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Abstract—Cross-modal retrieval between food images and
recipe texts is an important task that consists of image-to-recipe
retrieval, which searches for the corresponding recipe from a
food image, and recipe-to-image retrieval, which searches for the
corresponding food image from a recipe text. Recent multimodal
LLM embedding models have achieved strong performance in
general image—text retrieval, but their effectiveness for food
image-recipe retrieval on RecipelM has not been sufficiently
investigated. In this paper, we apply SIMMER, which had
previously been used only with the VLM2Vec family, to GME
and Qwen3-VL-Embedding, and compare four multimodal LLM
embedding models on RecipelM. In addition to directly ap-
plying SIMMER, we examine performance changes caused by
modifying its training configuration and incorporating SMART,
an inference-time method that requires no additional training.
Experimental results show that both GME and Qwen3-VL-
Embedding achieve meaningful zero-shot retrieval performance,
while fine-tuning them with SIMMER on RecipelM leads to
substantial performance improvements. Qwen3-VL-Embedding-
8B with batch size 512 gives the strongest image-to-recipe R@1,
and its SMART variant gives the best recipe-to-image results.
At 10k, the SMART variant improves R@1 over SIMMER (V1-
7B) from 65.5% to 69.3% for image-to-recipe retrieval and from
61.5% to 68.6% for recipe-to-image retrieval.

Index Terms—multimodal large language model, recipe re-
trieval, cross-modal retrieval, contrastive learning

I. INTRODUCTION

Food is central to everyday life, and recipe-sharing services
and social media now provide large collections of food im-
ages and recipe texts. This growth makes cross-modal recipe
retrieval important: systems should retrieve a matching recipe
from a food image and a matching image from a recipe text.
Such bidirectional retrieval can support practical applications
including dietary logging, nutritional management, and cook-
ing assistance.

In parallel, Multimodal Large Language Models (MLLMs)
have made rapid progress in computer vision and natu-
ral language processing. Representative models, including
LLaVA [1] and Qwen2-VL [2], demonstrate strong capa-
bilities for jointly understanding visual and textual inputs.
Recent studies have further investigated the use of MLLMs
as embedding models. Approaches such as VLM2Vec [3]
and MM-Embed [4] suggest that the multimodal knowledge
learned through large-scale pre-training can be transferred to
the construction of effective multimodal embeddings.
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Following this trend of using MLLMs as embedding mod-
els, SIMMER [5] was proposed for cross-modal food image—
recipe retrieval. Unlike conventional dual-encoder architec-
tures, SIMMER encodes both images and recipe texts using
a single unified MLLM, thereby leveraging the shared multi-
modal representation space of the underlying model. However,
SIMMER has been applied only to models from the VLM2Vec
family [3], [6], and its generalizability to other MLLM-based
embedding models remains unexplored.

In this study, we extend SIMMER to MLLM-based em-
bedding models outside the VLM2Vec family. Specifically,
we adopt two model families, GME [7] and Qwen3-VL-
Embedding [8], each of which provides two model sizes, re-
sulting in four models in total. Beyond directly applying SIM-
MER, we further investigate whether retrieval performance
can be improved by modifying part of the SIMMER training
configuration and by incorporating SMART [9], an inference-
time method that does not require additional training. We
validate the effectiveness of this study through experiments
on RecipelM [10], a large-scale benchmark dataset for food
image-recipe retrieval.

The main contributions of this paper are summarized as
follows:

e We show that SIMMER, which had previously been
applied only to the VLM2Vec family, is also effective
for other MLLM-based embedding models.

e We show that larger-batch training and SMART yield
competitive results among the evaluated configurations.

e« We apply SMART to cross-modal recipe retrieval and
confirm its effectiveness, particularly for recipe-to-image
retrieval.

II. RELATED WORK

Cross-modal retrieval between food images and recipe texts
has become an actively studied task since the release of
the RecipelM dataset [10]. Compared to generic image—text
retrieval, a key characteristic of this problem is that recipe
texts are inherently structured, typically consisting of a title,
a list of ingredients, and a sequence of cooking instructions.
Accordingly, progress in this area has been closely tied to
(1) how each modality is encoded and (ii) how cross-modal
alignment objectives exploit this structured text.



