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Abstract

Large-scale recommendation systems mainly rely on sparse ID fea-
tures, struggling with data sparsity. It’s important to use multimodal
information to assist ID learning for better performance. However,
there exists two challenges: (1) distribution discrepancy between
multimodal and ID makes direct integration prone to user-item
mismatch; (2) slower convergence of multimodal representations
compared to ID, causing optimization imbalance under a unified
objective, which limits the potential of multimodal representations.
In this paper, we comprehensively investigate the two problems
and proposes a framework named AB-Rec to align and balance
ID and multimodal representations learning for recommendation.
We design three alignment tasks to fine-tune a pre-trained mul-
timodal large language model (MLLM), which is then utilized to
generate a unified multimodal representation for each item. AB-Rec
aligns the distributions of ID and multimodal representations by
minimizing the in-batch Wasserstein distance, and maximizes the
distance between the two types of representations for the same
item to avoid representation collapse. To solve the optimization im-
balance, we propose a gradient modulation method that adaptively
controls the optimization process by monitoring the contribution
differences between ID and multimodal representations. Finally, we
conduct extensive offline experiments on four datasets and an A/B
test on an online video platform, demonstrating the effectiveness
and scalability of our proposed method.
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1 Introduction

Recommendation systems are widely employed across various on-
line platforms [15, 19, 41, 42], including e-commerce (e.g., Taobao),
social media (e.g., Instagram), and online video (e.g., TikTok and
Kuaishou). Large-scale industrial recommendation systems primar-
ily rely on sparse ID features, leveraging their strong fitting capacity
to memorize patterns between users and items. However, ID fea-
tures inherently lack the ability to capture the semantic content of
items [39, 54], exhibit limited generalization, and thus are insuffi-
cient for handling long-tail items, data sparsity, and cold-start.
Existing studies have shown that integrating multimodal infor-
mation (e.g., images and text) with categorical features (e.g., ID
and category) can improve recommendation performance [9, 23,
46, 51, 53, 56, 58, 59]. Several methods [9, 46, 47, 53, 58] use multi-
modal information as auxiliary features to improve the learning of
categorical features. BM3 [59] jointly trains content loss and rec-
ommendation objectives, while AlignRec [26] employs contrastive
learning for alignment. Meanwhile, Multimodal Large Language
Models (MLLMs) such as GPT-4V [1] and Gemini [43] have achieved
remarkable advancements in multiple areas. These models are capa-
ble of processing cross-modal data and generating unified represen-
tations with strong semantic understanding. Therefore, leveraging
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Figure 1: Results of using DCN as recommendation model on Amazon dataset: (a) Visualization of item ID and multimodal
representations; (b) Visualization of ID and multimodal top-representations (i.e., the input vectors to the classifier); (c) Validation-
set AUC of the ID-only model and the multimodal-only model; (d) Validation-set AUC of the combined model (ID-MM), where
“MM in ID-MM” indicates the validation-set AUC contributed by the multimodal component within the ID-MM model.

MLLM-generated multimodal representations to enhance recom-

mendation performance has emerged as a critical direction.
However, effectively integrating multimodal information into

recommendation systems still encounters two challenges:

e Distribution discrepancy (Fig. 1(a)-(b)): There is a sig-
nificant difference in the distributions of multimodal and
ID representations. Multimodal data typically contains rich
semantic information, whereas ID representations mainly
memory matching patterns. Directly combining the two may
thus lead to user—item mismatches and hinder recommenda-
tion performance.

Optimization imbalance (Fig. 1(c)-(d)): Multimodal repre-
sentations generally converge more slowly than ID features.
Under a unified training objective, this discrepancy in con-
vergence speeds can lead to an imbalance in optimization,
thereby limiting the full potential of multimodal features.

To address the aforementioned challenges, we propose a frame-
work called AB-Rec, designed to align and balance the learning
of ID features and multimodal representations, thereby enhanc-
ing recommendation performance. First, we employ a pre-trained
multimodal large language model (MLLM) to generate unified item
representations from textual and visual modalities. To ensure the
robustness and consistency of these representations, we fine-tune
the MLLM in three respects: modal alignment, meta-data process-
ing, and multimodal robustness. To reduce the distribution gap
between multimodal and ID features, AB-Rec aligns the distribu-
tions of both representations for each user—item pair by minimizing
the in-batch Wasserstein distance [36], while maximizing the dis-
tance between the two types of representations for the same pair
to prevent representation collapse. Furthermore, to address the op-
timization imbalance caused by the differing convergence speeds
of ID and multimodal features, we introduce a gradient modulation
method that adaptively adjusts the optimization strategy by moni-
toring their relative contributions during training, thus ensuring
more effective parameter learning.

