy (frozen vision
encoder). A = 1.0 corresponds to the baseline (no spatial loss). Lower X increases the
weight of the spatial alignment term.

Spatial Loss Weight (\) Base Acc (%) New Acc (%)

1.0 (Baseline) 77.8 61.6
0.5 78.6 62.5
0.4 79.4 62.6
0.0 (Pure Spatial Loss) 1.0 1.0

We also observe that the language adapter is critical. Configurations that remove
the language adapter and rely solely on the vision adapter with spatial loss fail to
recover strong classification performance, confirming that the language adapter is

essential for adapting the CLIP text space to the fine-grained bird taxonomy.

The Trade-Off Between Base and New Accuracy

Table 5.4 presents the performance of spatial losses in combination with the global
VDT-Adapter. The baseline VDT-Adapter reaches 77.8% accuracy on base classes
and 61.6% on new classes.

When a vision adapter is trained only with the spatial loss (Row 4), base accuracy
drops to 61.0%, while new accuracy rises to 73.0%. The two metrics therefore move
in opposite directions in this configuration. Joint losses with moderate spatial weight
(A = 0.4-0.5) give small improvements on both base and new classes in the reported

runs.

Table 5.4: Comparison of global and spatial alignment objectives (16-shot). Base refers
to seen classes, and New refers to unseen classes.

Method Base Acc (%) New Acc (%)
VDT-Adapter (Global Baseline) 77.8 61.6
+ Spatial CLIP Loss (A = 0.5) 78.6 62.5
+ Spatial CLIP Loss (A = 0.4) 79.4 62.6
Vision Adapter + Spatial Loss Only 61.0 73.0
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5.3.5 Ablation Studies

We perform detailed ablations to understand the architectural and data factors

limiting performance.

Adapter Architecture: MLP vs. Self-Attention

In the fine-grained alignment experiments, the choice of adapter architecture signif-
icantly affects how well the training data can be fitted. We compared Self-Attention
adapters against Multi-Layer Perceptron (MLP) adapters for the task of aligning

spatial patches to part descriptions.

e Self-Attention Adapters: Self-Attention adapters did not fit the training
set closely, saturating at approximately 20-30% fine-grained training accuracy.
We hypothesise that optimisation is more difficult for Self-Attention adapters

in this low-data regime, though we did not conduct a detailed analysis.

e MLP Adapters: In contrast, simple MLP adapters operating on each token
independently proved much easier to train. With sufficient depth (3 layers) and
width, MLP adapters achieved > 98% fine-grained accuracy on the training

set.

The MLP has enough capacity to fit the training pairs, while the lower test accuracy
shows that this fit does not transfer to the test data (test accuracy saturated around

70%).

Integration of Spatial Features

We investigate how best to combine the learned spatial features with the pre-trained
global CLIP representation. We compare three strategies for constructing the final

image embedding;:

1. Replacement: Discarding the CLIP CLS token and using only the averaged
output of the spatial adapter.

2. Pooling: Including the CLS token in the spatial adapter’s input pool.

3. Residual: Keeping the frozen CLIP CLS token and adding the averaged

output of the spatial adapter as a residual correction.

The Residual configuration outperformed the others, particularly on new classes
(achieving ~ 68.8% accuracy compared to ~ 58% for replacement strategies in
comparable runs). In these runs, retaining the frozen global CLS token gives higher
new-class accuracy than replacing it, while adding the spatial output as a residual

performs best among the three tested integration strategies.
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Impact of Cropping

Finally, we evaluated the baseline VDT-Adapter’s sensitivity to input preprocessing.
Standard random resized cropping reduces base accuracy from ~ 78% (uncropped)
to ~ 68% (cropped). Cropping changes the visible context, object scale, and image
statistics together, so this experiment does not identify which change accounts for

the lower accuracy.

5.4 Discussion

The experiments show that a straightforward spatial task can be defined and fitted
by an adapter using base classes. However, this fit does not translate to better

recognition of unseen classes. Two observations are relevant to this gap.

5.4.1 Limited Separation Between Text Embeddings

In probing experiments conducted as part of this study, we computed pairwise co-
sine similarities between CLIP embeddings of GPT-4-generated part descriptions.
Some linguistically distinct descriptions (e.g., “brown with black bars” vs “streaked
brown upperparts”) have cosine similarities above 0.95. Table 5.5 reports the broader
CLIP-LabelText distribution, with a mean pairwise similarity of 0.62, a standard de-
viation of 0.11, and a 90th percentile of 0.74. For the fine-grained bird descriptions,

similarity values often exceed 0.90.

Table 5.5: Summary statistics of pairwise cosine similarity for CLIP text embeddings.
Fine-grained bird descriptions cluster tightly in embedding space.

Embedding Dim Mean Std P50 P90 Max
CLIP-LabelText 512 0.624 0.110 0.649 0.737 0.942

These high similarities leave small angular margins between some part descrip-
tions. In the tested contrastive objective, such margins provide less separation be-

tween candidate text targets and may make part-level discrimination more difficult.

5.4.2 Diffuse Patch—Token Similarity

In the inspected CLIP Surgery maps, activations associated with one annotated
part sometimes extend into nearby regions with similar texture. This qualitative
observation motivates the denser comparison below but does not establish a general

limitation of contrastive models.
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To investigate the lack of fine-grained alignment, we visualise dense, scaled simi-
larity maps between projected image patches and text tokens. The displayed values
are CLIP similarity logits: the cosine similarities after normalisation, multiplied by
the scale used in the visualisation. They are therefore not raw cosine values, which
must lie between —1 and 1. Figure 5.4 shows the scores between patches covering
the head region (rows) and individual text tokens from the description “black with
purplish blue sheen, red facial skin and small crest” (columns). The orange boxes

highlight semantically meaningful colour tokens: “black” and “red”.

