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Abstract

Foundation models have revolutionized artificial intelligence
across numerous domains, yet their transformative poten-
tial remains largely untapped in Extreme Multi-label Clas-
sification (XMC). Queries in XMC are associated with rel-
evant labels from extremely large label spaces, where it is
critical to strike a balance between efficiency and perfor-
mance. Therefore, many recent approaches efficiently pose
XMC as a maximum inner product search between embed-
dings learned from small encoder-only transformer architec-
tures. In this paper, we address two important aspects in
XMC: how to effectively harness larger decoder-only mod-
els, and how to exploit visual information while maintain-
ing computational efficiency. We demonstrate that both play
a critical role in XMC separately and can be combined
for improved performance. We show that a few billion-size
decoder can deliver substantial improvements while keep-
ing computational overhead manageable. Furthermore, our
Vision-enhanced eXtreme Multi-label Learning framework
(ViXML) efficiently integrates foundation vision models by
pooling a single embedding per image. This limits computa-
tional growth while unlocking multi-modal capabilities. Re-
markably, ViXML with small encoders outperforms text-only
decoder in most cases, showing that an image is worth bil-
lions of parameters. Finally, we present an extension of ex-
isting text-only datasets to exploit visual metadata and make
them available for future benchmarking. Comprehensive ex-
periments across four public text-only datasets and their cor-
responding image enhanced versions validate our proposals’
effectiveness, surpassing previous state-of-the-art by up to
+8.21% in P@1 on the largest dataset.

Code — https://github.com/DiegoOrtego/vixml

1 Introduction

Scaling neural network architectures has proven to be an ef-
fective strategy for improving the performance of baseline
models, as evidenced by powerful foundation models across
natural language processing (Brown et al. 2020; Dubey et al.
2024; Abdin et al. 2024; Yang et al. 2025) and computer vi-
sion (Radford et al. 2021; Zhai et al. 2023; Tschannen et al.
2025; Bolya et al. 2025). Despite the success of this scaling
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Figure 1: Overview of ViXML multi-modal framework,
which supports both encoder language models (LMs) and
decoder LLMs. ViXML efficiently incorporates visual meta-
data in queries (a;) and labels (a,-) while freezing the vision
encoder for efficiency. Prompts (€] and £.) combine text and
projected image embeddings (£ and V). Sentence embed-
dings (h!, and hy) are learned via contrastive learning.

paradigm, efficiency and computational constraints pose sig-
nificant challenges when leveraging Large Language Mod-
els (LLMs) for complex real-world tasks. In particular, this
paper tackles this challenge for eXtreme Multi-label Clas-
sification (XMC) (Babbar and Scholkopf 2017; Zhang et al.
2021; Dahiya et al. 2021b; Jain et al. 2023; Gupta et al. 2024,
Prabhu et al. 2025), where the task is to predict the most rel-
evant subset of labels for a given query from an extremely
large label space, often containing millions of labels (Bha-
tia et al. 2016), e.g., in product recommendation, sponsored
search and document tagging applications.

Balancing high-quality predictions with computational
efficiency is paramount for XMC tasks. Despite the success
of decoder-only LLMs (Lee et al. 2025; Zhang et al. 2025)
in extracting embeddings, their adoption in XMC is still
an open challenge. While this scaling paradigm represents
one potential avenue for performance enhancement, it in-
troduces substantial computational overhead. Therefore, we



also study efficient strategies to boost XMC performance. In
particular, we devote our attention to item metadata, which
has shown improvements in recent work (Mohan et al. 2024;
Prabhu et al. 2025) by exploiting category or hyperlink in-
formation. However, limited attention has been directed to-
wards exploiting visual metadata, with MUFIN (Mittal et al.
2022) being the only notable example to date.

To address these challenges, this paper embraces dual-
encoder learning (Dahiya et al. 2021a; Gupta et al. 2024) for
XMC, also known as Siamese-style training. This approach
trains transformer encoders using contrastive learning, ad-
dressing XMC via maximum inner product search of the ex-
tracted embeddings. Building upon this learning paradigm,
we explore scalability and efficiency in two ways: (1) we
propose a simple yet effective strategy for the adoption of
decoder-only transformers, scaling them up to 7B parame-
ters, which strikes a balance between capacity and efficiency
for XMC; (2) we explore images as a key metadata and de-
sign an efficient approach to inject visual information using
foundation vision models. For decoder-only models, we em-
bed texts within structured prompt templates that provide the
LLM with contextual information about the input, and ex-
tract sentence embeddings to perform dual-decoder learning.
Additionally, we introduce Vision-enhanced eXtreme Multi-
label Learning (ViXML), a general multi-modal framework
that can be paired with any Siamese-style method for ef-
ficiently incorporating visual metadata into XMC. ViXML
utilizes a single image embedding per image and concate-
nates it with input text token embeddings. For decoder mod-
els, we modify the structured prompt template to explic-
itly acknowledge the availability of image information. Cru-
cially, ViXML preserves efficiency by eliminating the need
to train visual encoders and avoiding substantial increases in
sequence length. In Figure 1, we present a general diagram
of ViXML. Our main contributions are as follows:

We propose a dual-decoder learning approach to effec-
tively adapt decoder-only architectures for XMC.