Our contributions can be summarized as follows:

o We systematically investigate the distribution discrepancy
and optimization imbalance between multimodal and ID
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representations, and propose a framework called AB-Rec to
align and balance two representations.
e We reduce the distribution discrepancy by minimizing the
in-batch Wasserstein distance and maximizing the distance
between the two types of representations for the same item,
thereby avoiding representation collapse.
To solve optimization imbalance, we propose a gradient mod-
ulation method to effectively coordinate the training process.
e We conduct extensive experiments on four real-world datasets
and an online video platform, demonstrating the effective-
ness and scalability of AB-Rec.

2 Related Work

ID-based Recommendation. Currently, ID-based Recommenda-
tion (IDRec), which relies on user/item IDs, forms the core of indus-
trial recommendation systems [4, 57]. These models typically use
user-item pairs as input and integrate them with additional features
to predict the matching score between users and items. Early ID-
based models include item-to-item collaborative filtering [15, 24]
and shallow factorization models [16, 33]. With the advent of deep
learning, ID-based recommendation models have generally adopted
embedding and MLP architectures. The embedding module con-
verts each discrete ID from the original input into low-dimensional
vectors, while the MLP module aggregates the embedded vectors
and performs the final prediction. Although ID-based models are
widely used, they have significant limitations, such as the inability
to capture semantic information [28] and the persistent challenge
of the cold-start problem [38, 62].

Modality-based Recommendation. Modality-based Recom-
mendation (MoRec) replaces the ID embedding used in IDRec with
an item modality encoder (ME) [29, 50, 54], focusing on modeling
the content features of items based on their modalities (including
text [29, 49], image [27], and text-image multimodal pairs [50]).
Various methods have been proposed in news recommendation sys-
tems, such as PVisRec [29], which utilized a denoising autoencoder
to represent news articles and a GRU model to capture user inter-
ests from previously clicked articles; NRMS [49], which leveraged
multi-head self-attention networks to analyze news based on titles;
and MM-Rec [50], which detected ROIs (regions of interest) from
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news images using object detection and encoded them with news
text in a co-attention Transformer.

ID & Multimodal Recommendation. Another approach to
utilizing modal information for improved recommendations is to
integrate ID features with multimodal features. Early methods
typically concatenated visual or text features with ID-based fea-
tures [3, 9, 46, 47]. For instance, VBPR [9] enhances BPR-based
recommendations [34] by incorporating visual features. Recently,
some self-supervised learning methods, such as BM3 [59], have
simultaneously optimized inter-content loss and recommendation-
related user-item loss. Additionally, certain methods introduce aux-
iliary losses using multimodal information to derive better categor-
ical embeddings through graph structures, such as FREEDOM [58].
AlignRec [26] decomposes the recommendation objective into three
alignments. First, it pretrains the initial alignment to obtain unified
multimodal features. Subsequently, these multimodal features are
utilized as input to jointly train the remaining two alignments.

Multimodal Large Language Models. Recent years have seen
substantial advancements [21, 22, 32] in MultiModal (MM) pre-
training research, but these improvements come at the cost of
increased computational demands. To tackle this, researchers are
using pre-trained large language models (LLMs) [14] to create Mul-
timodal Large Language Models (MLLMs) [52, 55] that integrate
language with other modalities. Initial research primarily focuses on
multimodal content understanding and text generation, including
tasks such as image-text understanding, with examples like BLIP-
2 [20], LLAVA [25]. Subsequently, the capabilities of MLLMs have
been expanded to support specific modal outputs. This includes
tasks with image-text outputs, such as Kosmos-2 [30]. Recently,
MLLMs like GPT-4 [1] and Qwen2-VL [44] have demonstrated im-
pressive multimodal understanding and generation capabilities.

3 Method

We first introduce a formal definition of multimodal recommenda-
tion along with the associated notation in Section 3.1. In Section 3.2,
we detail the fine-tuning methodology for the MLLM and the pro-
cess of generating multimodal representations. In Section 3.3, we
describe how AB-Rec utilizes the Wasserstein distance to mitigate
the significant distributional discrepancy between ID and multi-
modal representations. In Section 3.4, we theoretically examine
the optimization imbalance phenomenon that arises during the
joint learning of ID and multimodal representations. To address
this issue, we propose a gradient modulation method in Section 3.5.