Bird Parts by Patch Number

CLIP

Similarity Matrix (‘head' Patches vs. Text Tokens)

head (18)

head (19)

head (20)

Similarity Score

head (34)

Image Patches for 'head' (5 total)

head (35)

[E0S]

Text Tokens for head

Figure 5.4: Dense scaled-similarity map for standard CLIP. Left: A random bird image
from the CUB dataset with a synthetically modified red head. The image has a 14 x 14
patch grid overlay depicting the spatial token boundaries from the CLIP vision trans-
former. Coloured regions indicate ground-truth part annotations (beak in red, head in
blue, body in green, wings in purple, legs in orange, tail in yellow). Right: Scaled similar-
ity logits between the five head patches (rows) and text tokens from the head description
(columns). Orange boxes highlight the “black” and “red” tokens. All head patches show
similar activation patterns across tokens, indicating that CLIP does not localise colour-
specific information to the patches that actually contain those colours.

In standard CLIP (Figure 5.4), all five head patches exhibit similar similarity
profiles across text tokens. The “black” token (left orange box) activates moderately
across all patches, as does the “red” token (right orange box), although the head
has been modified to be red. For this example, the five selected head patches have
similar profiles across text tokens and provide little evidence of patch-specific colour
separation within the selected head region.

Figure 5.5 shows the same analysis using CLIP Surgery on the synthetically
modified image. With CLIP Surgery, the “red” token activates more strongly over
the modified head patches and the “black” token weakens. The displayed scaled sim-
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Figure 5.5: Dense scaled-similarity map for CLIP Surgery on the same synthetically
modified image. The orange boxes again highlight the “black” and “red” tokens. Relative
to standard CLIP (Figure 5.4), the “red” token has higher scores across the artificially
reddened head patches, while the “black” token scores are lower. This example shows
greater colour-token differentiation after CLIP Surgery on the synthetic modification.

ilarity logits also rise from approximately 22 to 30; these values should be compared
within the map and not interpreted as raw cosine similarities. We therefore tested
whether this effect improves fine-grained classification.

Figure 5.6 provides a direct side-by-side comparison of CLIP and CLIP Surgery
similarity maps on an unmodified natural image from the CUB dataset. The orange
boxes highlight the initial colour description tokens. In standard CLIP (left), the
activation pattern is relatively uniform: all head patches respond similarly to the
sequence “black with purplish...”. In CLIP Surgery (right), the pattern is marginally
more structured, with head patch 18 showing slightly stronger activation for “black”
and “with”. The difference between methods is smaller on this unmodified image
than on the synthetic image with artificially saturated colours (Figure 5.5). The
inspected patches do not show consistent patch-token separation for the subtler
natural colours.

These visualisations are consistent with the weak transfer results but do not by
themselves identify the cause. The quantitative experiments show limited separation

in both text targets and patch-level scores under the tested setup.

5.4.3 Overfitting to Seen Part—Text Pairs

We test the all-parts objective, in which the vision adapter must distinguish the

correct part description from a unique list of part descriptions for all bird classes in
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Figure 5.6: Side-by-side comparison of dense scaled-similarity maps for CLIP (left) and
CLIP Surgery (right) on an unmodified natural image. Orange boxes highlight the first
five text tokens (“black”, “with”, “pur”, “p”, “ish”). In standard CLIP, all head patches
show relatively uniform activation across these tokens. CLIP Surgery produces slightly
more differentiated patterns, but the effect is less pronounced than on the synthetic image
(Figure 5.5). Neither method achieves clean patch-token alignment on natural images
where colour boundaries are subtler.

CUB. Table 5.6 highlights a key finding: the adapter fits this task on the training
set (75.2% fine-grained accuracy) but does not generalise to the test set (28.4%) or
improve global classification.

The train—test gap is consistent with overfitting to the specific part—text pairs of
seen classes. The fitted representation associates the visual “Red-winged Blackbird
wing” with its specific text embedding, but does not transfer this association to new

species under the tested protocol.

Table 5.6: Overfitting to seen part—text pairs. The adapter fits fine-grained alignment
on training data (high Train FG Acc) but fails to generalise (low Test FG Acc).

Method Train FG Ace Test FG Ace Global Base Global New
Global Baseline - - 61.0 73.0
All-Parts FG (7 = 0.1) 75.2% 28.4% 61.0 73.0
All-Parts FG (Surgery) 30.2% 17.4% 62.5 427

5.4.4 Oracle Analysis

To determine whether the limitation lies in the rescoring strategy or in the quality

of the spatial model, we perform an oracle experiment. We simulate a re-scorer that
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correctly selects the actual class from the top-5 predictions with a fixed probability.

As shown in Table 5.7, a fine-grained classifier with 60% accuracy would raise
global accuracy to 85.5%, well above the baseline. Our learned re-scorer achieves
a correct switching rate of only 33.7% and often reverses correct predictions to
incorrect ones. The rescoring design can improve accuracy, but the learned spatial

score is not reliable enough.

Table 5.7: Top-5 re-scoring results. Simulated rows demonstrate the potential gain if
spatial alignment were robust.