Early approaches learned a shared embedding space for
images and recipes using separate visual and textual en-
coders. Salvador et al. [10] introduced a joint embedding
model with a ranking objective and semantic regularization,
establishing the standard RecipelM retrieval protocol. Subse-
quent representative methods improved cross-modal alignment
through adversarial learning [11], stochastic latent-variable
modeling [12], and disentangled recipe representations [13].
These methods established the standard food image-recipe
retrieval setting, but their recipe encoders generally relied on
limited language pre-training and had difficulty representing
long, compositional recipe semantics.

Later studies emphasized richer recipe modeling and
stronger cross-modal alignment. The Hierarchical Transformer
(H-T) [14] encoded recipe components and introduced a self-
supervised objective over titles, ingredients, and instructions.
Other representative methods used Transformer decoders with
cross-modal regularization [15] or improved Transformer-
based training regimes [16], [17].

Recent work has increasingly adapted large-scale vision—
language pre-training and foundation models to structured
recipes. Representative examples include adaptation of vision—
language pre-training to recipe text [18], foundation-model-
driven data augmentation [19], fine-grained component align-
ment [20], and bias mitigation for food images [21].

Most recently, SIMMER [5] introduced an MLLM-based
embedding approach to food image-recipe retrieval by using
a unified MLLM encoder for both food images and recipe
texts. However, its experiments were limited to the VLM2Vec
family [3], [6], leaving open how effective other multimodal
LLM embedding models are for food image-recipe retrieval
on RecipelM. This study addresses this gap by comparing
additional multimodal LLM embedding models under the
RecipelM retrieval setting.

III. METHOD
A. Overview

In this study, we apply SIMMER [5] to MLLM-based
embedding models beyond the VLM2Vec family [3], [6] used
in the original framework. Specifically, we use GME [7]
and Qwen3-VL-Embedding [8] as additional base models.
GME is an embedding model built on Qwen2-VL [2], the
same backbone family as VLM2Vec, whereas Qwen3-VL-
Embedding is a recent MLLM-based embedding model based
on Qwen3-VL [22]. In addition to applying SIMMER to these
alternative base models, we modify the training configuration
and incorporate SMART [9] into the retrieval pipeline. The
modification to the training configuration is described in
Section IV-C2.

B. Problem Formulation

Let {(v;,7;)} Y, denote a training set of paired food images
and recipes, where v; represents the image and r; represents
its associated recipe text. The recipe text is treated as a
structured input composed of a title, an ingredient list, and
ordered cooking instructions. The objective is to obtain a

shared encoder ®(-) that projects images and recipes into the
same embedding space, so that the embeddings of a matched
pair are assigned high similarity while those of mismatched
pairs are separated. In this study, this encoder is implemented
with a Multimodal Large Language Model (MLLM), which
can process both visual and textual inputs within a single
model interface.

C. Prompt Design

In VLM2Vec, which was used as the base model in
SIMMER, there is no explicit separation between the task
instruction and the data to be encoded. For example, when
an instruction and a recipe text are provided together, they
are simply concatenated into a single input string. In contrast,
GME and Qwen3-VL-Embedding, which we use as base
models in this study, follow a different input format that
explicitly separates the task instruction from the target content.
Specifically, the task instruction is provided as the system
message, while the text or image to be encoded is provided
as the user message.

To enable a fair comparison with SIMMER, we preserve
the original SIMMER prompt templates as much as possible
while adapting them to the input format required by the newly
applied models. Because SIMMER formulates contrastive
learning as a unidirectional retrieval task, the same data point
is given different prompt templates depending on whether it
is used as a query or as a candidate. The resulting prompt
templates for image-to-recipe retrieval and recipe-to-image
retrieval are shown in Table I and Table II, respectively.

Table 1 shows the prompt template for image-to-recipe
retrieval. When an image is used as the query, the instruction
for retrieving a recipe is placed in the system message, and
the image to be encoded is placed in the user message.
When a recipe is used as a candidate in SIMMER, no
explicit instruction is provided, and only the recipe text is
given to the model. Therefore, we do not provide a specific
instruction in the system message for the candidate side. As
a result, the model-specific default instruction, denoted by
{default_instruction}, is used when the instruction
field is left unspecified. The default instruction is “You are a
helpful assistant.” for GME and “Represent the user’s input.”
for Qwen3-VL-Embedding. In the recipe text, {title} de-
notes the recipe title, { ingredients} denotes the comma-
separated list of ingredients, and { instructions} denotes
the sequence of cooking steps joined by spaces.

