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Abstract. Personalized recommendation systems have become integral
in this digital age by facilitating content discovery to users and products
tailored to their preferences. Since the Generative Artificial Intelligence
(GAI) boom, research into GAI-enhanced Conversational Recommender
Systems (CRSs) has sparked great interest. Most existing methods, how-
ever, mainly rely on one mode of input such as text, thereby limiting their
ability to capture content diversity. This is also inconsistent with real-
world scenarios, which involve multi-modal input data and output data.
To address these limitations, we propose the Multi-Modal Conversa-
tional Recommender System (MMCRec) model which harnesses multiple
modalities, including text, images, voice and video to enhance the recom-
mendation performance and experience. Our model is capable of not only
accepting multi-mode input, but also generating multi-modal output in
conversational recommendation. Experimental evaluations demonstrate
the effectiveness of our model in real-world conversational recommenda-
tion scenarios.

Keywords: Generative Al, Large Language Model, Conversational Rec-
ommendation, Graph Neural Network, Diffusion Model

1 Introduction

The data generated in the increasingly digital world is a valuable source of in-
formation to create personalized recommendations. This data comes in multiple
forms such as text, audio, videos, and images. Recommender Systems (RSs)
have become essential components of e-commerce platforms, content streaming
services, and social media networks [22]. Most traditional RSs rely on historical
offline user-item interaction data, and this constrains their ability to fully capture
dynamic user preferences [47]. To resolve this issue, CRSs have been proposed
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to enable proactive dialogue with users as well as generate more accurate and
explainable recommendations [I8]. Most state-of-the-art CRSs however, rely on
unimodal data such as text, which limits their ability to capture the complex-
ity of real-world user intent [5]. This limitation has spurred research into CRSs
that are multi-modal and interactive [6J17]. The motivation behind multi-modal
CRSs is to harness the power of multiple modalities [10] in order to enrich user
experiences and offer explainable recommendations that align more closely with
user preferences [23]. In this way, users would be able to express their preferences
through several ways which include textual queries, images and voice commands.
Moreover, CRSs incorporating diverse modalities would provide richer and more
nuanced representations of user intent, thereby comprehending and responding
to user needs more effectively [3I]. Several methods have been proposed for
multi-modal CRSs but they do not sufficiently address the current CRS chal-
lenges [28] such as incorporating multi-modal input/output combinations of the
data forms [I7I2143] as well as limited explainability [7], thereby limiting the
transparency of the recommendations [14].
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Fig. 1. An example of multi-modal Conversational Recommendation. Source:[I]

To address the highlighted challenges, we propose the Multi-Modal Conver-
sational Recommender System (MMCRec) model capable of handling input and
output combinations of text, images, videos and audio data. Using a Large Lan-
guage Model (LLM) as the backbone of the model, multi-modal input encoders
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and output diffusion decoder modules enable a context-aware recommendation
experience. Users can interact with the model through text, share images, au-
dio and videos of their desired items. This multi-modal approach does not only
enrich user engagement but also facilitates better understanding of user intent
and context, thereby improving the quality of the recommendations [I5]. Our
contributions are as follows:

— We extend the NExT-GPT [I] model to the conversational recommendation
scenario. Leveraging on the multi-modal input encoding as well as output
image, audio and video diffusion modules, the resultant framework is a multi-
modal input-multi-modal output LLM-based CRS which has understanding,
reasoning and explanation abilities.

— We apply a Graph-of-Thought (GoT) [48] prompting model to enhance the
LLM reasoning process which leverages on cross-attention among the text,
video, image and video modalities [40]. We hypothesize that this approach
adds additional context and semantic understanding of the queries by the
model [41].

In our experiments, we apply the proposed model to the M5Product dataset
for real world cross-modal recommendation scenarios.

2 Related Work

GAI Models such as ChatGPT, LLaMA and BARD have been shown to demon-
strate remarkable abilities in natural language understanding, multi-step reason-
ing and undertaking dialogue tasks [12J29]. In zero-shot or few-shot learning set-
tings, they have been shown to adapt to handle to novel tasks [2I3120]. Methods
such as Reinforcement Learning from Human Feedback (RLHF) [I1I16], Chain-
of-Thought Prompting [40], self-consistency and boosting techniques have been
explored by prior research to enhance contextual understanding and reasoning
in GAIs [35]. To improve perception in real-world scenarios, the integration of
multi-modal capabilities into GAI models has also been studied, such as un-
derstanding of other modalities which include image video, audio, etc [QUT3]. A
notable approach involves the use of adapters that align pre-trained encoders
in other modalities to textual LLM [44]. In this line of research, multi-modal
Language-Vision models such as PandaGPT [27] have been proposed. With these
models, multi-modal input with text output is achieved for general-purpose con-
versational tasks [33]. Other works have also explored the use of generative Al
models in conversational recommendation tasks [20124142]. The main limitation
with these models is that they do not generate multi-modal recommendations,
which is inconsistent with practical scenarios. Wu et al. proposed the Next-GPT
LLM in which they added multi-modal output generation with multi-modal in-
put content [I]. To address the limitations of state-of-the-art methods, we build
upon this approach in conversational recommendation settings, which is consis-
tent with real-world scenarios.
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3 Methodology