3.1 Problem definition

Let U represent the set of users, defined as U = {uj,uy, ..., ujq =
and let 7 denote the set of items, expressed as I = {iy, iy, ..., i1 .
Each sample is represented by the tuple (u, i, M, ry i), where u €
U,iel, M;= {mj’, mf } represents the multimodal information
(visual and textual) corresponding to item i and the label ry, ; is a bi-
nary indicator that indicates whether there is a positive interaction
between user u and item i. The problem of multimodal recommen-
dation, therefore, is to learn a prediction function, aiming to predict
the binary label ry, ; based on the input features.
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3.2 Multimodal Representation Generation

Inspired by recent advancements in MLLMs [1, 43, 44, 52, 55], we
employ a pretrained MLLM to unify textual descriptions and visual
information (e.g., images/videos) into a cohesive embedding repre-
sentation. Although pretrained MLLMs exhibit robust comprehen-
sion and representation abilities, their original evaluation metrics
are not specifically designed for recommendation tasks. Specifi-
cally, the alignment strategies of these models across modalities in
multimodal recommendation scenarios remain under explored and
are not carefully designed. To address this limitation and improve
the extraction of multimodal features, we introduce three align-
ment objectives for fine-tuning the MLLM. These objectives are
designed to improve the alignment between modalities and enhance
the model’s performance in recommendation tasks. Furthermore,
we append a special token [Item_cls] to the end of each item
description, enabling the model to condense extensive multimodal
token sequences into compact and informative embeddings.

For item i, a prompt is initially employed to integrate its cor-
responding multimodal information M; attributes into a unified
description. This prompt can be phrased as follows: "Integrate the
textual and visual information into an embedding representation.
Textual input: [Text], Visual input: [Image/video]." Subsequently,
this description is transformed by a MLLM (denoted as MMenc) into
a token sequence that concludes with the [Item_c1ls] token, result-
ing in: {t1, t2, ..., tm, [Item_cls]}. After encoding by the MLLM,
the hidden state associated with the [Item_cls] token is extracted
as the multimodal embedding for item i.

- ¢
e = MMEnc(m}, m;) .

1)

During the fine-tuning phase, we designed three specific align-
ment tasks for multimodal recommendation to enhance the adapt-
ability of MMEnc in recommendation scenarios:

Multimodal content alignment. To improve the alignment
between visual information and textual descriptions in recommen-
dation scenarios, we propose a method inspired by BERT [6]. Specif-
ically, for an item i we randomly replace 20% of the input text T;
with a special [MASK] token, resulting in the masked text T}, repre-
senting the masked portion of the text. The masked text and the
item’s visual information are then used as input, with the corre-
sponding complete textual description serving as the target. This
alignment encourages the model to learn the unique relationship
between visual and textual context.

Metadata processing. Textual information in recommendation
systems often encompasses both structured metadata (e.g., titles,
prices, tags, and versions) and unstructured text descriptions. En-
hancing metadata processing is crucial, as items are frequently
associated with metadata, which effectively characterize the items.
Enhancing metadata understanding can strengthen the encoding
capability of MLLMs in recommendation tasks. Specifically, for a
given item i, its metadata serves as input, while its detailed textual
description acts as the target. This approach bridges structured
metadata with unstructured text.

Robustness of Multimodal Features. To enhance represen-
tation and generalization capabilities through data augmentation,
we apply a masking strategy to partial tokens of both textual and
visual modalities for a given item i. The masked inputs are then
fed into MLLM to generate the hidden state corresponding to the
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Figure 2: The architecture of our proposed method.

[Item_cls] token, denoted as emb;. Simultaneously, we utilize
the complete textual and visual tokens as inputs to generate the
full multimodal features, denoted as embs, which serve as the fine-
tuning target. This approach encourages the model to learn robust
representations by reconstructing the complete multimodal features
from partially obscured inputs, thus enhancing its generalization
ability in recommendation scenarios.

3.3 Distribution Alignment

As described in Section 3.2, we obtain multimodal representations
through the fine-tuned MLLM, which typically capture rich se-
mantic and visual information. In contrast, ID representations are
primarily utilized for memory-based matching, resulting in a signif-
icant distributional discrepancy between them. Directly combining
these representations can lead to mismatches between users and
items, thus degrading recommendation performance. This discrep-
ancy can hinder the model’s ability to effectively align user prefer-
ences with item features. To address this issue, AB-Rec balances the
distributional differences by minimizing the in-batch Wasserstein
distance between the two feature types. Additionally, to prevent
representation collapse, it maximizes the distance between the two
representations within the same pair.