Table II shows the prompt template for recipe-to-image
retrieval. When a recipe is used as the query, the retrieval
instruction is placed in the system message, and the recipe
text to be encoded is placed in the user message, as in the
image-to-recipe setting. Unlike the candidate side in image-
to-recipe retrieval, however, the image candidate is encoded
with an explicit system instruction: “Represent the given food
image for recipe prediction.” This difference between image-
to-recipe and recipe-to-image retrieval arises from the origi-
nal SIMMER prompt design, where text inputs are encoded



TABLE I: Prompt for image-to-recipe retrieval.

Target Role Message content
Query system F}nd a cooklng recipe describing the
given food image.
user {image}
Candidate  SYStem {default_instruction}
user A cooking recipe: Title: {title},

Ingredients: {ingredients},
Instructions: {instructions}

TABLE II: Prompt for recipe-to-image retrieval.

Target Role Message content
system  Find me a food image that matches the
Query . . .
given cooking recipe.
user Title: {title}, Ingredients:
{ingredients}, Instructions:
{instructions}
Candidate system Represent t'he. given food image for
recipe prediction.
user {image}

without an additional instruction, whereas image inputs are
encoded together with an instruction text.

D. Training Objectives

To achieve the objective described in Section III-B, we
fine-tune the MLLM as illustrated in Figure 1. We use the
hidden-state vector of the last token from the final layer of the
MLLM as the embedding vector and train the model with the
information noise-contrastive estimation (InfoNCE) loss [23].
Unlike CLIP [24], which uses a bidirectional contrastive loss,
our training objective uses a unidirectional InfoNCE loss.
Bidirectional retrieval is achieved by training with both the
image-to-recipe dataset and the recipe-to-image dataset.

Concretely, given a mini-batch of B query—candidate pairs
{(qi,¢;)}E |, the matched pair is treated as the positive and
all other in-batch candidates serve as negatives. The InfoNCE
loss is defined as:

Zl

where e,, and e., are the embeddings of the query and the
candidate, respectively, sim(-, -) denotes cosine similarity, and
T is a temperature hyperparameter.

eXp (sim(eq,,ec,)/T)

> = 1exp(51m(eq1 ec;)/T)

(1

E. SMART

When a single-vector embedding model is used for cross-
modal food image-recipe retrieval, a food image contain-
ing multiple dishes must still be represented by a single
embedding vector. This can make retrieval difficult because
the visual characteristics of multiple dishes are compressed
into one global representation. To address this issue, we use

Embedding Contrastive Loss €—— Embedding

T

Multimodal LLM Multimodal LLM

=
the given food image ﬁ?‘ 5
for recipe prediction. a9 .

Fig. 1: Overview of the contrastive learning procedure used
for fine-tuning.
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Title: {title},
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Fig. 2: SMART scoring with late interaction between hidden-
state vectors.

SMART [9], a method that converts a single-vector embed-
ding model into a multi-vector embedding model. Although
SMART has several variants, we adopt its training-free vari-
ant, which only changes the similarity scoring procedure at
inference time.

As in many MLLM-based embedding models, including the
models considered in this study, the hidden-state vector of the
last token from the final layer is used as the embedding vector.
As shown in Figure 2, SMART additionally uses hidden-
state vectors from tokens other than the last token, which
are typically discarded in single-vector embedding models, to
compute the similarity score. Specifically, the similarity score
is computed using the MAXSIM late-interaction score [25],
defined as follows:

simyate(q, €) \M ‘ Z max sim(h

where hg; and h.; denote the hidden-state vectors of the i-
th query token and the j-th candidate token, respectively. M,
and M, denote the sets of token indices excluding the token
used as the single-vector embedding.

