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Abstract—Composed Image Retrieval (CIR) involves retrieving
a target image based on a query composed of a reference
image and a textual modification. Zero-Shot CIR extends this
task by removing the need for labeled triplets during train-
ing. Most state-of-the-art (SOTA) methods share a common
structure: a vision-language encoder followed by a matching
module using Transformers or contrastive learning. Instead of
increasing data or model complexity, we wonder that: Can we
improve retrieval performance at inference time? To answer
this, we propose the Vision Projector (VP)—a lightweight, plug-
and-play module that enhances visual representations with-
out retraining. Integrated directly into MagicLens, VP con-
sistently improves performance across CIRR, FashionlQ, and
CIRCO. Notably, it boosts MagicLens by 18% on CIRCO,
despite not using its strongest variant. Code is available at:
https://github.com/baohl00/VisionProjector_ZSCIR,

Index Terms—composed image retrieval, zero-shot, vision pro-
jector.

I. INTRODUCTION

Image Retrieval focuses on finding relevant content—such
as images, text, or multimodal data—from large datasets. A
specialized task, Composed Image Retrieval (CIR), retrieves
target images based on a query formed by a reference image
and a modifying text. This bi-modal query provides more
precise intent, making CIR highly applicable to real-world
systems like Google Lens or Google Photos.

However, CIR training requires triplet data—reference im-
age, text query, and target image(s)—which is expensive
and time-consuming to collect. To address this, Zero-Shot
Composed Image Retrieval (ZS-CIR) [[1] removes the need for
human-labeled triplets, allowing for diverse, self-constructed
training sets. Recent approaches like MagicLens [2]], Pic2Word
[3], and LaSCo [4] utilize large-scale web data or auto-
generated datasets from sources like COCO or CC3M [J3].
Most methods rely on Vision-Language Models (VLMs) such
as CLIP [6] and BLIP [7], with some enhancing the queries
using synthetic captions or LLMs [§[]-[10].

Despite architectural differences, SOTA ZS-CIR models
typically follow a two-stage pipeline: (1) encoding the image-
text pair using a VLM, and (2) fusing the embeddings via a
Transformer or MLP-based module. Yet, these pipelines often
require model retraining to improve performance. In this work,
we explore a different direction: Can we enhance the visual
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features during inference to boost retrieval accuracy, without
retraining the model on other datasets?

To this end, we propose a set of lightweight Vision Projec-
tors (VPs)—MLP-based modules applied to the encoded visual
features. These VPs refine the representations by emphasizing
task-relevant components. We also introduce an expansion
layer to increase feature dimensionality, improving expres-
siveness. Our plug-and-play approach yields consistent gains
across three standard CIR benchmarks—FashionIQ, CIRR,
and CIRCO—surpassing original model baselines without
altering their training process.

II. RELATED WORK
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Fig. 1: Overview of combining Vision Projector in ZS-CIR.
Normally, after the encoding stage, the encoded features
are fused into the main architecture. However, with Vision

Projector, we apply this before feeding them into the core
architecture in order to enhance the feature of input images.

Zero-Shot Composed Image Retrieval. Composed Image
Retrieval (CIR) is a multimodal task that retrieves a target
image given a reference image and a textual modification.
Datasets span fashion [11]], [[12], synthetic compositions [1],
and natural scenes [4], [13]], [[14], all structured as triplets.
CIR was first introduced by Vo et al. [1], using ResNet and
LSTM encoders to learn a joint embedding space. Subsequent
methods like CLIP4Cir [15] and LaSCo [4]] adopted CLIP [6]]
and BLIP [7] for improved cross-modal alignment.


https://github.com/baohl00/VisionProjector_ZSCIR

To avoid costly triplet annotations, Zero-Shot CIR (ZS-CIR)
trains models without manual labels. Pic2Word [3|] introduced
the idea via contrastive learning on CC3M. Later works like
SEARLE [16], i-SEARLE [14], and MagicLens [2]] improved
training via distillation, pseudo-token learning, or massive
synthetic triplets. Others—e.g., LinCIR [10], LDRE [17],
and FTI4CIR [9]—enhanced queries using LLM-generated
captions or subject-attribute decomposition.