We introduce ViXML, a novel multi-modal framework
that incorporates images as highly effective metadata for
Siamese-style XMC.

We extend three text-only datasets with visual metadata
from Amazon Reviews (Hou et al. 2024) and make them
publicly available to foster multi-modal XMC research.

We systematically examine how scaling transformer
backbones affects performance, achieving state-of-the-
art results with the biggest decoder-only models.

We comprehensively evaluate ViXML in several datasets
against state-of-the-art methods, reaching remarkable
improvements that range from +5.07% to +8.21% points
in P@1. Notably, ViXML with a 66M parameter encoder
outperforms text-only billion-parameter models, demon-
strating the effectiveness of visual metadata.

2 Related Work

Extreme Multi-label Classification (XMC). Siamese-
style XMC using contrastive learning has received signifi-
cant attention in recent years (Kharbanda et al. 2024; Gupta
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et al. 2024; Mohan et al. 2024; Dahiya, Ortego, and Jiménez
2025; Prabhu et al. 2025) due to their efficiency in han-
dling a large number of labels. Early contrastive learning
approaches (Dahiya et al. 2021a) did not use deep neural
networks and their subsequent adoption marked a significant
advancement in model performance (Dahiya et al. 2023b;
Gupta et al. 2024; Dahiya, Ortego, and Jiménez 2025).
For example, (Dahiya et al. 2023a) reduced training com-
plexity with negative sampling, while (Gupta et al. 2024)
demonstrated state-of-the-art results using all negative la-
bels batch-wise. To overcome short-text ambiguity (Dahiya
et al. 2023b; Dahiya, Ortego, and Jiménez 2025) proposed
enriched label representations. Alternatively, embedding-
based predictions can be improved by learning extreme clas-
sifiers (Dahiya et al. 2023a) or jointly training the embed-
dings and classifiers (Kharbanda et al. 2024). Other works
pose XMC as meta-classifier learning (Jiang et al. 2021;
Mittal et al. 2021; Chien et al. 2023; Zhang et al. 2021) or
brute-force extreme classifier learning (Jain et al. 2023).

Metadata in XMC. Short-text ambiguity in queries and
labels limits XMC performance. In (Mittal et al. 2022) they
demonstrated that visual cues can boost performance, while
authors in (Mohan et al. 2024) exploited textual metadata
(e.g. category information) available only at training time
and inferred it at test time. More recently, (Prabhu et al.
2025) exploited metadata to learn a teacher model that is
later leveraged during metadata-free training. In this paper,
we extend existing XMC Amazon datasets with images and
exploit them as metadata for training and inference.

Text embeddings with decoder-only LLMs. The text-
embedding community has successfully adopted LLMs. For
example, authors in (Jiang et al. 2024) demonstrated that
prompting an LLM with “This sentence: [text] means in one
word:" provides a robust text representation in the last to-
ken. More recently, authors in (Thirukovalluru and Dhin-
gra 2025) extended this idea by ensembling representa-
tions for the same text with different perturbations. Nev-
ertheless, finetuning improves results (Jiang et al. 2024;
BehnamGhader et al. 2024) and numerous works followed
this path studying: uni-directional vs bi-directional atten-
tion (BehnamGhader et al. 2024; Lee et al. 2025; Zhao et al.
2025), in-context-learning (Li et al. 2025) or keeping gener-
ative capabilities (Muennighoff et al. 2025). Task adaptation
is usually conducted with query instructions (Lee et al. 2025;
Zhang et al. 2025). Recent embedding-based XMC (Dahiya
et al. 2023b; Gupta et al. 2024) predominantly use deep en-
coders. However, to the best of our knowledge, only two
works exploited LLMs with no clear gains: QUEST (Zhou
et al. 2024) and MOGIC (Prabhu et al. 2025). QUEST re-
sults with Llama-7B significantly underperformed state-of-
the-art encoder models, while MOGIC’s LLM based oracles
failed to surpass encoder-only ones. Therefore, effectively
leveraging decoder-only LLMs for Siamese-style XMC is
an open challenge that we address in this work.