Method Final Acc (%) Correct Switches (%)
Global Baseline 79.0 -

Learned Re-scorer 79.1 33.7
Simulated Oracle (60% correct) 85.5 49.2
Simulated Oracle (80% correct) 87.5 53.0

5.5 Interpretation of the Spatial Results

The experiments identify where the proposed two-stage classifier succeeds and where
it fails. Global CLIP features already retrieve plausible candidates: the correct class
is often present in the top-five set even when it is not ranked first. The oracle
experiment then shows that local re-scoring could raise final accuracy from 79.0% to
85.5% if the fine-grained decision were correct 60% of the time. Candidate retrieval
and the re-scoring rule are therefore not the principal limitation. The measured
local classifier is the principal limitation: its correct-switch rate of 33.7% is too low
to offset the correct global decisions that it reverses.

The training results locate the failure more precisely. The all-parts model reaches
75.2% fine-grained training accuracy but only 28.4% test accuracy. It can fit the
supplied part—description pairs, so insufficient classifier capacity is not the main
problem. The learned correspondence does not transfer to unseen images. Two
measurements explain this poor transfer. First, distinct part descriptions can have
cosine similarity above 0.95 in CLIP’s text space, leaving little margin between
targets such as “spotted breast” and “striped breast”. Second, the patch maps remain
similar across neighbouring tokens and patches, especially on unmodified images.
When both sides of a contrastive pair provide weak separation, an adapter can
memorise training associations without learning a stable local decision rule.

The visual interventions support the same conclusion from a different direction.
Red boxes and background blur alter the image distribution while also removing or

obscuring global context, and every tested variant underperforms the unmodified
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global baseline. These results show that preserving CLIP’s global representation
is necessary in this setting. Local evidence should supplement that representation,
not replace it with a manipulated crop or mask. CLIP Surgery improves colour-
token differentiation in the synthetic red-head example, but the smaller effect on
the natural image and the weak classification result show that this local change is
not sufficient for fine-grained transfer.

Together, the results specify useful requirements for a successor method. It needs
text targets with larger margins between confusable attributes, local visual features
that retain part-specific colour and pattern, and a fusion rule that defaults to the
global prediction when the local score is uncertain. The oracle gains justify continu-
ing with two-stage inference, while the train—test gap argues against adding further
capacity to the same alignment objective without first improving the representations

being aligned.

5.6 Chapter Summary

In this chapter, we investigate spatial-semantic alignment for fine-grained classifica-
tion using CLIP and modifications to the VDT-Adapter. We tested training-free in-
terventions (visual prompting, text refinement, CLIP Surgery) and trainable spatial
adapters with part-level supervision. Neither approach outperforms strong global
baselines on the CUB dataset.

The tested text descriptions have small pairwise margins in the CLIP text space,
and the tested spatial-alignment objectives do not transfer beyond the training pairs.
Some linguistically distinct descriptions (e.g., “spotted breast” vs “striped breast”)
have cosine similarity above 0.95, which reduces the separation between candidate
targets in the contrastive objective.

Future investigation could evaluate explicit hierarchical reasoning. One possi-
ble direction is a visual question-answering pipeline in which sequential, targeted
questions are generated (e.g., “What colour is the beak?” and “Are the wing bars
present?”) and each question is answered independently by a vision model. This
style of reasoning decomposes the classification problem into verifiable subtasks,
potentially achieving fine-grained separation without relying on a single shared em-
bedding space that can collapse subtle distinctions. Other possible investigations
include fine-tuning the text encoder on fine-grained corpora (not only for few-shot

adaptation) or using attribute-specific projection heads.
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Chapter 6

Predicting Vision-Language Model
Performance Using LLM-Generated

Counterfactuals

6.1 Introduction

Recent machine learning research has shifted from many task-specific models towards
large general models, often termed Foundation Models [9]. These models, including
BERT |[71], DALL-E [84], CLIP [1], and the GPT family [75, 73|, are trained on
very large and diverse datasets, often with self-supervised objectives. They support
many downstream tasks with the same set of parameters. In Computer Vision, this
trend changes the earlier ImageNet-based pipeline |60, 85|, where practitioners first
pretrain a model on a large labelled dataset and then fine-tune it for each new task
[49, 86, 4].

Vision-Language Foundation Models (VLFMs), such as CLIP [1] and ALIGN
[79], learn a joint representation of images and text. Users map images and natural
language prompts into a shared embedding space. They then measure similarity in
this space to perform zero-shot image recognition and image—text retrieval [57, 33|.
A typical prompt is “a photo of a {label}”. This prompt acts as a simple classifier
without extra training data [87].

The quality of zero-shot predictions of a Vision-Language Foundation Model de-
pends on the data that support training of the model [88]. Web-scale datasets often
follow a Zipf-like long-tailed distribution of concepts [58, 57]. Frequent categories re-
ceive many examples, while rare concepts appear only a few times. Work on scaling
laws shows that models then exhibit log-linear performance scaling [57]. Perfor-
mance on rare concepts improves slowly, even as total data size grows. As a result,

many concepts remain under-represented, and their performance on fine-grained or
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domain-specific tasks remains poor.

This data imbalance affects who can benefit from artificial intelligence. Many
application areas lack datasets that meet their local needs, particularly in domains
such as agriculture, health, and culture [89]. Foundation Models often rely on data
that over-represent some regions and topics while under-representing others. When
people apply these models in new or specialised settings, performance can drop, and
local users may have little control over data or model design. Efforts to broaden
datasets help, but still struggle to capture detailed domain knowledge [89].

A practical question follows. A practitioner may have a new dataset, for example,
a fine-grained food dataset or a small medical image dataset, and a set of candidate
Vision-Language Foundation Models. The practitioner would like to know which
model is suitable before labelling a large test set. Running a full evaluation requires
many labels and significant time. In many settings, this cost is not acceptable.