While most methods focus on data construction or training
architectures, our approach improves performance by enhanc-
ing vision features at inference using a lightweight Vision
Projector module—no retraining required.

Vision Projector. In the LLMs era, researchers have turned
to improving their power by training LLMs with more param-
eters, more data and multi-GPUs. Liu et al. [[18] also applied
the Multilayer Perceptron (MLP) vision-language connector -
a two-layer MLP that can improve LLaVA [[19]’s multimodal
capabilities in comparison to the linear projection. Especially,
Yao et al. [20]] proposed the Dense Connector, which is used
as a plug-and-play vision language connector and provides
the LLM with more visual cues. And recently, Cha et al. [21]]
has identified the crucial properties of visual projectors and
introduced a locality-enhanced projector named Honeybee,
which achieves better performance across the various MLLM
benchmarks. Inheriting this idea, Vision Projector is designed
to avoid training the model again, as well as to develop the
visual understanding of the model.

In this paper, by using CLIP [6], we aim to accelerate visual
factors and show the effect of expanding the embedding di-
mension on the result. In order to analyse the efficacy of Vision
Projector (VP), we reproduce MagicLens and integrate it after
the encoding step. Then, we compare the performance of our
method among MagicLens’s models and against TransAgg [8]]
and RTD+LinCIR [[10], [22] in three datasets: FashionIQ [/11],
CIRR [13] and CIRCO [16].

III. METHODOLOGY
A. Overview

In this part, we illustrate the overview of MagicLens [2].
MagicLens has been introduced as a series of self-supervised
image retrieval models that support open-ended instructions.
The training data is a large crawled image dataset with about
36.7M triplets (reference image, text and target image). Mag-
icLens outperforms the SOTA methods on the CIRCO dataset
despite having a 50x smaller model size. This efficiency is
due to the parameter-sharing design in MagicLens and the
training data advantage, including its large volume and high-
quality paired images.

MagicLens uses CoCa [23] or CLIP [[6] as the backbones
for vision and language encoders, while other models such
as SEARLE [16], i-SEARLE [14] or PLI [24] are generally
applied on CLIP [|6] or BLIP [7]]. To enable deep modality inte-
gration, the authors designed multiple layers of self-attention
followed by a single multi-head attention pooler. They also
employ an empty text string for each image in the image pool
not containing any relevant description. In the training period,

a simple contrastive loss is used. However, one more thing is
that the reference image itself is not removed from the ranking
stage and this accidentally lowers the metric score because the
textual query targets the other images sharing the same context
with the reference one.

B. Vision Projector

.................

Fig. 2: General Vision Projector architecture. The input is the
encoded and normalised features of images. Then the features
go through the MLP architecture to enhance the important
positions.

In this section, we describe Vision Projector (VP). Pre-
vious studies have shown that the embedding features [25],
[26] from the pre-trained models such as CLIP often show
an inconsistent relationship between their cluster. Therefore,
Chen et al. [27|] and Bao er al. [28]] added Gaussian noise
to enhance the representation of visual and textual features.
Figure [I] shows how we apply VP into MagicLens. As it is
designed to improve the features of the vision encoder, we plug
it directly after this stage. The key point of using VP is that
the parameters of MagicLens trained by Zhang et. al. [2] does
not contain VP and we only utilise it in the inference stage.
In figure 2] we illustrate the general design of VP, which is
based on the Residual architecture. This specific architecture
plays the most crucial role in our idea as it contains itself
consistent relationships between existing features, and the
MLP is used as a tool which highlights the most important
features. Inspired by MLP and gating-MLP [29] (gMLP),
we design them into new versions as Residual-N-MLP and
gMLP-k-combine (gMLP-k-cb) that take advantage of their
abilities.