First, we use trainable embedding layers to obtain the ID-based
representations of items and users, denoted as egd and €4, respec-
tively. For item i, its multimodal representation e/*™ is generated
using the fine-tuned MLLM, as detailed in Section 3.2. For user u,
the multimodal representation e is computed by averaging the
multimodal representations of the most recent k items interacted
with by u , which are derived using the same approach. which are
obtained using the same approach. The multimodal representation
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for user u is computed as follows:

1
= ) e @
j€ly
where I, = {i:.‘, ig, el iZ} denotes the set of the k most recently

interacted items by user u.

Second, we concatenate the two features to form eid, which
acts as the input feature vector for the ID-based branch. Similarly,
€™M js obtained using the same approach. These features are then
processed through two distinct neural networks to generate the
ID representation and the multimodal representation, respectively.
This process can be formally expressed as follows:

b = £ = [elf e}]:0') ®3)
B = g(e™™ = [ e ] ™) @

For a batch of size n containing user-item pairs,we obtain the
following representations through forward propagation:

H' = (hid b, hi}, H™™ = (W™ hD™, B, (5)

where H? and H™" denote the ID-based and multimodal rep-
resentations, respectively. To measure the distributional discrep-
ancy between these two types of representations, we compute the
Wasserstein distance [36] within the batch as follows:

WZZ(Hid, Hmm) — ||[lid—,l,lmm||2+TI' (Zid +ymm _ Z(Zidzmm)l/z)
(6)

where ,uid and x4 represent the mean and covariance matrix of
the ID-based representations, respectively:

n

n
id _ 1 id sid _ 1 id _ idyyid _  id\T
p —n;hi, ) -n_1;<h,~ P — T (7)
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Similarly, ™™ and ™™ are computed for the multimodal repre-

sentations using the same procedure.

To ensure robust learning and prevent representation collapse,
we introduce a regularization term to maximize the cosine distance
between the ID and multimodal representations of the same user-
item pair. The overall alignment loss L4, is formulated as:

np
1 2
Latign = ax— > 2/ (14"
np
k=1
®)

where n, = N/n, N represents the total size of the dataset, a, f are
hyperparameters controlling the trade-off between the Wasserstein
distance and the cosine regularization, and cos(,-) denotes the
cosine similarity. This formulation ensures distinct representations
while aligning their distributions, thereby enhancing the model’s
robustness and generalization capability.

3.4 Optimization Imbalance Analysis

In the joint learning of ID and multimodal representations for rec-
ommendation, we observe an optimization imbalance phenomenon,
where one representation dominates the learning process, causing
the other to be under-optimized. We introduce the analysis of the
optimization imbalance phenomenon for the model with concate-
nation as fusion method. In our recommendation model, the logits
output is formulated as:

W(f (el 6!); g(e™™; 0™™)] + b ©)

To observe the optimization process of each component individually,
W can be represented as the combination of two matrix: wid and
W™ The Equation 9 can be rewritten as:

o(xi) =

o(xi) = W s f(e;0') + W™ 5 g(e™™0™™) + b (10)
The model is trained using binary cross-entropy loss:
1 N
=5 2, wilogdi+ 1=y log(1=4)), (1)

i=1
where the predicted probability is § = o(¢(x;)). The gradient of
the loss with respect to the logit is:

=o(p(xi)) - (12)

6()

Applying the chain rule, the gradients for the ID weights and back-
bone parameters of the ID representation are as follows:

N
oL 1 oL id nid
— = — ;0 13
owid N ; 9 (xi) A "
daf(eid;eid)
—_— = = 14
aeld Z aw(xl aetd ( )

According to Equations 13 and 14, the optimization of W¢ and f(-)
is nearly independent of the optimization of multimodal parameters
W™ and g(-), except for the term associated with the training loss.
As a result, the backbone have limited ability to make adjustments
based on feedback from one another. The analysis of the feed-
forward and back-propagation stages reveals that both the model

N
it mm 1 ;
Hy Y, ))+/3*—2N > (1=cos(hid, b))
i=1
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predictions and gradients are governed by the sum of ID and multi-
modal (MM) components. Since ID features converge faster and con-
tain stronger discriminative information they dominate the model
prediction ¢(x;) and gradient % ( S through W4 f(el?; 9!4) Even
if the MM representations remain under-optimized and produce
erroneous outputs during training, the more informative ID com-
ponents can still "correct” these errors through summation, thereby
influencing both the feed-forward and back-propagation processes.
Consequently, according to Eq. (9) and Eq. (11), the MM, which has
relatively lower confidence in the correct category, receives limited
optimization, leading to its under-utilization. Based on this analysis,
ID features play a dominant role in the optimization process. As the
model approaches convergence, MM components may still require
further training to compensate for their under-optimized features.