Multi-modal embeddings with Vision-Language Mod-
els (VLMs). Following LLMs for text embeddings, authors
in (Jiang et al. 2025) recently proposed a contrastive learn-
ing framework to convert VLMs into an embedding mod-
els and address multiple embedding tasks using instructions.



Other works embraced the same spirit: (Liu et al. 2025)
employed a language-only pretraining and multi-modal in-
struction tuning to progressively enhance retrieval perfor-
mance; (Chen et al. 2025) employed bi-directional attention
to enhance context-aware reasoning during continual pre-
training, and later performed contrastive finetuning on di-
verse tasks; (Gu et al. 2025) performed knowledge distilla-
tion from a powerful LLM and instruction tuning with hard
negatives. In XMC, finetuning these popular VLMs would
require adding hundreds of visual tokens, dramatically in-
creasing computational requirements. We, therefore, explore
how to efficiently meet multi-modality in this work.

3 Method

3.1 Problem Formulation

In XMC, we consider the availability of a dataset D
{x;, P;}M, with M data points or queries. Here, the query
x; = {qi,a;} is endowed with the textual description ¢;
and visual metadata a;. P; and N; are the set of positive
and negative labels for the i-th query, respectively. Note that
P; UN; = Y, where Y is the set of L labels. Additionally,
each label y is endowed with a textual description (l,.) and
visual metadata (a,) (Dahiya et al. 2021a; Kharbanda et al.
2024; Gupta et al. 2024; Mittal et al. 2022). We define the vi-
sual metadata sets as A, = {a;}2, and A; = {a,}L_, for
queries and labels, respectively. In practice, a; and a, can
contain one or multiple images and, occasionally, be empty
when no visual information is available.

Predicting the positive labels for every query z; can be
achieved by posing XMC as a maximum inner product
search between the query and label embeddings. The train-
ing process involves learning a function fy : (X,)) — RY,
where 6 denotes the parameters of a neural network that sep-
arately encodes query and labels into the d-dimensional sen-
tence embeddings h! and hj. Note that hj can be defined
as hy, and hj, to denote positive and negative label embed-
dings, respectively. The text-only setup ignores visual meta-
data and is a special case of our proposed formulation, which
is widely used in the existing literature (Dahiya et al. 2021a;
Gupta et al. 2024; Mohan et al. 2024).

3.2 Dual-decoder Learning

Siamese-style XMC (Dahiya et al. 2023b; Kharbanda et al.
2024; Gupta et al. 2024) predominantly uses deep encoders
as backbone neural networks, i.e., dual-encoder learning,
and demonstrate that bigger backbones bring consistent im-
provements in performance. From this observation, the nat-
ural step is to explore bigger decoder-only architectures and
exploit them for XMC. However, as discussed in Section 2,
no Siamese-style method has effectively leveraged decoder-
only LLMs in this field. These results contrast decoder
LLMs’ dominance in text embeddings benchmarks (Wang
et al. 2024; Muennighoff et al. 2025; Lee et al. 2025). Mo-
tivated by this disparity, we investigate effective strategies
to leveraging the strong generalization capabilities of LLMs
and propose a text-only dual-decoder learning methodol-
ogy that boosts encoder-only performance while maintain-
ing manageable computational requirements.
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Prompting. We define a sequence of input embeddings &/
for each query g;, so queries are embedded within a struc-
tured prompt template. We do so by concatenating to the se-
quence of text token embeddings &; = {eg, e, eq,...,eg},
a prefix, and end-of-sequence (EOS) token as

E=T ® & @ egos, (1

where @ denotes the concatenation operator and 7 is the
sequence of token embeddings for the prefix. In practice,
we use the text prefix “This product text" and the end-of-
sequence “<lendoftext|>" with token embedding egos. The
same structured prompt is applied to each label [, to build &/
from its sequence of text token embeddings &,.. This concise
template enables input contextualization and keeps a low se-
quence length to constrain the memory overhead. Alterna-
tive prefix and EOS choices are analyzed in Section 4.4.

Embedding extraction. During LLMs forward pass
we keep uni-directional attention as we found it to
work well and aligns with pre-training. However, we
leave for future work the open question of whether bi-
directional (BehnamGhader et al. 2024; Lee et al. 2025) or
uni-directional (Zhao et al. 2025) attention works best.