Residual-N-MLP (Res-N-MLP) A MLP architecture con-
sists of two fully-connected layers and a GeLU one . Here,
we redesign a residual MLP in two ways: (1) By increasing
the layers of MLP, we choose N € {1,2,4} and call them
ResMLP, ResPhi (Res2MLP) and Res4dMLP. There are two
noticeable things that: with the lower embedding dimension
of CLIP (512), the higher the number of layers, the better the
model learns vision features. However, with CLIP;4;4¢, the
embedding dimension is 768, and the results reach a peak if
there are 2 MLP-layers. (2) The second way is to expand the
input dimension by k times before feeding it into the MLP
layer(s). In the experiment, we set k € {4,8,12,16}. It can
be observed that both two base and large version of CLIP
in MagicLens works well with & = 8 or £ = 12. Overall,
the ResPhi results provide more stability than other ResMLP-
based vision projectors in all three datasets and the selected
values of k.

gMLP;.-cb: gating-MLP (gMLP) has been introduced by
Liu et al [29], which is built out of basic MLP layers



with gating. gMLP shows comparable performance with DeiT
[30] and Vision Transformer (ViT) [31] despite having fewer
parameters. One notable point in gMLP is that instead of
using GELU as activation function, we apply Sigmoid [32],
[33] to reduce unnecessary patterns and highlight the more
important ones, but keep the entire feature still coherent.
Furthermore, for the gMLP architecture, we present three types
of gMLP: (1) gMLP originally; (2) gMLP with k£ expansion
rate (gMLPy) and (2) gMLP combining with gMLP; (gMLP-
cb). In gMLPy,, we increase the dimension of the input feature
k times before going to the next stage. In gMLPy-cb (Figure
(), we take the average of the original characteristic and
gMLPy. This approach ensures that the input keeps itself the
main feature and still learns the gMLP features as well as the
expansion gMLP ones.

def gmlp_combine(x, k):
x_gmlp_original = gmlp_block(x)
x_gmlp_k = gmlp_block(x, k)
x_combine = (x_gmlp_original + x_gmlp_k)/2
return x_combine

def gmlp_block(x, d_model, d_ffn, k = 1):
shortcut = x
if k> 1:
d_ffn = d_ffn = k
X = norm(Xx, axis="channel”)
x = proj(x, d_ffn_new, axis="channel”)
x = sigmoid(x) # or gelu(x)
X = spatial_gating_unit(x)
X = proj(x, d_model, axis="channel”)

return x + shortcut

def spatial_gating_unit(x):
u, v = split(x, axis="channel”)
v = norm(v, axis="channel”)
n = get_dim(v, axis="spatial”)
v = proj(v, n, axis="spatial”, init_bias=1)

return u * v

Fig. 3: Python implementation of a gMLPj-cb block
with a spatial gating unit

IV. EXPERIMENT AND DISCUSSION
A. Experimental Setups

Dataset and Evaluation Metrics.

Following the ZS-CIR results of MagicLens [2], we evaluate
our experiments using three benchmark datasets including
FashionIQ [11]], CIRR [13]] and CIRCO [16]]. We show the
detailed statistic of used datasets on table [l

Dataset # Query | # Index
Shirt 2,038 6,346
FashionIQ [11] Dress 2,017 3,817
Toptee 1,961 5,373
CIRR [13] 4,148 2,316
CIRCO [16] 800 123,403

TABLE I: Dataset Statistics.

1) FashionIQ [11] contains ~77.6k fashion images across
three categories: Shirt, Dress, and Toptee, with over 30k
triplets. The data is split into train, validation, and test
sets in a 6:2:2 ratio.

2) CIR [13], built on NLVR? [34], includes 21.5k real-
world images and 36k+ query-target pairs spanning
nine relation types (e.g., Negation, Spatial Relations,
Cardinality). Following prior work [2], [8], [22], we use
Recall@K (R@K) for evaluation.