In this section, we introduce our MM-MMCRec model. The novelty of our ap-
proach lies in the multi-modal graph-based derivation of potential user-item
interactions. We hypothesize that the generated multi-modal recommendations
enhance the user experience. Input instructions to the LLM module are passed
in the form of audio, video, text or image. We leverage on the multi-modal
joint embedding capabilities of ImageBIND [25] to enable multi-modal input
queries to the CRS. We adopt a GNN cross-attention mechanism [8] to cap-
ture semantic relationships among the text, image, video and audio modalities.
In this way multi-modal context is added to the queries, thereby complement-
ing the reasoning abilities of the model. We also adopt Multi-modal Alignment
Learning and Modality-switching Instruction Tuning as proposed by Wu et al.
1] to understand user input queries and generate the requested multi-modal
recommendation outputs.
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Fig. 2. MMCRec model overview. Input instructions to the LLM module can be passed
in the form of audio, video, text or image. Graph-engineered prompts enable cross-
attention between the multi-modal input data. Audio, Image and Video diffusion mod-
els decode and synthesize the required output as one or a combination of the required
modalities.

We adopt the Vicuna LLM [26] which has understanding abilities to multi-
modal input representations [27]. Following the NextGPT model [I], we adopt
the transformer-based multi-modal output generation whereby multi-modal sig-
nal token representations from the LLM are mapped to Image Diffusion, Audio
Diffusion and Video Diffusion decoders. We also adopt the following latent dif-
fusion models to generate the multi-modal outputs: Stable Diffusion [37] for
image synthesis, Zeroscope ﬁ for video synthesis, and AudioLDMS5 [38] for au-
dio synthesis. For our model instruction tuning, we leverage on the Low-Rank
Adaptation (LoRA) approach to minimize the number of trainable parameters
for the conversational recommendation task [39].

5 |https://huggingface.co/cerspense.
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In adopting the GoT prompting model, multi-modal inputs to the LLM are
represented as nodes and edges to capture the non-sequential complex scenarios
in real-world scenarios. In this way, the intermediate LLM reasoning model is
enhanced to mimic the human-like thought process in generating the recommen-
dations. Following the GoT framework [48], the graph input (representation of
the user-item interactions) to the LLM models the reasoning stage to improve
the model’s contextual understanding of complex real-world heterogeneous rec-
ommendation scenarios. This reasoning process is modelled as a heterogeneous
graph G = (V, E) where V is a set of nodes representing the users/items and E
is a set of edges representing the node relationships. The recommendation task,
involves the graph-enhanced reasoning multi-modal model which maps node re-
lationships based on the respective user queries.

4  Experiments

We consider the multi-modal product recommendation task for our experiments.
The task aims to find the most relevant target products using one or a combina-
tions of or more modalities, enhanced by the LLM and the multi-modal interac-
tion with the CRS. User input query is in the form of a combination of text and
other modalities to provide better context whereas the recommendation output
can be enhanced in an interactive way. In conducting our experiments, we aim
to answer the research questions outlined below:

— RQ1: Does the integration of multi-modal data in the CRS model contribute
to the improvement of the recommendation performance?

— RQ2: To what extend does the multi-modal input modules in the proposed
MMCRec model impact the recomendation performance?

Dataset: We use the publicly available M5Product real world e-commerce
dataset [36] which contains 6,313,067 samples of multi-modal information (im-
ages, text, table, video, and audio) consisting of 6,232 product categories and
5,679 attributes such as appearance, usage, specification, selling point,
production, material and category descriptions for products which include
clothes, cosmetics and instruments.

Training: The model is trained using a combination of positive and negative
samples. The training objective is to minimize the ranking loss function, which
measures the difference between predicted scores and true interactions.