3.5 Gradient Modulation

Firstly, we follow the standard stochastic gradient descent (SGD)
framework, where the parameters are updated as:

0141 = 0 — k= VoL(0y), (15)

where 0; denotes model parameters at iteration ¢, and k is learning
rate. L(0;) = ﬁ 2ix;e 8, L(xi; 0¢) is the mini-batch loss, B; is the
t-th mini-batch.

As discussed, the optimization dynamics of ID and MM repre-
sentations in recommendation model are often imbalanced, leading
to under-optimization of the weaker representation. To mitigate
this issue, we introduce the gradient modulation method, which
adjusts the learning process by monitoring the relative contribution
of each representation to the training objective.

We define a contribution score s that quantifies the influence
of each representation in the training objective. Specifically, for a
given sample x;, the contribution score is formulated as:

s=yxp+(1-y)*(1-p). (16)

where p = o(W = f(e; 0) + b/2) represents the predicted probability
of the positive class, which serves as an approximation of the uni-
modal prediction in the recommendation model. Here, we define
the contribution difference ratio between ID and MM as follows:
in € Bt slld

mm "

Zx,-ei’?, S

id _

)’t (17)

A higher value of y;d
sentation in the training process. And y;*™

indicates a stronger influence of ID repre-
is accordingly defined
as the reciprocal of y;d. To mitigate the optimization imbalance,
We can use the modulation coefficient w; to adaptively adjust the
gradient updates:

{1 —tanh(n-ys), y:>1
wy =

(18)

1, others

where 7 is a hyper-parameter that controls the modulation strength.
When the ID representation contributes significantly more than

M (y;d > 1), the update for ID is scaled down to prevent excessive
reliance on ID-based features, ensuring that the MM representation
receives adequate optimization efforts. Integrating this modulation
into the gradient-based optimization, the parameter update follows:

Ore1 = 0p — K * @y * VoL(67) (19)



KDD ’25, August 3-7, 2025, Toronto, ON, Canada

Table 1: Dataset Statistics.

Dataset ‘ #Users #Items  #Inters.  Sparsity
Baby 19,445 7,050 160,792 99.88%
Sports 35,598 18,357 296,337 99.95%
Electronics | 192,403 63,001 1,689,188  99.99%
Industrial 174267 610309 6005100 99.99%

By applying this gradient modulation, the optimization imbalance is
effectively reduced, ensuring that both ID and MM representations
contribute meaningfully to the recommendation model.

4 Experiment
4.1 Setup

4.1.1 Dataset. We adopt the offline experiments on industrial
datasets and three categories of the Amazon dataset [27]! for re-
producibility. In these datasets, each review rating is considered
a record of a favorable interaction between user and item. The
statistical results of the datasets are shown in Table 1.

e The extensive industrial dataset(referred to as Industrial),
has been gathered from a real-world streaming short-video
platform. It includes approximately 6 billion impressions
and over 50 million daily users. We collected interaction logs
from a subset of users over a span of 14 days and utilized the
data from the following day for evaluation purposes.

e We perform experiments on three categories of the Amazon
dataset [27]: (a) Baby; (b) Sports; (c) Electronics. The raw data
of each dataset are pre-processed with a 5-core setting on
both items and users following [26, 59].

4.1.2  Baselines. Our baseline is divided into two parts. The first
part presents a comparison between AB-Rec and other state-of-
the-art multimodal recommendation methods, including VBPR [9],
BM3 [59], FREEDOM [58], AlignRec [26]. The second part demon-
strates that AB-Rec is not dependent on the backbone architecture
illustrated in Figure 2. To validate the generalization capability of
our approach, we employ diverse backbone architectures, including
MLP [17], DCN [45], Fibinet [12], AutolInt [40]. Notably, in our
experimental setup, the backbone architectures for both the ID side
and the multimodal side are kept consistent.

4.1.3  Evaluation Metrics. To ensure a fair comparison, we employ
three widely-used evaluation metrics:

e AUC: AUC (Area Under the Curve) [11] refers to the area
under the ROC curve. A higher AUC value indicates stronger
classification capability.

e LogLoss: LogLoss (logarithmic loss) [8] is a loss function
utilized to assess the performance of classification models.
A smaller LogLoss value signifies more accurate predictions.

® Recall@K: denoted as R@K [31], measures the proportion
of relevant items successfully retrieved within the top-N
recommendations. It reflects the model’s ability to identify
and prioritize items that align with user preferences.