3) CIRC [16], based on COCO [35], features 120k+
images and 1,020 triplets, each with one reference
image, a caption, and a target image. Queries have
multiple ground-truth targets (avg. 4.53), and perfor-
mance is measured using mean Average Precision at K
(mAP@K).

Implementation details. All experiments are performed on
one NVIDIA A100 GPU with Python 3.9 and Flax [36]]. We
use the visual and textual encoders of the CLIP ViT-B16 and
ViT-L14 [6]] from a JAX library named Scenic [[37]], and set
image resolution of 224 x 224.

B. Baselines

Besides comparing with MagicLens [2], we include other
state-of-the-art ZS-CIR models: TransAgg [8]], RTD+LinCIR
[10], [22]], and MLLM-I2W [28]]. TransAgg is a transformer-
based model trained on 32k triplets, using both template-
based and GPT-3.5-generated captions. LinCIR introduces
self-masking projection to reduce reliance on triplet inputs,
while RTD enhances text encoder generalization. MLLM-I2W
further improves robustness via uncertainty modeling with
Gaussian noise. We also compare with several CLIP-L-based
methods: Pic2Word [3]], i-SEARLE [14], CIReVL [38]], and
PLI [24].

C. Main Results

Comparison with SOTAs. Table [[I| presents our results
of the experiment on the evaluation data sets. By integrating
the Vision Projector with MagicLens trained on the CLIP-
L backbone, we achieve notable improvements across all
benchmark datasets compared to the original MagicLens. On
the CIRCO dataset, this configuration surpasses the previous
state-of-the-art score achieved by CoCa-L-based MagicLens
by over 1.2% and the original CLIP-L-based MagicLens by
about 20%. For the FashionlQ and CIRR datasets, our model
demonstrates consistent gains over MagicLens’s performance,
achieving higher metric scores than the baseline MagicLens.
Overall, the average score improves by more than 3%, ranking
third in the results table. Our model trails behind RTD+LinCIR
and CoCa-L-based MagicLens by only 0.5% and 1.9%, respec-
tively, while offering a more balanced improvement across all
datasets. These results emphasize the effectiveness of the Vi-
sion Projector in enhancing retrieval performance, particularly
on CIRCO.

! https://cirr.cecs.anu.edu.au/l

https://circo.micc.unifi.it]




FashionI CIRR CIRCO

Method Backbone |—pa10 R% 50 | R@5 | R@10 | mAP@I0 | mAP@25 | Average
PicaWord [3] CLIPL | 253 | 449 | 515 | 641 o1 T0.1 %)
TSEARLE [14] | CLIPL | 202 | 495 | 540 | 647 36 54 377
CIReVL, [38] CLIPL | 286 | 486 | 523 | 649 0.1 30.0 9.1
PLI [24] CLIPL | 354 | 574 | 546 | 676 6 3.0 39.0

MILM-I2W [28] | CLIPL | 303 | 500 | 579 | 702 - - -

TransAgg (8] BLIPB | 344 | 551 | 689 | 796 309 3 3502
RTD+LinCIR [22] | CLIP-G | 462 | 673 | 675 | 783 723 245 51.0
MagicLens ) CoCal | 380 | 382 | 670 | 779 354 31 524
CLIP-L | 307 | 525 | 617 | 744 308 334 473
+ Vision Projector | CLIP-L | 321 | 53.1 | 649 | 769 36.8 39.3 50.5

TABLE II: Baseline comparison on three benchmarks. While we reproduce the results of TransAgg and MagicLens related to
CLIP-L, the others are from the original papers. Bold numbers indicate the best results.