Optimization. The proposed dual-decoder learning
framework can exploit any contrastive learning strategy. In
this paper we adopt the triplet loss as proposed in (Dahiya
et al. 2023a) for either encoder or decoder architectures:

B
£=Y "> [hi -hi—h}-hj+ml, )

i=1 jeP;
kEN; i

where B denotes the number of batch queries, m is a mar-
gin and h refers to L2-normalized embeddings. For effi-
ciency, we use NGAME (Dahiya et al. 2023a) hard neg-
ative mining strategy, thus introducing abuse of notation
for N; when using it to denote the subset of negatives se-
lected rather than all negative labels. This vanilla optimiza-
tion is used in NGAME (Dahiya et al. 2023a), however there
are better ways of learning embeddings for XMC (Khar-
banda et al. 2024; Mohan et al. 2024; Dahiya, Ortego, and
Jiménez 2025). In the first half of Table 5 (Section 4.3) we
compare the performance of three approaches (NGAME,
DEXA (Dahiya et al. 2023b) and PRIME (Dahiya, Ortego,
and Jiménez 2025)). In the remaining of the paper and un-
less otherwise stated, we adopt PRIME as our base method.
In particular, PRIME introduces a shallow label prototype
network to aggregate text embeddings, learnable auxiliary
vectors and centroids for building enriched label represen-
tations. Note that PRIME extends the optimization in Eq. 2
with additional terms and we refer the reader to (Dahiya,
Ortego, and Jiménez 2025) for a detailed explanation.

Fine-tuning LLMs is resource-intensive, and inference
often suffers from high latency compared to encoder-only
transformers. To mitigate these challenges, we adopt rel-
atively small LLMs (up to 7B parameters) and leverage
their sample efficiency capabilities to reduce training times.
While inference throughput will always be impacted due to
its increased parameter size, specialized hardware or kernel-
based implementations like vLLM, can make small LLMs



practical for XMC. The results of text-only dual-decoder
learning are presented in Section 4.2, showing that scaling to
decoder-only LLMs clearly surpass encoder architectures.

3.3 The ViXML Framework

The adoption of item metadata (Mittal et al. 2022; Mohan
et al. 2024; Prabhu et al. 2025) poses a promising path to-
wards more robust XMC. Following this trend, we propose
Vision-enhanced eXtreme Multi-label Learning (ViXML), a
multi-modal framework that extends Siamese-style XMC to
leverage visual metadata. ViXML is architecture-agnostic,
supporting both encoder and decoder models, and operates
by integrating image embeddings v together with text token
embeddings e. In particular, we use a pre-trained founda-
tion vision model g4 : A — R™ with frozen parameters
¢ to map images into m—dimensional image embeddings.
We follow works like (Liu et al. 2023) and learn a linear
layer wy, : R™ — R? with parameters 1 for adaptation
of visual information to text inputs. We leave the study of
more complex adaptation choices for future work. ViXML
is, therefore, computationally efficient as: (i) utilizing a sin-
gle embedding per image preserves low sequence lengths,
and (ii) employing a frozen vision encoder enables storing
its embeddings as a feature bank, thereby minimizing the
memory overhead during training. We detail below ViXML
for both encoder and decoder architectures.

ViXML with encoder models Our framework can be
seamlessly integrated into encoder models with minimal
computational overhead. We do so by concatenating the se-
quence of image embeddings V; = {vy, v1, va, ..., vy, } for
the i*" query with its corresponding sequence of text token
embeddings &;. Then, the final sequence of input embed-
dings for query g; is

=V @ &. A3)

Similar concatenation builds the label sequence E!.. During
forward propagation through the network, text and visual
representations are enriched with each other through atten-
tion mechanisms, leading to multi-modal sentence embed-
dings hfl and hj for queries and labels, respectively.

ViXML with decoder models As presented for text-only
dual-decoder learning, we embed images and text within a
structured prompt template, which can be defined as

E=T®&E DL ® Vi ® epos, “

where 7 and Z are the sequences of token embeddings for
the text and image prefixes, respectively. We build multi-
modal sentence embeddings hf] and h] by mean pooling
token representations. We initially mimicked the encoder
mechanism to build the input sequence & and fell into two
main problems: (i) a drop in performance compared to us-
ing a structured prompt template, and (ii) degenerated per-
formance when concatenating image embeddings as the first
token in the sequence. Prompting and placing image infor-
mation after the text, both helped in achieving robust per-
formance (see Section 4.4). Note that the latter decision im-
plies contextualizing image information with text given the
uni-directional attention of decoder LLMs.
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4 Experimental Work
4.1 Framework

Details. We experiment with four publicly available XMC
text-only datasets (Bhatia et al. 2016) for product-to-product
recommendation; only MM-AmazonTitles-300K has visual
metadata available. Therefore, for multi-modal evaluation
we extend LF-AmazonTitles-131K, LF-Amazon-131K and
LF-AmazonTitles-1.3M, for which images can be extracted
from Amazon Reviews data (Hou et al. 2024). In particu-
lar, we selected image URLs from 2023 version and moved
towards older versions if no images were available. Note
that these datasets vary the amount of labels and text length,
thus supporting a robust evaluation in diverse contexts. We
present dataset details in the supplementary material. For
evaluation, we adopt standard XMC metrics defined at (Bha-
tia et al. 2016), e.g. precision, propensity-scored precision or
recall (P@k, PSP@k and R@k).