IThe dataset can be accessed athttps://cseweb.ucsd.edu/~jmcauley/datasets/amazon/
links.html.
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Table 2: Comparison of Zero-Shot Recommendation On Ama-
zon dataset, measured by R@20 and R@50.

Generation Baby Sports Electronics
Methods R@20 R@50 | R@20 R@50 | R@20 R@50
Amazon 0.0052  0.0150 | 0.0093 0.0135 | 0.0040 0.0072
MLLM 0.0140  0.0345 | 0.0202 0.0364 | 0.0053 0.0089
AB-Rec 0.0276  0.0509 | 0.0293 0.0478 | 0.0175 0.0206
4.1.4 Implementation Details. During the fine-tuning phase, we

utilized Qwen2vl-2b? as the backbone model and conducted fine-
tuning for 5 epochs on four datasets with a batch size of 128, em-
ploying 8 A100 GPUs. For AB-Rec, We conducted offline model
evaluation on an RTX 4090 GPU using TensorFlow 2.9.0, with Adam
as the optimizer. The hyper-parameters a, f and n were searched
within {0.1,0.2, ..., 1.0}, while batch size and learning rate were
tuned over {256,512, 1024,2048} and {le — 3,1e — 4, le — 5}, re-
spectively. The best model was selected based on the minimum
validation loss, and early stopping was applied with a patience of 5
to prevent over-fitting.

4.2 Performance Comparison

4.2.1 Multimodal representation evaluation. We conduct zero-
shot recommendation experiments [26] on the Amazon dataset to
demonstrate the effectiveness of the multimodal representation
generation method proposed in AB-Rec. Following AlignRec [26],
for the zero-shot recommendation of user u, the most recently in-
teracted item is treated as the target item, while the remaining
items form the historical behavior sequence. The user’s multimodal
feature representation is generated by averaging the multimodal
features of the items in the historical sequence. Then, the similarity
between this representation and the multimodal features of each
item in the candidate set is computed to check if the target item
appears among the top-K most similar items.

We compared two approaches: one based on traditional meth-
ods [9, 27], where separate visual encoders (e.g., CNN) and text
encoders (e.g., sequence Transformer) are used to extract visual
and textual features, and another based on an unfinetuned MLLM.
We used R@20 and R@50 as the evaluation metric. For a fair com-
parison, we concatenated the extracted visual and textual features
to form a unified multimodal feature for the traditional methods.
The experimental results are shown in Table 2. The findings reveal
several key insights: (i) Compared to the traditional approach that
separately uses CNN and Transformer to extract visual and textual
features, AB-Rec employs a visual-text alignment strategy specifi-
cally designed for recommendation scenarios, demonstrating more
effective utilization of multimodal information. (i) Our fine-tuning
strategy, tailored for recommendation tasks, fully leverages the
pretrained MLLM’s powerful capabilities in modality alignment
and understanding, leading to higher-quality representations.

4.2.2 Compared to different backbones. Table 3 presents the
AUC performance of our proposed AB-Rec framework evaluated on
different backbone architectures We conducted experiments on four

2https://github.com/QwenLM/Qwen2-VL
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Table 3: Performance comparison of AB-Rec and ID, MM,
ID+MM models across different backbone architectures, mea-
sured by AUC.

Backbone Model | Baby Sports Electronics Industrial
ID 0.6748  0.6985 0.7180 0.8125
MLP MM 0.6222  0.6263 0.6572 0.7616
ID+MM | 0.6736  0.7084 0.7240 0.8267
AB-Rec | 0.6871 0.7114 0.7284 0.8300
ID 0.6704  0.6853 0.7181 0.8126
DCN MM 0.6208  0.6240 0.6513 0.7563
ID+MM | 0.6721 0.6816 0.7101 0.8247
AB-Rec | 0.6839 0.6937 0.7203 0.8277
D 0.6790  0.7036 0.7206 0.8126
Fibinet MM 0.6150  0.6218 0.6542 0.7473
ID+MM | 0.6636  0.7109 0.7279 0.8232
AB-Rec | 0.6805 0.7152 0.7305 0.8269
ID 0.6745  0.6945 0.7099 0.8110
Autolnt MM 0.5830  0.6012 0.6373 0.7388
ID+MM | 0.6695  0.6830 0.7186 0.8237
AB-Rec | 0.6835 0.7034 0.7216 0.8248

Table 4: Comparison of AUC and LogLoss between AB-Rec
and other multimodal recommendation methods.