. FashionIQ CIRR CIRCO

CLIP | Projector R@0 | R@50 | Avg R@l | R@5 | R@50 | mAP@5
26.38 4857 3747 313 61.52 92.05 25.46
ResMLP 24.94 45.58 35.26 287 59.01 90.96 22.10
ResPhi 26,51 47.94 3723 3142 60.72 91.95 2437

p | ResdMLP | 2650705 | 48.57 | 37587011 | 31.5210.22 | 61.8110.29 | 91.9810.07 | 25697023
gMLP-GELU | _17.65 36.60 27.12 20.72 50.07 86.94 14.34
gMLP-o 2378 4511 3444 28.02 56.72 89.78 20.81
ZMLP;, 2341 4464 34.03 29.37 5882 90.96 20.80
gMLP;,~cb 2595 46.93 36.44 29.28 59.25 90.68 22.86
30.82 52.06 4144 33.28 63.83 93.11 30.12
ResMLP 3113 5172 4143 3448 63.81 93.06 3235
ResPhi 31.69 52.95 232 35.11 64.3 93.06 34.06
L [ ResaMLP 31.26 5231 4179 33.35 63.95 93.21 31.69
gMLP-GELU | _ 28.00 49.17 38.59 30.84 59.88 90.82 29.57
gMLP-o 31.95 5257 42.26 35.25 63.57 9275 32.68
gMLPy, 31.26 52.67 41.97 35.46 64.75 92.46 3451

gMLP-cb 32.1311.31 | 53.0711.01 | 42.6011.16 | 35.7412.46 | 65.0611.23 | 92.84,0.27 | 35.8215.7

TABLE III: Best results of every Vision Projector combined with two MagicLens version. Bold and Ifalic numbers indicate
the best and second values. The red and blue numbers represent the gap with the original model shared the same CLIP version.

Comparison between Vision Projectors. The best per-
formance of each Vision Projector (VP) is shown in Table
Combining the Vision Projector (VP) with MagicLens
yields consistent improvements across both the Base (CLIP-B)
and Large (CLIP-L) backbones. For CLIP-B, Residual MLP
(ResMLP) architectures outperform gMLP variants, indicating
their effectiveness in handling lower-dimensional features.
For example, on CIRCO, the best numbers on gMLP-based
belongs to gMLPj-cb (mAP@5=22.86%) that are lower than
MagicLens with Res4MLP (mAP@5=25.69%) and Magi-
cLens without Vision Projector (mAP@5=25.46%). Increasing
the number of layers in the MLP leads to higher performance,
highlighting the benefit of deeper architectures in this setting.
On the other hand, for CLIP-L-based MagicLens, ResPhi
achieves superior results compared to ResMLP and Res4MLP,
demonstrating its ability to better leverage the larger encoder
dimensions. However, when comparing Residual MLP-based
with gMLP-based, we observe that gMLP-based make a
stronger impact on MagicLens’s performance. For instance, on
FashionlQ, the average score of gMLP-cb (42.60%) is 1.16%
and 0.28% higher than none Vision Projector’s (41.44%) and
ResPhi’s (42.32%).

Another key observation is the impact of activation func-
tions. gMLP with GELU activation performs significantly
worse than gMLP with Sigmoid activation, with perfor-

mance gaps of approximately 6.0% and 3.0% for CLIP-
B and CLIP-L, respectively. This underscores the impor-
tance of activation selection in optimising gMLP’s perfor-
mance. Furthermore, significant improvements are observed
with gMLP, gMLPy, and gMLPj-cb for the CLIP-L backbone.
Among these, gMLP-cb achieves the best results across
almost all metrics, with a remarkable improvement on CIRCO
(mAP@5=35.82%) compared to the original score of 30.12%.

V. CONCLUSION

We introduce the Vision Projector, a lightweight MLP-
based module inspired by residual learning, to enhance visual
embeddings in retrieval tasks. It significantly improves per-
formance by refining visual features—especially with larger
encoders—demonstrating strong scalability. Integrated directly
into MagicLens without retraining, our approach outperforms
it across FashionlQ, CIRR, and notably CIRCO. These results
highlight Vision Projector as a practical, effective add-on.
Future work will explore integration with other encoders like
BLIP or CoCa and extend to new domains.
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