Baseline methods. We compare against the following
text-only methods (extended comparison in the supplemen-
tary material): DEXA (Dahiya et al. 2023b), PINA (Chien
et al. 2023), Renée (Jain et al. 2023), DEXML (Gupta et al.
2024) UniDEC (Kharbanda et al. 2024), OAK (Mohan et al.
2024), PRIME (Dahiya, Ortego, and Jiménez 2025) and
MOGIC (Prabhu et al. 2025). We further compare with
MUFIN (Mittal et al. 2022) on MM-AmazonTitles-300K.

Implementation details. We train encoder models of dif-
ferent sizes: MiniLM-L3, DistilBERT and BERT (Reimers
and Gurevych 2019; Devlin et al. 2019). For decoder mod-
els, we focus on Qwen2.5-Instruct (Yang et al. 2025), but
experiment with other LLMs in Section 4.2 to demon-
strate generalization. Unless otherwise stated, we adopt
SigLIPv2 (Tschannen et al. 2025) as vision encoder and
aggregate tokens with model’s multi-head attention pool-
ing, use 3 images in ViXML and perform mean pooling for
sentence embedding extraction. We use low-rank adaptation
(LoRA) during finetuning of decoder models and run all ex-
periments in a single 80GB GPU as the budget constraint.
We always report performance in the last training epoch, i.e.,
we do not conduct any custom checkpoint selection based
on validation metrics. We provide further implementation
details, inference latencies, a study on the impact of image
count and an example of random seed variability (standard
deviation of 0.103 in P@1) in the supplementary material.

4.2 Scaling Text-only Architectures for XMC

Related literature mostly operates with DistilBERT 66M pa-
rameters model which keeps XMC extremely efficient, but
hinders understanding the scaling potential. We, therefore,
scale in this work encoder sizes and, more importantly, pro-
pose a dual-decoder learning strategy to leverage decoder-
only LLMs. We adopt Qwen2.5-Instruct with varying sizes,
reaching 3B parameters for all datasets and 7B in LF-
AmazonTitles-131K. Table 1 presents our results (we dis-
card visual metadata for MM-AmazonTitles-300K), demon-
strating that foundation LLMs can deliver better perfor-
mance for XMC. Additionally, we keep computational over-
head manageable as (i) all our experiments fit on a single
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Figure 2: Performance (P@1) and Training Time (TT) for
dual-encoder (dots) and dual-decoder (stars) learning in LF-
AmazonTitles-131K. The ViXML multi-modal framework
(blue) improves text-only alternatives (red), while decoder
models boost encoder performance in both setups. Previous
state-of-the-art (SOTA) is represented by MOGIC method.

GPU, and (ii) we bound the ineludible training time growth
when scaling to decoder-only models by significantly re-
ducing the number of training epochs. Red line in Fig-
ure 2 shows the performance and training times across back-
bone architectures in LF-AmazonTitles-131K. We demon-
strate that scaling the size of the models from encoder to
decoder-only architectures surpasses previous state-of-the-
art results using text-only inputs (orange line). Despite re-
quiring longer training times, decoder-only models are more
sample efficient; encoders are trained for 300 epochs and de-
coders only for 30, which effectively reduces training times
by lowering the number of training epochs one order of mag-
nitude. Note that 0.5B decoder model and 66M distilBERT
train in comparable time in our setup.

Different families of LLM. We demonstrate in the sec-
ond half of Table 2 that text-only dual-decoder learning with
Llama-3.2, Gemma-3 and Qwen variants achieve robust re-
sults in LF-AmazonTitles-131K, surpassing encoder models
reported in Table 1. While we focus on task-specific XMC
embeddings, strong general-purpose embeddings might ap-
pear adequate. However, Table 2 shows that the off-the-shelf
Qwen3-Embedding-4B model performs significantly worse
than all trained alternatives. Additionally, we tested Qwen3-
Emb as recommended in (Zhang et al. 2025) (*), i.e., fol-
lowing a prompt template for the queries (“Instruct: Re-
trieve a semantically related product.\nQuery: [text] <lend-
oftext|>") and not for the labels, while extracting embed-
dings with last token pooling. As reported, this strategy did
not lead to improvements.