Dataset  Metrics | VBPR FREEDOM BM3 AlignRec AB-Rec
Baby AUC 0.6729 0.6802 0.6715 0.6832 0.6871
Logloss | 0.6425 0.6382 0.6392 0.6358 0.6335

Sports AUC 0.6985 0.7023 0.6932 0.7101 0.7152
Logloss | 0.6041 0.5978 0.6023 0.5925 0.5898

Electronics AUC 0.7158 0.7221 0.7119 0.7274 0.7305
Logloss | 0.6012 0.5951 0.6053 0.598 0.5935

Industrial AUC 0.8120 0.8284 0.8052 0.8253 0.8300
Logloss | 0.2513 0.2458 0.2601 0.2427 0.2399

model configurations: (1) ID, which uses only ID features for train-
ing; (2) MM, which relies solely on multimodal features; (3) ID+MM,
which combines both ID and multimodal features but excludes the
distribution alignment and Gradient Modulation modules present
in AB-Rec; (4) AB-Rec.

The results reveal the following insights: (i) AB-Rec consistently
achieves the best performance across all architectures, demonstrat-
ing its robustness and adaptability to various ID&MM recommen-
dation frameworks, independent of the backbone choice. (ii) On
smaller datasets (e.g., Baby, Sports), the performance of ID+MM
models is inferior to that of ID models. This may be due to more
significant distribution conflicts between the two feature types in
smaller datasets, making their integration more challenging.

4.2.3 Compared to different baselines. Table 4 presents the
AUC and LogLoss performance of our proposed AB-Rec framework
compared to other multimodal recommendation methods on four
datasets. From the experimental results, we find the following ob-
servations: (i) AB-Rec achieves superior performance over existing
multimodal recommendation baselines across all four datasets. It
is noteworthy that our framework primarily addresses the distri-
butional conflicts between ID features and multimodal features, as
well as the imbalance in their convergence rates, while employ-
ing relatively simple neural network architectures. Consequently,
the observed performance improvements are largely attributed to
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Table 5: Ablation Studies on AB-Rec.

Model ‘ Baby Sports Electronics Industrial
AB-Rec | 0.6871 0.7152 0.7305 0.8300
-DA 0.6804  0.7103 0.7288 0.8257
-CR 0.6842  0.7136 0.7290 0.8284
-GM 0.6741  0.7085 0.7213 0.8209

our fine-tuning strategies for MLLM, the design of the distribution
alignment loss function, and the gradient modulation mechanism.
These strategies collectively validate the efficacy of our proposed
framework. (ii) Unlike most previous works that employ separate vi-
sual and text encoders to extract visual and textual features, AB-Rec
utilizes a fine-tuned MLLM to directly extract multimodal features,
significantly improving the quality of embeddings. For instance,
compared to VBPR, AB-Rec achieves at least a 1.5% improvement
in AUC across all datasets. This enhancement is attributed to the
powerful pretraining capabilities of MLLMs, which not only effec-
tively align visual and textual representations but also seamlessly
fuse information from both modalities.

4.3 Ablation Study

In this part, we conduct ablation studies to investigate the contribu-
tion of each designed module in AB-Rec. To this end, we compare
AB-Rec with three variants: (i) w/o Distribution Alignment(-DA),
where the distribution alignment loss function L4, is removed
during training; (ii) w/o Cosine Regularization(-CR), where the
cosine regularization term, which prevents representation collapse,
is removed from the Distribution Alignment module; and (iii) w/o
Gradient Modulation(-GM), where the Gradient Modulation mod-
ule is omitted during the update process, thereby ignoring the issue
of inconsistent convergence rates between the ID side and the mul-
timodal side. These variants allow us to systematically evaluate the
impact of each component on the overall performance of AB-Rec.

Table 5 presents the experimental results, which illustrate two
key observations: (i) All designed modules are crucial for AB-Rec.
The removal of any module leads to a noticeable decline in AUC per-
formance. (ii) Gradient Modulation has the most significant impact
on performance. This is because the discrepancy in convergence
rates between the ID side and the multimodal side directly affects
the contribution of multimodal features to the recommendation
results. By dynamically balancing the convergence rates of both
sides through Gradient Modulation, we ensure better compatibility
between multimodal features and ID features, thereby enhancing
the overall effectiveness of the model.