This chapter proposes a method for predicting zero-shot transfer performance of
a Vision-Language Foundation Model on a new image classification dataset. The
method uses one labelled example per class and measures how strongly the model
separates a plausible caption from closely related counterfactual captions. A Large
Language Model (LLM) generates a plausible caption and several challenging but
incorrect descriptions, which we call counterfactual prompts (see Fig. 6.1). These
similarity scores, together with standard CLIP-style prompt scores, are used as
inputs to a linear regression model that predicts dataset-level zero-shot accuracy.
The goal is to provide an inexpensive tool to support early decisions on model
selection, particularly in under-resourced or specialised domains. Earlier chapters of
this thesis focus on adapting and improving models for few-shot learning (Chapters 3
to 5). In contrast, this chapter focuses on estimating the performance of an existing
Vision-Language Foundation Model before any adaptation, which complements the
methods in the rest of the thesis and builds on concepts from the literature review
in Chapter 2.

6.2 Methodology

Our method estimates how distinctive the representation of a given Vision-Language
Foundation Model is for a specific domain, that is, a set of classes. We aim for high
data efficiency, so we assume one labelled image per class. The methodology follows
three stages as shown in Fig. 6.1. In this section, we describe each stage and explain
how we derive the features for the regression model.

We probe the local geometry of the shared image—text embedding space of the
Vision-Language Foundation Model as follows. The model maps each input image

and each text string to a vector, which we call an embedding. Cosine similarity
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Image Space Text Space

SOTA Vision- Plausible Caption (pc):
Language "A plate of ekwang, featuring grated cocoyam wrapped
Foundation in green leafy vegetables and cooked in a rich palm oil
Model Sa“fe-"

3

Large Language
Model

4

Counfeﬁacéuals (cf):

"A bowl of ndole, showcasing stewed bitterleaf..."
"A serving of eru, with finely chopped wild spinach.."
"A plate of jollof-ghana, featuring.."

Foundation Model under "A bowl of palm-nut-soup, displaying a rich reddish..."
review (e.g. CLIP) "A traditional waakye dish, showing rice and beans..."
T
6 [ S
I Ekwang * TL1 I FEkwang * Tpc

L IEkwang’chj j=1...%5
l . . |

Ridge Regression Model

Figure 6.1: Method overview. The figure shows the three-stage pipeline that predicts
zero-shot accuracy of a Vision-Language model on a target domain, using the “Ekwang”
class from the African Food dataset as an example. Counterfactual probing: a single rep-
resentative image (Step 1) provides a plausible caption Tp. (Step 2) and a set of counter-
factual captions {7, } from a Large Language Model (Steps 3-4). Similarity scoring: the
Vision-Language Foundation Model under evaluation provides embeddings for the image
(Z) and all captions (Step 5). {77, } represents label prompts in the vanilla CLIP [1| prompt
style, for example “a photo of a {label}”, with the class name inserted. These prompts are
embedded by the Vision-Language Foundation Model under evaluation, OpenCLIP-ViT-
B/16 [90] in the experiments. Two sets of similarity scores are as follows: one for vanilla
CLIP-style label prompts and one for Large Language Model-generated captions (Step 6).
Performance prediction: the similarity scores form the input to a Ridge Regression model
(Step 7). This model estimates zero-shot accuracy of the Vision-Language Foundation
Model on the full test set using only one labelled image per class.
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between two normalised embeddings is the dot product between the corresponding
vectors, which lies between —1 and 1. Higher values indicate that the model encodes
the two inputs as more similar.

Image-to-Language anchoring. We randomly select one image per class from
a diverse set of commonly used datasets. A multimodal Large Language Model, for
example, GPT-5-Nano [72], receives the image and its ground-truth label. The
output is a plausible caption 7). that describes the content of the image. The
caption acts as a natural-language summary of the class.

Generating counterfactuals. With 7). as an anchor, we use a text-based
Large Language Model to generate N counterfactual captions Ti;. The prompt
instructs the model to produce descriptions that are semantically related to 7}, but
that match other visually confusable classes in the same dataset. This step creates
a small set of hard negatives for each class. In our experiments we set N = 5.

Vision-Language Foundation Model-based similarity scoring. Using the
Vision-Language Foundation Model that we evaluate, for example, OpenCLIP [90],
we compute normalised embeddings for the image /;, the plausible caption 7)., and
all counterfactual captions 7i;,. We then measure cosine similarity, which yields a
similarity score s,., = I; - T and a list of counterfactual scores s.;, = I; - Tey,.
These scores reflect how close the image is to each caption in the embedding space.

The method also uses standard zero-shot similarity scores from label prompts
in the vanilla CLIP [1] prompt style, with prompts of the form “a photo of a {la-
bel}”. These prompts yield ¢ text embeddings T7,. In the experiments, ¢ = N,
so the implementation randomly selects the same number of label-based prompts
as counterfactual captions. Each query image corresponds to one class and there-
fore yields 12 similarity scores as features for the Ridge Regression model. Method
design choices appear in Section 6.4.

The final stage uses the twelve similarity-based features to estimate zero-shot
accuracy of the Vision-Language Foundation Model. We train a linear regression
model on a diverse collection of datasets, where ground-truth targets are measured
as the zero-shot accuracy of the Vision-Language Foundation Model on full test
sets. We use Ridge Regression because it constrains coefficient magnitudes via L2
regularisation to address feature correlation, as is the case in our setting. Once
trained, the model is applied to a new domain using only one labelled image per

class, providing a data-efficient estimate of transfer performance.
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Table 6.1: Overview of Datasets Used

Dataset Task Classes Focus

CIFAR-10 [91] Object classification 10 Ten common object categories (airplane, automo-
bile, bird, etc.) in low-resolution natural scenes.