We then combine this late-interaction score with the
conventional single-vector similarity score, defined as
SiMgingle (¢, ¢) = sim(egq, €.), to obtain the final score:

Sinflhybrid (Q; C) = Simsingle(qv C) + SiInlate(q; C) (3)



IV. EXPERIMENTS

A. Experimental Setup

1) Dataset: We conduct the evaluation on RecipelM [10],
a large-scale food dataset containing more than one million
recipes and their associated images. Because image anno-
tations are not available for every recipe, we restrict the
experiments to recipes with paired food images, yielding
238,408 training pairs, 51,119 validation pairs, and 51,304 test
pairs. Each recipe entry includes a title, a set of ingredient
strings, and a sequence of cooking instruction strings.

2) Evaluation Metrics: We use the standard retrieval met-
rics for this task: median rank (medR) and Recall@k (R@E,
k = 1,5,10). The medR score is computed as the median
rank assigned to the correct item in the retrieval list, with
smaller values indicating better retrieval quality. Recall@k is
the fraction of queries whose ground-truth match is included
among the top-k retrieved candidates.

Results are reported using the two commonly used evalu-
ation protocols, namely the 1k and 10k settings. For the 1k
setting, we randomly sample 1,000 image-recipe pairs from
the test set, compute the metrics on the sampled subset, and
average the results over 10 independent repetitions to reduce
sampling variance. The 10k setting evaluates retrieval over a
larger pool of 10,000 candidate pairs and therefore provides a
more difficult test case.

3) Implementation Details: We employ four base models:
GME-2B and GME-7B [7], and Qwen3-VL-Embedding-2B
and Qwen3-VL-Embedding-8B [8]. Their embedding dimen-
sions are 1536, 3584, 2048, and 4096, respectively.

Each model is fine-tuned for 2,000 steps with the Adam
optimizer [26] and a learning rate of 1 x 10~%. We optimize
the InfoNCE loss using a temperature of 7 = 0.02. Unless
otherwise stated, the global batch size is set to 128. To fine-
tune the models in a parameter-efficient manner, we use Low-
Rank Adaptation (LoRA) [27] with rank 16, scaling factor
a = 64, and dropout rate 0.05.

B. Comparison with Existing Methods

Table III compares existing methods with the models newly
trained in this study. Qwen3-VL-Embedding-8B with batch
size 512 and SMART achieves the strongest recipe-to-image
performance and competitive image-to-recipe performance.
Compared with SIMMER (V1-7B), this SMART variant im-
proves 10k image-to-recipe R@1 from 65.5% to 69.3%, cor-
responding to a gain of 3.8 percentage points. On the 10k
recipe-to-image retrieval setting, it improves R@1 from 61.5%
to 68.6%, yielding a larger gain of 7.1 percentage points.

On the other hand, simply applying SIMMER to newer base
models does not consistently surpass the original SIMMER
(V1-7B). On general-purpose multimodal embedding bench-
marks such as MMEB [3], [6], Qwen3-VL-Embedding-8B is
reported to perform better than VLM2Vec-7B. Nevertheless,
one possible reason for the present result is that our training
configuration and prompt design remain close to those used by

SIMMER for VLM2Vec. This suggests that further improve-
ments may be obtained by designing model-specific training
configurations and prompts.

C. Ablation Study

1) Effect of Fine-tuning: To examine the effect of fine-
tuning on RecipelM, we compare the four models trained in
our experiments with their zero-shot counterparts. The results
are shown in Table IV. The zero-shot setting uses the pre-
trained embedding models directly, whereas the SIMMER
setting fine-tunes them on RecipelM. Fine-tuning consistently
improves retrieval performance for all four models. In the 1k
image-to-recipe retrieval setting, R@]1 increases from 49.5%
to 79.0% for GME-2B, from 53.0% to 82.6% for GME-
7B, from 57.0% to 83.0% for Qwen3-VL-Embedding-2B,
and from 60.2% to 86.0% for Qwen3-VL-Embedding-8B. A
similar trend is observed for recipe-to-image retrieval, where
the 1k R@1 scores improve from 43.7% to 76.6%, 45.8% to
80.4%, 47.2% to 81.2%, and 49.6% to 84.6%, respectively.
Although Recall is lower in the 10k setting because the
retrieval pool is larger, the gains from fine-tuning remain
consistent across both retrieval directions. The median rank
also improves substantially: in the 10k zero-shot setting, many
results have a median rank of 4.0 or higher, while most
SIMMER results reach 1.0. These results indicate that GME
and Qwen3-VL-Embedding models already provide non-trivial
zero-shot cross-modal retrieval ability, but task-specific fine-
tuning is important for strong performance on Recipel M food
image-recipe retrieval.