Metrics: We use the Recall (R) and Normalized Discounted Cumulative Gain
(NDCG) metrics to evaluate the recommendation performance. A scoring func-
tion is applied to the recommendations for each item. The model returns Top-N
items with the highest scores which are recommended to the user. We adopt the
GoT ranking model to evaluate the recommendation scores [4§].
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Baselines: We compare our approach to the following methods: P5: A uni-
fied “Pretrain, Personalized Prompt & Predict Paradigm” which learns related
recommendation tasks through a unified sequence-to-sequence framework [43]
as well as Macaw-LLM: A multi-modal model which integrates image, video,
audio, and text information features into the LLM input sequence [45]. We also
include CHATRec: A ChatGPT-augmented model for conversational recom-
mendation which uses prompts based on historical user profiles and interac-
tions [4]. In addition, CLIP: A Contrastive Language-Image Pre-Training model
which jointly learns image-text pairs and can be instructed in natural language
to predict the most relevant text snippets, given an image [46].

5 Results and Discussion

Performance Evaluation (RQ1): From the recommendation performance
comparison results in Table multi-modal recommendation models Macaw-
LLM and MMCRec achieve better performance compared to the uni-modal
approaches P5 and CHATRec, which shows the effectiveness of incorporating
multi-modal inference into the CRS. The CLIP model, which combines text and
image input, performs better than the unimodal approaches, but worse than
MMCRec and Macaw-LLM approaches which combine more modalities. Our
model, which incorporates graph-based reasoning into the LLM, outperforms
the other approaches. This is mainly attributed to the additional context into
the recommendation scenarios.

Model Modality R@1 R@5 R@10 NDCG@1 NDCG@5 NDCG@10
P5 T 0.398 0.286 0.384 0.312 0.249 0.298
CHATRec T 0.387 0.415 0.482 0.423 0.344 0.465
CLIP T+I 0.486 0.547 0.576 0.408 0.442 0.451

Macaw-LLM V4+A+I4+T 0.545 0.597 0.628 0.496 0.537 0.522
MMCRec  T+V+A+10.625* 0.688* 0.734* 0.584* 0.607*  0.692*

Table 1. Comparing the recommendation performance against baselines. Bold indi-
cates the performance improvement against the second-best baseline at 0.05 signifi-
cance.

Effect of the input module components (RQ2): We study the effect of
each multi-modal input modules to our model performance. Experimental results
conducted by deactivating the model components indicated in Table [2| show
degraded performance, which is consistent with the earlier observation that the
incorporation of the multi-modal components provides additional context to the
model, resulting in better recommendation performance. In these experiments,
the MMCRec model outperforms the variants in which the audio, video and
image input modules are removed, which indicates their positive influence on
the overall recommendation performance.
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Model R@1 R@5 NDCG@1 NDCG@5
MMCRec 0.625 0.688 0.584 0.607
w/o Audio 0.581 0.640 0.552 0.56
w/o Video 0.38 0.471  0.340 0.459
w/o Image 0.32 0.356 0.307 0.338

Table 2. Comparing the influence of module components. Removal of the audio, image
and video input modules from the MMCRec model shows degraded performance.

6 Ethical Considerations

As the development of multi-modal CRSs involves the use of data forms such as
images, audio and videos, several ethical issues need to be addressed. Paramount
among these is user data privacy and security to ensure that personal informa-
tion is not misused or exposed without consent. To achieve this, robust security
measures should be implemented to protect user data from unauthorized access
or breaches. Informed user consent should be emphasized before data collection
or usage and users should be aware of how their data is being used and have the
option to opt in or out. CRSs should be inclusive, for instance, provide alterna-
tive interaction modalities to accommodate different users with diverse abilities
and needs. Content moderation mechanisms should be implemented to filter out
inappropriate or harmful content. Accountability mechanisms are essential to
ensure compliance with relevant data privacy and protection regulations such as
the General Data Protection Regulation (GDPR) E] and other applicable laws.
In conclusion, collaboration with stakeholders which include users, researchers,
and policymakers is necessary to address any ethical lapses or unintended con-
sequences.

7 Conclusion

In this work, we propose a multi-modal GAlI-enhanced Conversational Recom-
mender System MMCRec. By integration of an LLM module with multi-modal
encoders and diffusion decoders, MMCRec is capable of accepting GNN en-
hanced multi-modal input and generating multi-modal output in a combination
of text, audio, video and images based on the input request. This approach of-
fers users a more dynamic and engaging way to explore content and products
tailored to their preferences and contexts. In future we plan to extend our model
to include other modalities such as tabular and web data as well as take into
account user satisfaction metrics.
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