CIFAR-100 [91] Object classification 100 One hundred fine-grained classes grouped into 20

super-classes (e.g., maples, lobsters).

Oxford 102 Flowers [64] Flower classification 102 Photographs of 102 flower species with diverse
backgrounds, lighting, and viewpoints.

Food-101 [65] Food classification 101 Real-world dishes (e.g., pizza, sushi, ramen) with
varied preparation and noisy backgrounds.

Caltech-101 [61] Object classification 101 Images of objects from 101 categories (e.g., faces,
motorcycles, crabs) with varying scale, position,
and background clutter.

Oxford-ITIT Pet [62] Pet breed classification 37 Cat and dog breeds with diverse poses, back-
grounds, and bounding box annotations.
DTD [67] Texture classification 47 Texture attributes (e.g., striped, dotted, wrinkled)

from various materials and conditions.

EuroSAT [68] Land-use classification 10 Sentinel-2 patches of land-use categories (e.g., res-
idential, forest, river) across Europe.

GTSRB [92] Traffic-sign class. 43 German road signs in real driving scenarios with
weather, occlusion, and angle changes.

FGVC Aircraft [43] Aircraft-model class. 100 Commercial and military aircraft variants distin-
guished by subtle features. Regarded as a fine-
grained image classification dataset.

ImageNet-v2 (93] Distribution-shift test 998 Re-collected version of ImageNet-1k to measure
generalisation under data distribution shifts.

MNIST [94] Handwritten digit class. 10 Classic benchmark for handwritten digit recogni-
tion, consisting of centred, low-res digits 0-9.

STL-10 [95] Object classification 10 A benchmark for semi-supervised learning with
higher-res images and a large unlabeled set.

ImageNet-O [96] Robustness/OoD evaluation 200 Images from 200 object categories not included in
ImageNet-1k, used to test out-of-distribution han-
dling.

African Food [97] Food classification 6 Traditional dishes (e.g., jollof rice, injera), high-

lighting cultural representation in food datasets.
Beans [98] Plant disease class. 3 Images of healthy and diseased bean leaves for
agricultural disease diagnosis in smallholder farms.

6.3 Experiments and Results

Datasets. We evaluate our method on a diverse suite of datasets (see Table 6.1),
covering generic and fine-grained classification, specialised domains, and datasets
from under-represented domains. Specifically, we include two datasets, African Food
and Beans, to test performance prediction on underrepresented domains.
Implementation details. We evaluate the OpenCLIP-ViT-B/16 model pre-
trained on LAION-400M [99]. We use the GPT-5-Nano Large Language Model |72]
for caption and counterfactual generation. We set N = 5, which is the number of
counterfactuals per class. Our Ridge Regression model trains on eleven datasets,
which appear as blue points in Fig. 6.2, and we test it on five hold-out datasets.
We report two complementary evaluation metrics to quantify both relative rank-

ing quality and absolute accuracy:
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e Pearson-r: Pearson correlation coefficient that measures linear association
between predicted and true accuracies in the range [—1, 1]; higher values indi-

cate stronger linear agreement.

e RMSE: Root mean squared error between predicted and true accuracies (per-

centage scale here); lower values indicate better absolute agreement.

We randomly select 30% of the datasets as test sets to evaluate our Ridge Regres-
sion model. We also preselect African Food and Beans for the test set to ensure that
we test our method on underrepresented domains. Table 6.2 reports the full-test-
set CLIP zero-shot accuracy, our 1-shot PreLabellingProbe estimates, and absolute
errors. The estimates closely track the ground-truth accuracies (Pearson-r = 0.96;
RMSE = 10.37), with low error on African Food and moderate underestimation on
Beans and CIFAR-10.

The central claim is that the one-example-per-class method provides a useful
estimate of zero-shot performance of a Vision-Language Foundation Model. As
shown in Fig. 6.2, the predicted and ground-truth zero-shot accuracies show a

strong linear correlation across datasets and lie close to the identity line.

Table 6.2: Full test set CLIP zero-shot accuracy vs. PreLabellingProbe (Percentage
Scale). Pearson-r = 0.96. Root mean squared error = 10.37.

CLIP ZS Accuracy PreLabellingProbe

Dataset (Full testset) (1-shot) Error
African Food 38.24 41.22 2.98
Beans 39.84 26.12 -13.72
Caltech101 89.25 84.86 -4.39
CIFAR10 91.68 76.41 -15.27
Food101 83.76 74.38 -9.38

The held-out datasets include African Food [97] and Beans [98]. Across the
held-out datasets, predicted and measured accuracies have Pearson r = 0.96. These
estimates can inform whether full annotation is warranted and how fine-grained

those annotations should be.