4.3 Exploiting Visual Meta-data

This section presents the benefits of ViXML multi-modal
framework to leverage visual metadata in XMC. First, Ta-
ble 3 presents ViXML’s performance when paired with the
same backbones of Table 1. Notably, a small DistilBERT
model with 66M parameters paired with ViXML surpasses

Backbone | P@1 P@5 PSP@1 R@100
LF-AmazonTitles-131K

MiniLM-L3 41.72 20.16 36.17 64.68

DistilBERT 4486 21.45 39.62 68.05

BERT 45.87 21.88 40.54 69.67

Qwen2.5-0.5B-1 | 44.84 21.66  39.64 70.30
Qwen2.5-3B-1 4742 2289  41.88 74.34
Qwen2.5-7B-1 48.06 23.07 4243 75.24

MM-AmazonTitles-300K

MiniLM-L3 49.54 3193  33.83 69.30
DistilBERT 5240 3429 36.36 72.59
BERT 5295 3457  36.85 73.34

Qwen2.5-0.5B-1 | 52.30 3423  36.22 74.44
Qwen2.5-3B-1 54.71 3593 36.29 77.22

LF-AmazonTitles-1.3M

MiniLM-L3 51.59 39.28  29.50 58.44
DistilBERT 5849 4527  33.28 63.76
BERT 59.10 45.62  34.10 64.30

Qwen2.5-0.5B-1 | 58.02 45.11  31.68 63.96
Qwen2.5-3B-1 60.74 4739 34.01 66.88

LF-Amazon-131K

MiniLM-L3 4199 2042 3544 68.37
DistilBERT 4798 2321 4099 76.22
BERT 49.15 2371 4218 78.94

Qwen2.5-0.5B-1 | 49.23 2399  42.40 81.24
Qwen2.5-3B-1 5317 25.72  45.74 85.61

Table 1: Impact of backbone size on text-only datasets.

Backbone | #p | P@1 PSP@1 R@100

MoCa* & 3.75B | 25.67  26.31 54.48
Qwen3-Emb* & | 4.02B | 18.33 18.32 42.67
Qwen3-Emb & | 4.02B | 2233 2249 46.69

Qwen2.5-1 3.09B | 47.42  41.88 74.34
Llama-3.2 3.21B | 48.19  42.60 73.95
Qwen3 4.02B | 47.24  41.79 73.42
Qwen3-Emb 4.02B | 47.51 4211 73.62
Gemma-3-1 43B | 477714 4234 73.70

Table 2: Pre-trained general-purpose embeddings (@) vs
dual-decoder learning with different LLM families. #p is the
number of parameters and (*) denotes using the authors’ em-
bedding extraction methodology. MoCa is a vision-language
embedding model, i.e., it uses visual metadata.

the best performance achieved with billion-size text-only
models in most cases. These results underscore that an im-
age is worth billions of parameters for achieving robust and
efficient XMC. There is only one case where encoder-based
ViXML approaches do not surpass text-only 3B model (LF-
Amazon-131K). In contrast to the rest of the datasets, LF-



Backbone | P@1 P@5 PSP@1 R@100
LF-AmazonTitles-131K
MiniLM-L3 47.18 2269 41.01 73.81
DistilBERT 49.55 23.73 43.78 76.73
BERT 50.50 24.08 44.67 78.43
Qwen2.5-0.5B-1 | 50.27 24.22 4431 79.41
Qwen2.5-3B-1 5247 2526 @ 46.46 82.21
Qwen2.5-7B-1 52.75 25.37 46.70 83.27
MM-AmazonTitles-300K
MiniLM-L3 52.97 34.13 35.51 73.08
DistilBERT 55.03 35091 37.52 76.07
BERT 55.59 36.10 37.83 76.67
Qwen2.5-0.5B-1 | 55.28 36.09 36.48 77.61
Qwen2.5-3B-1 56.55 37.04 37.60 79.38
LF-AmazonTitles-1.3M
MiniLM-L3 60.36 45.78 34.88 67.35
DistilBERT 64.17 4943 36.58 70.65
BERT 64.59 49.66 37.35 71.08
Qwen2.5-0.5B-1 | 63.57 49.08 35.21 70.35
Qwen2.5-3B-1 66.01 51.21 37.71 73.13
LF-Amazon-131K
MiniLM-L3 46.88 22.63 39.97 75.80
DistilBERT 51.30 24.69 44.09 81.40
BERT 52.28 25.12  45.08 83.40
Qwen2.5-0.5B-1 | 51.76 25.05 45.08 84.52
Qwen2.5-3B-1 55.11 26.46 47.73 87.73

Table 3: Impact of backbone size on ViXML. Note that we
use visual metadata across all backbones and datasets.