2) Effect of Batch Size: SimCLR [28] reports that batch
size is an important factor in contrastive learning with in-batch
negatives, where larger batches provide a larger set of negative
examples. TNLBT [16] also demonstrates the effectiveness
of contrastive learning with large batch sizes for cross-modal
food image—recipe retrieval.

Motivated by these observations, we evaluate retrieval
performance while varying the training batch size. We use
Qwen3-VL-Embedding-8B as the target model for this anal-
ysis. Although the default SIMMER training setting uses a
batch size of 128, we additionally evaluate larger batch sizes
of 256 and 512. The results are shown in Table V.

Increasing the batch size from 128 to 256 improves per-
formance across all evaluation metrics. However, further in-
creasing the batch size from 256 to 512 does not consistently
improve all metrics. Among the 12 Recall values across the
1k and 10k settings, six improve, one remains unchanged, and
five decrease when the batch size is increased from 256 to 512.

We attribute this mixed trend to the adverse effect of
false negative and noisy negative samples in the dataset, as
discussed by Wu et al. [29]. When the batch size is increased
from 128 to 256, the benefit of using more negative samples
appears to dominate. In contrast, when the batch size is
increased from 256 to 512, the benefit of additional negatives
may become saturated, making the influence of false or noisy
negatives more visible during training.



TABLE III: Experimental results on image-to-recipe and recipe-to-image retrieval. The best results are presented in bold, while

the next best results are presented in underlined.

Image-to-Recipe Recipe-to-Image

Setting  Method Venue
medR| R@17T R@51 R@I0T medR] R@I1T R@517 R@I107T
Salvador et al. [10] CVPR’17 52 24.0 51.0 65.0 5.1 25.0 52.0 65.0
H-T [14] CVPR’21 1.0 60.0 87.6 92.9 1.0 60.3 87.6 93.2
T-Food [15] CVPRW’22 1.0 723 90.7 93.4 1.0 72.6 90.6 934
Yang et al. [17] ICMRW’24 1.0 81.8 95.9 97.8 1.0 81.2 96.0 97.9
FARM [20] WACV’24 1.0 73.7 90.7 934 1.0 73.6 90.8 93.5
DAR [19] ECCV’24 1.0 77.3 95.3 97.7 1.0 771 95.4 97.9
Wang et al. [21] MM’25 1.0 79.1 94.6 97.0 1.0 78.3 95.0 97.2
SIMMER (V1-2B) [5] - 1.0 84.1 97.3 98.8 1.0 81.5 96.6 984
1k SIMMER (V1-7B) [5] - 1.0 87.5 98.0 99.2 1.0 85.1 97.6 99.1
SIMMER (V2) [5] - 1.0 83.8 96.9 98.7 1.0 81.7 96.5 98.3

Results obtained in this study
SIMMER (GME-2B) - 1.0 79.0 95.5 97.8 1.0 76.6 94.4 97.3
SIMMER (GME-7B) - 1.0 82.6 96.4 98.2 1.0 80.4 96.2 98.1
SIMMER (Qwen3-VL-Embedding-2B) - 1.0 83.0 96.7 98.3 1.0 81.2 96.0 97.9
SIMMER (Qwen3-VL-Embedding-8B) - 1.0 86.0 97.5 98.9 1.0 84.6 97.1 98.7
SIMMER (Qwen3-VL-Embedding-8B)