6.4 Ablation and Discussion

The ablation quantifies the contribution of each component in PreLabellingProbe.
It compares three settings: (i) only Large Language Model-generated captions and
counterfactuals, (ii) only vanilla CLIP-style label-prompt scores, and (iii) the full
combined variant. This isolates the source of gains and tests whether the signals are

complementary.
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Figure 6.2: Ground-truth versus predicted zero-shot accuracy. The scatter plot depicts
the method’s predictions across 16 datasets. The x-axis shows the actual zero-shot accuracy
of OpenCLIP-ViT-B/16, calculated on each dataset’s full test set, and the y-axis shows
predicted accuracy using only a single labelled image per class. The dashed black line
indicates perfect agreement. Blue points are datasets used to train the Ridge Regression
model; red points are unseen test datasets. The strong test correlation demonstrates
accuracy and generalisation, including on specialised datasets such as African Food and
Beans.
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The central hypothesis is that the combination of Large Language Model-generated
counterfactuals and label-prompt scores provides a more effective probe of the
Vision-Language Foundation Model than either signal alone.

Vanilla CLIP-style prompt scores refer to the prompt template introduced with
CLIP [1], not to a separate CLIP implementation. All ablation scores use the
same evaluated Vision-Language Foundation Model, OpenCLIP-ViT-B/16 [90] in
the experiments. The label-prompt scores use “a photo of a {class name}” and “a
photo of a {other class name}”, where “{other class name}” is randomly sampled
from the other classes in the dataset. The rest of the pipeline remains unchanged

to ensure a fair comparison.

Table 6.3: Test performance comparison of variants

Variant Pearson-r RMSE
LLM-generated only 0.849 0.145
Vanilla CLIP-style label prompts only 0.947 0.150
PreLabellingProbe 0.962 0.104

The results in Table 6.3 show that the combined PreLabellingProbe variant
achieves the strongest agreement with ground-truth accuracies, with the highest
Pearson-r and the lowest RMSE. This indicates a complementary signal between
Large Language Model-derived features and vanilla CLIP-style label-prompt fea-
tures.

The cost of evaluating a new dataset using PreLabellingProbe is low. For the
African Food dataset with six classes, Large Language Model caption and coun-
terfactual generation takes about one minute and twenty-three seconds in total, or
roughly fourteen seconds per class, with an API cost of about $0.006. CLIP simi-
larity score computation and Ridge Regression inference take less than five seconds
on a central processing unit such as the AMD Ryzen 9 7950X, which makes the

pipeline practical on standard hardware.

6.5 Operational Use of the Estimate

Pearson correlation and RMSE describe different uses of the predictor. The full
method’s Pearson correlation of 0.96 shows that it ranks easier and harder dataset—
model combinations consistently. Its RMSE of 0.10 means that an individual pre-
diction can still differ from measured accuracy by a practically important amount.
PreLabellingProbe should therefore be used for screening and resource allocation,
not as a replacement for the final labelled evaluation required to report model per-

formance.
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The ablation explains why both inputs are retained. Label-prompt scores alone
achieve a high correlation of 0.95 but an RMSE of 0.15. They provide a stable
measure of how strongly the model matches an image to its correct class label,
but do not measure how clearly that class is separated from plausible alternatives.
The LLM-only variant compares generated captions with counterfactual class de-
scriptions and has a lower correlation of 0.85 when used by itself. Combining the
two signals reduces RMSE to 0.10. The label-prompt score measures positive class
fit, while the counterfactual comparisons measure relative class confusion; together
they describe both whether the target class matches and whether competing classes
match almost as well.

In practice, the estimate can precede annotation in a staged workflow. One rep-
resentative labelled image per class is used to run the probe. Classes with weak
positive scores or small margins over counterfactuals can then receive additional
annotation or targeted inspection, while clearly separated classes require less im-
mediate attention. After that intervention, a conventional labelled test set remains
necessary for the final accuracy estimate. This use matches the method’s evidence:
it identifies where a model is likely to struggle early enough to guide data collection,

while keeping the distinction between predicted and measured performance explicit.

6.6 Chapter Summary

We introduce a data-efficient method to estimate dataset-level zero-shot performance
of Vision-Language Foundation Models. Using a single labelled example per class,
we generate counterfactual captions with a Large Language Model to probe how
well latent representations within the Vision-Language Foundation Model separate
a class from related alternatives. Experiments show accurate performance estimation
across diverse datasets, including specialised and under-represented domains. The

method estimates performance before full annotation or model adaptation.
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Chapter 7
Conclusion

This thesis describes methods for adapting and evaluating Vision-Language Models
(VLFMs), with a focus on Contrastive Language-Image Pre-training (CLIP), when
labelled data are scarce and validation resources are limited. The work starts from
the observation that CLIP provides a strong zero-shot baseline. Nevertheless, CLIP
adaptation to new domains faces three main obstacles: current methods require
large, labelled datasets to tune hyperparameters, text prompts are too simplistic,
and support for fine-grained spatial reasoning is limited. In addition, practitioners
often lack reliable methods for estimating model performance when they cannot
afford large annotated test sets.

To address these problems, the thesis introduces a set of methods that inter-
vene at different points in the adaptation and evaluation pipeline. First, HOSO-
Adapter provides a validation-free adapter that respects strict few-shot constraints.
Second, semantic knowledge from Large Language Models is incorporated at the
level of global class descriptions through CLIP-GPT and VDT-Adapter, and at
the level of local part descriptions through spatial alignment experiments. Third,
LLM-generated counterfactuals are used to predict CLIP’s performance from a few
labelled samples.

The following sections summarise the main findings for the four research ques-
tions posed in Chapter 1, discuss broader implications and limitations, and outline

future directions for this line of work.

7.1 Summary of Contributions and Findings

7.1.1 RQ1: Validation-Free Adaptation

How can one adapt CLIP in a strict few-shot setting without a separate validation
set?

Chapter 3 examines common practice in few-shot adaptation and shows that
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many methods rely on validation sets or implicit test-set tuning. These practices
violate the strict few-shot protocol and do not reflect realistic deployment, where
only a small support set is available.