Amazon-131K contains product titles and descriptions. We
argue that decoder-only models benefit from longer textual
inputs by exploiting their parametric knowledge, struggling
in those cases where only product titles are presented.

Regarding training times, Figure 2 presents the impact
of ViXML (blue line) over text-only training (red line) in
LF-AmazonTitles-131K. Remarkably, ViXML with encoder
models significantly reduces training time due to a faster
convergence to top performance that enables halving the
training epochs (300 to 150). On the other hand, for decoder
models we only train for 30 epochs for both text-only and
ViXML models, showing that ViXML introduces an over-
head of around 15%-17% which mostly comes from longer
inputs due to prompts and visual metadata.

Early-fusion or late-fusion. ViXML framework conducts
early-fusion of visual metadata, while MUFIN employs late-
fusion via self-attention to integrate text and image embed-
dings. To demonstrate the benefits of our early-fusion strat-
egy, we compare ViXML and MUFIN in Table 4. Using
MUFIN’s ViT-32 encoder, ViXML achieves +1% in P@1
(53.30 vs 52.30) despite requiring only an encoder training
(MUFIN trains extreme classifiers and prediction combina-
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MM | XMC |V | P@el P@5 R@l0
MUFIN | MUFIN | ViT-32 | 5230 3476  50.63
VIT-32 | 5262 3435 4928

MUFIN ‘ PRIME ‘ SigLIP2 ‘ 5344 3479 50.18
: ViT-32 | 5330 3480 50.19
VIXML ‘ PRIME ‘ SigLIP2 ‘ 5503 3591 5198

Table 4: Comparison of multi-modal (MM) strategies with
different vision encoders (V). First row shows original
MUFIN (trains encoder, classifier and fusion). Then, we
present MUFIN (late-fusion) and ViXML (early-fusion) on
top of PRIME method for fair comparison.

MM | XMC | P@l P@5 PSP@1 R@100
NGAME | 4247 2044 3795 6543
- DEXA | 4438 2096 38.64 6537
PRIME | 4486 2145 39.62  68.05
NGAME | 4781 2279  43.04  74.09
ViXML | DEXA | 4948 23.19 4321  73.57
PRIME | 49.55 2373 4378  76.73

Table 5: Effect of ViXML for different XMC methods.

tion). However, this comparison has limitations due to dif-
ferences in training stages, image counts, and Siamese-style
methods. For a fair comparison, we pair both MUFIN and
ViXML with the same XMC method to isolate the impact
of visual metadata injection. This evaluation reveals that
the proposed early fusion consistently outperforms MUFIN
over 1.5% in P@1 across both ViT-32 and SigLIP2 en-
coders. Additionally, these results highlight the importance
of leveraging large foundation vision models, as perfor-
mance significantly improves when scaling from 86M ViT-
32 to 1.14B SigLIP2 in both MUFIN and ViXML.

ViXML across methods. We use PRIME (Dahiya, Or-
tego, and Jiménez 2025) as the base method due to its effi-
ciency and robustness. However, ViXML is a general multi-
modal framework that can be used with any Siamese-style
method. We support this claim by pairing ViXML with
NGAME (Dahiya et al. 2023a), DEXA (Dahiya et al. 2023b)
and PRIME (Dahiya, Ortego, and Jiménez 2025) methods
in LF-AmazonTitles-131K dataset (see Table 5). The results
demonstrate that ViXML delivers an important boost across
all metrics for all methods.

Pre-trained VLMs. Section 2 discussed VLM-based em-
beddings and their challenging adoption in XMC due to
using hundreds of visual tokens. Conversely, the proposed
ViXML stands as an efficient alternative. However, a rea-
sonable question to address is whether off-the-shelf VLMs
can generalize well to XMC. Table 2 demonstrates that re-
cent off-the-shelf embedding VLM MoCa (Chen et al. 2025)
yiels weak results as compared to finetuned alternatives.



Prompt templates P@1

& 43.14
Ti ® €& 44.15
Ti & & & egos 44.66
YV ®E D egos 46.12
EDY P egos 49.45
L1 Y d T & & & egos 49.29
TI®E&E @I &V, ® egos | 49.67

Table 6: Prompting effect for dual-decoder learning. We
consider sequences of embeddings for text prefixes 71 (“This
product text") and Ty (“and its text"), image prefixes 7;
(“This product image") and I (“and its image"), text £ and
images V. EOS stands for end-of-sequence token.