+ Batch Size 512 + SMART - 1.0 88.2 98.0 99.1 1.0 88.7 98.2 99.1
Salvador et al. [10] CVPR’17 41.9 - - - 39.2 - - -
H-T [14] CVPR’21 4.0 27.9 56.4 68.1 4.0 28.3 56.5 68.1
T-Food [15] CVPRW’22 2.0 434 70.7 79.7 2.0 44.6 71.2 79.7
Yang et al. [17] ICMRW’24 1.0 56.5 81.0 87.6 1.0 55.7 80.2 87.1
FARM [20] WACV’24 2.0 44.9 71.8 80.0 2.0 44.3 71.5 80.0
DAR [19] ECCV’24 2.0 47.8 75.9 84.3 2.0 474 75.5 84.1
Wang et al. [21] MM’25 1.0 51.7 78.2 85.9 1.0 522 78.4 86.0
SIMMER (V1-2B) [5] - 1.0 59.7 83.5 89.9 1.0 55.8 81.1 88.0

10k SIMMER (V1-7B) [5] - 1.0 65.5 874 9225 1.0 61.5 85.0 91.0
SIMMER (V2) [5] - 1.0 59.1 83.3 89.8 1.0 55.7 81. 88.0

Results obtained in this study
SIMMER (GME-2B) - 1.0 53.3 78.1 85.7 1.6 49.7 75.1 834
SIMMER (GME-7B) - 1.0 58.8 81.7 88.1 1.0 52.8 78.5 86.2
SIMMER (Qwen3-VL-Embedding-2B) - 1.0 58.7 82.1 88.8 1.0 55.6 79.6 86.6
SIMMER (Qwen3-VL-Embedding-8B) - 1.0 63.9 85.3 90.8 1.0 61.9 84.2 90.1
SIMMER (Qwen3-VL-Embedding-88) ] 1.0 693 887 932 1.0 686 889 935

+ Batch Size 512 + SMART

In SIMMER, component-aware data augmentation is in-
troduced to improve robustness to incomplete recipes by
generating three variants from each image-recipe pair and
adding them to the training data before training. This of-
fline augmentation strategy can effectively introduce additional
samples that may act as false negatives. Therefore, applying
component-aware data augmentation online during training
may reduce the number of false negatives in each batch and
further improve retrieval performance.

3) Effect of SMART: We apply SMART [9] at inference
time to Qwen3-VL-Embedding-8B trained with a batch size
of 512. The results are shown in Table V. Comparing Re-
call before and after applying SMART, we observe slight
decreases for image-to-recipe retrieval, whereas all Recall
scores improve for recipe-to-image retrieval. For recipe-to-
image retrieval, R@1 improves from 85.5% to 88.7% in the
1k setting, corresponding to a gain of 3.2 percentage points.
In the 10k setting, R@1 improves from 63.5% to 68.6%,
corresponding to a gain of 5.1 percentage points.

We attribute this asymmetric effect across retrieval direc-
tions to the characteristics of both the RecipelM dataset and

SMART. RecipelM pairs recipe texts with food images, but a
recipe text usually describes a single dish, whereas a food
image may contain multiple dishes. In addition, as shown
by the definition in Equation 2, the SMART similarity score
is asymmetric. It does not merely select a candidate that is
semantically close to the query, but instead favors candidates
that contain the query. Under these characteristics, SMART
can benefit recipe-to-image retrieval because a candidate im-
age only needs to contain an image region that matches the
recipe query. In contrast, for image-to-recipe retrieval, if the
query image contains multiple dishes, the scoring behavior
effectively favors recipes that cover all dishes in the image.
This mismatch may explain why SMART does not improve
image-to-recipe retrieval.

V. CONCLUSION

In this study, we compared MLLM-based embedding mod-
els for cross-modal food image—recipe retrieval on RecipelM.
In particular, we applied SIMMER, which had previously been
used only with the VLM2Vec family, to GME and Qwen3-
VL-Embedding, and evaluated their retrieval performance.



TABLE IV:

Effect of fine-tuning. Comparison between zero-shot inference and SIMMER on RecipelM.