Key findings:

e The Hold-One-Shot-Out (HOSO) strategy reserves one example per class
from the support set and uses this 1-shot cache to tune the blending ratio
between CLIP and the adapter.

e Optimising the blending ratio on the 1-shot cache, while training the adapter
on the remaining support examples, acts as a dynamic regulariser. When
performance on the hold-out examples deteriorates, the contribution of the

CLIP prior increases and adapter overfitting is reduced.

e HOSO-Adapter reaches state-of-the-art accuracy in the validation-free set-
ting and improves on the CLIP-Adapter baseline by about four percentage

points on average across 11 datasets.

e In 8-shot and 16-shot settings, HOSO-Adapter improves on an “Oracle” CLIP-
Adapter that tunes the blending ratio on the test set with a grid search. At
those shot counts, the learned ratio gives higher average accuracy than the

tested static ratios.

7.1.2 RQ2: LLM-Based Global Enhancement

How can Large Language Models generate side information for CLIP that improves
zero-shot and few-shot transfer at the level of global class descriptions?

Chapter 4 addresses the limitation of using short class names as prompts. It
examines whether richer natural-language descriptions from LLMs yield text em-
beddings that align more closely with visual structure.

Key findings:

e Analysis of text embeddings shows that prompts based on LLM-generated
visual descriptions form semantic graphs that match visual similarity structure

better than standard dictionary definitions or WordNet hierarchies.

e In the zero-shot setting, the CLIP-GPT ensemble aggregates multiple LLM-
generated descriptions for each class. This ensemble improves accuracy over
default CLIP prompts by about two percent on average, with gains above five
percent on fine-grained datasets such as CUB, DTD and EuroSAT.

e In the few-shot setting, the Visually Descriptive Text Adapter (VDT-

Adapter) uses a self-attention mechanism to select relevant descriptions and
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combine them into a single text representation. VDT-Adapter improves Base-
to-New generalisation and exceeds CoCoOp by roughly three percent on un-

seen classes.

7.1.3 RQ3: Fine-Grained Spatial Alignment

Can explicit alignment between spatial visual features and LLM-generated fine-grained
part descriptions improve few-shot generalisation on image classification tasks?

Chapter 5 explores whether the embedding space of CLIP supports reliable align-
ment between local image patches and detailed attribute descriptions, such as dif-
ferent beak shapes or plumage patterns. The chapter evaluates both training-free
interventions and trainable spatial adapters on the CUB dataset.

Key findings:

e Training-free spatial interventions, such as adding red bounding boxes or blur-
ring parts of the image, do not improve performance and often degrade accu-
racy. Visual prompting reduces zero-shot accuracy from 55.25% to approxi-
mately 50%, while background blurring drops accuracy to 36.67%. Together,
these results show that the tested modifications disrupt CLIP’s pre-trained

representation rather than improve spatial localisation.

e A trainable spatial adapter can match patches to text descriptions with 75.2%
accuracy on the training set, but its accuracy drops to 28.4% on the test set.
The train—test gap is consistent with overfitting to the training correspon-

dences.

e Some distinct fine-grained descriptions, such as “spotted breast” and “striped
breast”, have cosine similarities above 0.95 in the CLIP text space. The result-
ing small margins between candidate targets limit the supervision available for

discriminative local features.

e Adding a spatial alignment loss with moderate weight (A = 0.4) to the global
objective yields small but consistent improvements, raising base-class accuracy
from 77.8% to 79.4% and new-class accuracy from 61.6% to 62.6%.

e Under the tested CUB setup, the standard CLIP embedding space does not
provide enough part-level separation for the evaluated spatial-transfer meth-

ods.

7.1.4 RQ4: Performance Prediction

Can CLIP’s zero-shot accuracy on a full test set be estimated from one labelled image

per class and LLM-generated counterfactuals?
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Chapter 6 shifts focus from adaptation to evaluation. It considers the case where
a practitioner needs to select or configure a model for a new dataset but cannot afford
to label a large test set.

Key findings:

e The PreLabellingProbe method uses an LLM to generate a caption and a
set of hard negative counterfactual captions for a single labelled image per

class.

e The margin between the similarity score that CLIP assigns to the true cap-
tion and to the counterfactual captions is a strong predictor of dataset-level

performance.

e A simple linear regressor trained on these margins estimates the full test-set
zero-shot accuracy with a Pearson correlation of 0.96 across a diverse set

of datasets, using one labelled example per class.

7.2 Discussion and Speculation

The discussion in this section is more speculative and extends beyond the strict em-
pirical evidence in the previous chapters. It reflects the intuition developed through-

out this thesis and outlines possible directions for future research.

7.2.1 Role of the Pre-Trained CLIP Prior

The performance of HOSO-Adapter in Chapter 3 suggests that a single hold-out
example per class can provide a useful signal for tuning the blending ratio. One
explanation is that the zero-shot CLIP model provides a stable reference, while the
adaptation step calibrates deviations from that model. The experiments do not test
whether a 1-shot cache would be sufficient when learning a model from scratch.
The cache measures whether increasing reliance on the adapter improves held-
out classification relative to retaining more of the pre-trained representation. The
results suggest that one example per class can provide a useful signal for this scalar
parameter, although they do not establish that the same cache size is sufficient for

other hyperparameters.

7.2.2 Limited Fine-Grained Separation in the Text Encoder

The Chapter 5 results identify limited separation in the CLIP text encoder as one

factor in the weak spatial-transfer performance. Large language models can produce
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distinct descriptions of fine-grained attributes, but the CLIP text encoder maps some
of these descriptions to vectors with small angular margins.