4.4 In-depth Analysis

44.1 Performance of Items with Different Frequencies. Fig-
ure 3(a) presents the results of a bucket experiment based on item
frequency (where G1 represents the highest frequency and G5 the
lowest), with AUC as the evaluation metric. The following observa-
tions can be made: (i) For the G5 bucket, which can be interpreted
as addressing the cold-start problem, ID-based models struggle to
effectively characterize item profiles due to the limited number
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Figure 3: Comprehensive Analysis of using MLP as recommendation model on Amazon dataset: (a) AUC Results of Four type
of Models Based on Item Interaction Frequency Buckets; (b) Sensitivity of AB-Rec’s AUC Performance to Hyperparameters;
(c) AUC Performance and Convergence Trends of Four Type Models Across Epochs; (d) Visualization of ID and Multimodal
Top-Representations in AB-Rec (Input Vectors to the Classifier).

of interactions. In contrast, multimodal models excel in this sce-
nario by leveraging visual and textual content to better represent
items. (ii) Simply combining ID-based models with multimodal
models does not always yield positive gains. This is primarily due
to conflicts in feature distributions and significant disparities in
convergence rates between the two types of models. (iii) Across
all buckets, AB-Rec achieves superior performance, particularly in
addressing the cold-start problem where interaction data is sparse.
By employing distribution alignment and the Gradient Modula-
tion strategy, AB-Rec effectively exploits multimodal features to
enhance performance.

4.4.2 Hyper-parameter Study. In Figure 3(b), we analyze the hy-
perparameters & and f from Equation 8, as well as 1 from Equation
18. As illustrated in the figure, the optimal parameter configuration
is determined to be a = 0.25, f = 0.7, and 5 = 0.6. Further analysis
reveals that variations in 7 have a more pronounced impact on
the AUC compared to « and f. This is primarily because the value
of n directly influences the modulation coefficient in Equation 18,
whereas « and f are responsible for adjusting the weight of the
distribution alignment strategy (i.e., Lgjign)- Consistent with the
ablation studies in Section 4.3, these findings indicate that the Gra-
dient Modulation module exerts a more significant influence on the
AUC than the distribution alignment strategy.

4.4.3 Convergence Analysis. In Figure 3(c), We analyze the con-
vergence imbalance between multimodal (MM) and ID represen-
tations and validate the effectiveness of AB-Rec in addressing this
issue. As illustrated in the figure, significant convergence disparities
exist between the ID and MM components, regardless of whether a
single ID/MM architecture or a combined ID & MM architecture is
employed. Specifically: (i) The performance of the MM architecture
typically improves continuously as the number of training epochs
increases, whereas the optimal performance of the ID architecture is
usually achieved within the first epoch. (ii) The ID+MM architecture
exhibits convergence behavior similar to that of the ID architecture,
indicating that the ID side dominates during training, and multi-
modal features are underutilized. Our proposed AB-Rec addresses
this issue through the Gradient Modulation module, which dynami-
cally balances the convergence rates between the ID and MM sides,
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Table 6: Online A/B test of different methods.

Main  watch-time app usage longview short view
+MM +0.022% +0.008% +0.132% -0.160%
AB-Rec +0.175% +0.124% +0.678% -0.235%

thereby enhancing the compatibility between ID and multimodal
representations.

4.4.4 Representation Visualization. InFigure 3(d), we we present
a visualization of the top representations of ID and multimodal fea-
tures (i.e., the input vectors to the classifier) for the AB-Rec model
with a DCN network backbone after training. Compared to Figure
1(b), which illustrates training without the Gradient Modulation
and Distribution Alignment strategies, it is evident that AB-Rec
effectively mitigates the distributional conflict between ID and mul-
timodal representations.

4.5 Online A/B test

Table 6 summarizes the results of our online A/B test on a short-
video platform, comparing the simple integration of multimodal
features (+MM) with our proposed AB-Rec framework. Although
incorporating multimodal features into the baseline model does
yield some performance gains across a few key metrics, the overall
improvement remains limited. This indicates that merely adding
multimodal information does not fully capitalize on its potential
and highlights the need for further analysis and optimization. By
contrast, AB-Rec significantly enhances engagement and usage
metrics, demonstrating that a more systematic alignment and bal-
ancing strategy is crucial for maximizing the benefits of multimodal
information in an online production environment.

5 Conclusion

In this paper, we introduced AB-Rec, a framework designed to
align and balance ID and multimodal representations for large-
scale recommendation. By leveraging a pretrained multimodal large
language model (MLLM), AB-Rec generates unified item represen-
tations, addresses the distribution discrepancy between ID and
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multimodal features through in-batch Wasserstein distance mini-
mization, and mitigates the optimization imbalance with a gradient
modulation method. Experiments on four real-world datasets and
an A/B test on an online video platform validate the effectiveness
and scalability of our approach.
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