Image-to-Recipe

Recipe-to-Image

Setting  Model Training setting
medR| R@IT R@51 R@I0T medR, R@IT R@51 R@I0T
GMEAE Zero-shot 1.6 495 775 85.0 20 $37 721 813
SIMMER 1.0 790 955 97.8 1.0 766 944 973
GMETE Zero-shot 11 530 805 87.9 2.0 458 748 83.7
SIMMER 10 826 964 982 10 804 962 981
1k
‘ Zero-shot 10 570 823 88.9 20 472 729 813
Qwen3-VL-Embedding-2B - gy ipp 1.0 830 967 98.3 1.0 812 960 97.9
A Zero-shot 1.0 602 850 91.0 15 496 746 83.0
Qwen3-VL-Embedding-8B g\ i\ ipp 1.0 860 975 98.9 1.0 846  97.1 98.7
GMEE Zero-shot 72 230 453 55.7 113 190 3838 488
SIMMER 1.0 533 781 85.7 1.6 497 751 83.4
GMETE Zero-shot 6.0 255 484 58.9 93 207 414 51.6
SIMMER 1.0 588 817 881 10 528 785 86.2
10k
. Zero-shot 49 292 526 62.9 9.1 230 429 52.0
Qwen3-VL-Embedding-2B g\ ipp 1.0 587 821 88.8 1.0 556 796 86.6
4 Zero-shot 40 326 567 66.5 78 255 452 543
Qwen3-VL-Embedding-88 ¢y g 1.0 639 853 90.8 1.0 619 842 90.1

TABLE V: Effect of batch size and SMART for Qwen3-VL-Embedding-8B on Recipel M.

Image-to-Recipe

Recipe-to-Image

Setting ~ Batch size SMART
medR| R@l11 R@51 R@I101T medR| R@IltT R@51 R@1071
128 1.0 86.0 97.5 98.9 1.0 84.6 97.1 98.7
Ik 256 1.0 87.9 98.1 99.1 1.0 86.6 97.8 98.9
512 1.0 89.3 98.4 99.3 1.0 85.5 97.3 98.9
512 v 1.0 88.2 98.0 99.1 1.0 88.7 98.2 99.1
128 1.0 63.9 85.3 90.8 1.0 61.9 84.2 90.1
10k 256 1.0 67.5 87.6 92.7 1.0 64.6 86.2 91.8
512 1.0 69.7 89.2 93.7 1.0 63.5 85.2 90.8
512 v 1.0 69.3 88.7 93.2 1.0 68.6 88.9 93.5

The experimental results show that both GME and Qwen3-
VL-Embedding achieve meaningful zero-shot retrieval perfor-
mance, while fine-tuning them with SIMMER on RecipelM
yields substantial improvements. These results indicate that
the knowledge encoded in general-purpose MLLM-based em-
bedding models is useful for food image—recipe retrieval, but
that task-specific fine-tuning remains important for achieving
strong performance on a domain-specific benchmark such as
Recipel M.

At the same time, simply applying SIMMER to newer base
models did not consistently outperform the original SIMMER
(V1-7B). This suggests that the training configuration and
prompt design of SIMMER are closely aligned with the
assumptions of the VLM2Vec family, and that embedding
models with different input formats and model characteristics,
such as GME and Qwen3-VL-Embedding, may require more
suitable configurations. We therefore further investigated the
effect of changing the batch size and incorporating SMART
for Qwen3-VL-Embedding-8B. As a result, the model fine-
tuned with batch size 512 achieved the strongest R@1 for
image-to-recipe retrieval, while the model using SMART at
inference time achieved the strongest recipe-to-image perfor-
mance. In the 10k setting, the SMART variant improved R@1

over SIMMER (V1-7B) from 65.5% to 69.3% for image-to-
recipe retrieval and from 61.5% to 68.6% for recipe-to-image
retrieval.

The ablation studies show that increasing the batch size
from 128 to 256 consistently improves performance, whereas
increasing it further to 512 does not lead to consistent gains.
We attribute this behavior to the saturation of the benefit
from additional in-batch negatives and the relatively larger
influence of false negative and noisy negative samples in
RecipeIM. We also find that SMART clearly improves recipe-
to-image retrieval, while image-to-recipe retrieval is slightly
degraded. This asymmetric effect can be explained by both
the asymmetric late-interaction score used in SMART and the
characteristics of RecipelM, where a food image may contain
multiple dishes whereas a recipe text typically describes a
single dish.

Future work includes exploring prompt designs and train-
ing configurations tailored to each MLLM-based embedding
model. Because offline component-aware data augmentation
may increase false negative samples, online augmentation and
improved negative sampling strategies may enable more stable
contrastive learning.
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