The tested embeddings place terms such as “spotted” and “striped” close together,
leaving small angular margins between some candidate descriptions. Future work
should test whether text encoders trained to separate fine-grained attributes provide

a stronger signal for dense spatial alignment.

7.2.3 The Role of Counterfactuals in Robustness

The performance prediction study in Chapter 6 suggests that robustness is associ-
ated with a wide margin between correct and incorrect captions. Counterfactual
captions provide a practical way to probe this margin. When a caption describing
a bowl of Jollof rice and a counterfactual caption describing a bowl of fried rice
receive similar CLIP scores, the model does not clearly separate the two concepts
in its embedding space.

The same counterfactual margins could also guide active learning by identi-
fying samples for which the model assigns similar scores to plausible and incorrect
descriptions. An acquisition function could request annotations for these samples

rather than sampling images at random.

7.2.4 Limitations

The methods and findings in this thesis have several limitations that inform the
scope of the conclusions.

First, HOSO-Adapter in Chapter 3 provides minimal gains on datasets where
CLIP already aligns well with the target domain, such as ImageNet, where the opti-
mal blending ratio favours the zero-shot prior and adaptation offers little additional
benefit. The method also requires at least two labelled examples per class, since
one must be reserved for the cache, which limits applicability in the extreme 1-shot
regime.

Second, the LLM-generated side information in Chapter 4 relies on the factual
accuracy and visual relevance of language model outputs. The experiments show
that LLM-generated descriptions do not always match ground-truth attribute an-
notations, and that hallucinated or generic descriptions can introduce noise. The
methods also assume access to a capable LLM, which may not be feasible in all
deployment settings.

Third, the spatial alignment experiments in Chapter 5 focus on a single fine-
grained dataset (CUB) and use ground-truth part annotations that are not available
in most practical settings. The negative results clarify the limitations of the tested

methods but do not offer a working solution for fine-grained spatial transfer.
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Fourth, the performance prediction method in Chapter 6 shows moderate un-
derestimation errors on some datasets, with RMSE of 10.37 percentage points and
individual errors exceeding 15 percentage points on CIFAR-10 and Beans. The
method also assumes that a single representative image per class captures class-

level difficulty, which may not hold for datasets with high intra-class variability.

Finally, all methods in this thesis build on the CLIP architecture with frozen
encoders. The findings may not transfer directly to newer vision-language mod-
els with different pre-training objectives or architectures, such as models that use

generative rather than contrastive objectives.

7.2.5 Future Outlook

The results across Chapters 3 to 6 show that strong image and text representations
do not by themselves guarantee effective cross-modal alignment. The remaining
challenge is to align the two modalities while preserving both coarse- and fine-grained

information.
Several concrete research directions emerge from this work:

Hierarchical alignment. Instead of a single global similarity score, future
models could first align objects, then align parts and attributes, and finally align
textures or contexts. This behaviour would mirror the polytomous keys that biolo-
gists use to identify species. The failure modes observed in Chapter 5 highlight how
difficult this goal remains for current embeddings and provide concrete diagnostics

and benchmarks for future work.

Generalising the HOSO principle. The HOSO strategy of using held-out ex-
amples as a micro-validation set could extend beyond the blending ratio to other crit-
ical hyperparameters. Learning rates, regularisation strengths, and early stopping
criteria could all benefit from data-dependent tuning on a 1-shot cache. The same
principle might apply to prompt selection in methods like CoOp, where the cache
could guide which learned prompts to retain. Additionally, any adapter method that
interpolates between a frozen prior and learned parameters could adopt a similar

decoupled optimisation scheme.

Active learning with counterfactuals. The performance prediction method
in Chapter 6 identifies images and classes where the model exhibits small margins
between actual and counterfactual descriptions. These margins could guide active
learning strategies that focus annotation effort on the most ambiguous regions of

the embedding space.
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7.3 Concluding Remarks

This thesis shows that Vision-Language Foundation Models provide a strong starting
point for visual recognition, but that careful adaptation and evaluation strategies
are still required when labelled data are scarce.

Chapter 3 introduces HOSO-Adapter, a validation-free adapter that operates
within strict few-shot constraints. In the reported experiments, the pre-trained
CLIP model provides a stable reference from which a single hold-out example per
class can tune the blending ratio. This decoupled optimisation strategy acts as a
dynamic regulariser and could be tested for other hyperparameters in future work.

Chapter 4 demonstrates that language-based side information from LLMs im-
proves both zero-shot and few-shot transfer. The CLIP-GPT ensemble and VDT-
Adapter show that richer text prompts yield text embeddings that align more closely
with visual structure, with gains of up to five percentage points on fine-grained
datasets. These methods provide a scalable alternative to manual attribute anno-
tation.

Chapter 5 investigates whether explicit spatial alignment between image patches
and part-level text descriptions can improve fine-grained recognition. The exper-
iments reveal that trainable spatial adapters can fit training correspondences but
struggle to generalise, and that training-free visual prompting interventions degrade
performance. These results motivate further investigation into the conditions under
which spatial supervision benefits vision-language adaptation.

Chapter 6 presents PreLabellingProbe, a data-efficient method that estimates
zero-shot performance using only one labelled image per class. The strong corre-
lation between predicted and measured accuracy (Pearson r = 0.96) indicates that
practitioners can assess a model’s suitability before committing to full-scale anno-
tation.

Together, these methods support low-data adaptation and evaluation.
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