4.4 Prompting Effect

Table 6 compares the performance of different strategies
to prompting decoder-only models with and without im-
ages (Qwen2.5-0.5B-Instruct trained for 20 epochs on LF-
AmazonTitles-131K dataset). For text-only inputs, adding
prefix 71 (“This product text") and end-of-sequence token
eros (“<lendoftext!>") both improve performance over not
using them. With visual metadata, prefixes 77 or T2 (“and
its text") for text and Z; (“This product image") or Iy (“and
its image") also benefit performance. These results, together
with further prompt variations reported in the supplementary
material, suggest that performance gains stem from struc-
tural cues that help leveraging pretrained LLMs as no addi-
tional information is injected with these prompts. We also
investigate the order of visual tokens in the input sequence
for decoder models, thus we need to account for the pretrain-
ing dynamics of these models. As demonstrated in (Barbero
et al. 2025), pretraining LLMs generates attention sinks on
the first token to avoid representational collapse. We observe
that phenomena when breaking the pretraining dynamics by
placing image tokens first without prefixes (V & € @ egos),
significantly dropping performance. Conversely, placing im-
ages at the end and using prefixes improves performance,
thus we adopt this robust configuration across the experi-
ments.

4.5 Comparative Evaluation

We conclude our experimentation in Table 7, which shows
large improvements of the ViXML framework (with dual-
decoder learning and PRIME) over the best previous re-
sults across all metrics and datasets, ranging from +5.07%
to +8.21% points in P@1. Note that MOGIC does not bal-
ance PSP@1 and P@1, reporting +0.88% in PSP@1 with re-
spect to ViXML in LF-AmazonTitles-1.3M, while dropping
16.88% in P@1. As many other works, we incorporate in-
ference enhancements for ViXML. In particular, we extend
the search space using training data samples to refine label
predictions (Wang et al. 2025; Dahiya et al. 2021b). We refer
the reader to the supplementary material for further details.
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Method \ E M \ P@1 P@5 PSP@l1
LF-AmazonTitles-131K
DEXML X X | 4252 20.64 -
UniDEC v X | 4435 21.03 39.23
PRIME vV X | 4526 21.48 39.29
Renée v X | 46.05 22.04 39.08
DEXA v X | 4642 21.59 39.11
OAK vV vV | 4642 21.88 39.76
MOGIC v /| 47.01 2240 40.62
ViXML (Ours) \ v / \ 53.08 25.74 46.22
MM-AmazonTitles-300K
MUFIN \ v 7/ \ 52.30 34.76 -
ViXML (Ours) \ v / \ 57.37 38.08 36.12
LF-AmazonTitles-1.3M
OAK vV VvV | 4946 38.61 34.92
MOGIC v v | 5095 3995 36.28
Renée v X | 56.04 4532 28.54
DEXA v X | 56.63 4390 29.12
UniDEC vV X | 5741 45.89 30.10
DEXML X X | 5840 4546 31.36
PRIME v X |59.62 46.75 31.20
ViXML (Ours) \ v / \ 67.83 53.72 35.40
LF-Amazon-131K
PINA v X | 4676 23.20 -
DEXA v X | 4716 2242 38.70
UniDEC v X | 4780 23.35 40.28
Renée v X | 48.05 2326 40.11
PRIME v X | 4820 23.28 40.16
OAK v v/ | 4836 22.20 -
MOGIC v vV | 5005 2372 -
ViXML (Ours) \ v 7/ \ 55.57 26.84 47.41

Table 7: Comparison of ViXML against related work regard-
less of inference enhancements (E) or meta-data (M).

5 Conclusion

In this paper we demonstrate the impact of the scaling laws
in XMC and present for the first time an efficient strategy
to enable massively pretrained decoder-only transformers
for XMC. We show that increasing the backbones’ size im-
proves performance, getting state-of-the-art results. In addi-
tion, we present ViXML, an effective approach to exploit
visual information in XMC. By using an early-fusion strat-
egy and tailored prompting templates for decoder models,
we bring another significant leap in XMC performance. We
also open to the community three new extensions of exist-
ing datasets where we incorporate visual metadata informa-
tion. Extensive experimentation across multiple datasets and
methods demonstrate all our claims, advancing state-of-the-
art performance in XMC by a significant margin. In the sup-
plementary material we discuss the main limitations of our
work and suggest potential lines for future work.
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