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Abstract

Multimodal retrieval is the task of aggregating information
from queries across heterogeneous modalities to retrieve
desired targets. State-of-the-art multimodal retrieval mod-
els can understand complex queries, yet they are typically
limited to two modalities: text and vision. This limitation
impedes the development of universal retrieval systems ca-
pable of comprehending queries that combine more than
two modalities. To advance toward this goal, we present
OmniRet, the first retrieval model capable of handling com-
plex, composed queries spanning three key modalities: text,
vision, and audio. Our OmniRet model addresses two crit-
ical challenges for universal retrieval: computational ef-
ficiency and representation fidelity. First, feeding massive
token sequences from modality-specific encoders to Large
Language Models (LLMs) is computationally inefficient. We
therefore introduce an attention-based resampling mecha-
nism to generate compact, fixed-size representations from
these sequences. This shared module is designed to main-
tain representational diversity and generalization capabil-
ities while remaining sensitive to modality-specific infor-
mation. Second, compressing rich omni-modal data into a
single embedding vector inevitably causes information loss
and discards fine-grained details. We propose Attention
Sliced Wasserstein Pooling to preserve these fine-grained
details, leading to improved omni-modal representations.
OmniRet is trained on an aggregation of approximately 6
million query-target pairs spanning 30 datasets. We bench-
mark our model on 13 retrieval tasks and a MMEBv2 sub-
set. Our model demonstrates significant improvements on
composed query, audio and video retrieval tasks, while
achieving on-par performance with state-of-the-art models
on others. Furthermore, we curate a new Audio-Centric
Multimodal Benchmark (ACM). This new benchmark intro-
duces two critical, previously missing tasks—composed au-
dio retrieval and audio-visual retrieval—to more compre-
hensively evaluate a model’s omni-modal embedding ca-
pacity. We believe our benchmark will facilitate the devel-
opment of universal retrieval systems.
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Figure 1. (a) Comparison of retrieval systems. OmniRet is the
first to handle composed queries from text, vision, and audio. It
introduces a Shared Media Resampler for efficiency and Attention
Sliced Wasserstein Pooling to preserve high-fidelity, fine-grained
details. (b) Our Audio-Centric MultiModal evaluation suite.
We introduce two novel, audio-centric tasks: Visual-Audio Re-
trieval and Composed Audio-Text Retrieval. These additions fill
critical gaps in existing benchmarks, enabling a more comprehen-
sive evaluation of omni-modal retrieval models.

1. Introduction

The landscape of information retrieval has fundamentally
shifted from single-modality systems, such as traditional
text search, to a complex ecosystem demanding seamless
interaction across diverse data types. The proliferation of
digital content requires models that can understand hetero-
geneous, composed queries—for example, finding a target
image using a query that combines a related image and
a line of text. While pioneering cross-modal models like
CLIP [57], BLIP [36, 37], and CLAP [74] have excelled at
bi-modal tasks, they fall short in scenarios requiring compo-
sitional understanding across multiple modalities. Further-



more, the frontier of omni-modal retrieval, often relying on
Multimodal LLMs (MLLMs) [27, 41, 46], reveals signifi-
cant gaps. Modalities like video and, most notably, audio
remain critically underserved due to a scarcity of dedicated
models and comprehensive training data.

The path to a universal retrieval model is obstructed by
two primary challenges: representation fidelity and compu-
tational efficiency. On one hand, condensing rich, multi-
modal inputs into a single embedding vector creates an in-
formation bottleneck that discards the fine-grained details
necessary for high-fidelity retrieval [72]. Prior works [27,
41] often resort to simple average pooling or using the
‘[EOS]’ token as the final representation. These meth-
ods are efficient, however, the fine-grained information ex-
tracted from LLLMs could be discarded due to the weighted
sum operation. While sophisticated late-interaction mecha-
nisms like ColBERT [28] overcome this by retaining token-
level embeddings, they introduce prohibitive computational
and storage costs, making them impractical for large-scale
systems. On the other hand, the sheer scale of modern
foundation models presents a significant efficiency chal-
lenge. Feeding massive token sequences from media en-
coders, often exceeding 500 tokens for a single image, into
an LLM composer results in an explosion of computational
cost. This computational overhead severely limits the fea-
sible batch size, which in turn undermines the effectiveness
of contrastive learning, a cornerstone for training state-of-
the-art embedding models.

To address these challenges, we introduce OmniRet, the
first unified framework for omni-modal embedding, capa-
ble of handling multimodal queries and targets from three
primary modalities: text, vision, and audio ( Fig. la).
Our framework makes two primary contributions. First, to
tackle the efficiency bottleneck, we introduce an attention-
based resampling module that intelligently condenses large
sequences of media tokens into a compact, fixed-size set.
This module is shared across modalities to enhance gener-
alization, yet maintains modality-specific sensitivity by us-
ing separate media latents. We augment this with a novel
diversity loss function, ensuring that these condensed to-
kens retain maximal information and thereby improve the
final embedding quality. Second, to achieve high-fidelity
representation without sacrificing efficiency, we propose a
new pooling method called Attention Sliced Wasserstein
Pooling (ASWP), inspired by PSWE [52]. By concep-
tualizing the set of LLM output tokens as a distribution,
ASWP computes a rich embedding based on the distance to
a set of learnable references [53]. This approach preserves
fine-grained, token-level information while maintaining the
speed and simplicity of a single-vector system. Our ex-
tensive experiments demonstrate that OmniRet achieves su-
perior performance on composed retrieval tasks, including
those for images, videos, and audio.
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We also introduce a new benchmark, the Audio-Centric
Multimodal (ACM) benchmark ( Fig. 1b). This benchmark
is curated from the VGG-Sound dataset to evaluate univer-
sal retrieval systems that extend beyond the traditional text-
vision paradigm. We leverage powerful generative models
(QwenOmni2.5 [76] and Gemini2.5 [9]) to generate high-
quality audio captions and modification text describing the
relationship between audio pairs. We validate the quality of
our synthetic benchmark via human evaluation. Our bench-
mark contributes two major, previously missing retrieval
tasks: composed audio retrieval and audio-visual retrieval.

Our main contribution can be summarized as: (i) We
introduce OmniRet, the first universal retrieval framework
capable of handling text, vision, and audio. OmniRet ad-
dresses the critical challenges of computational efficiency
and representation fidelity through a novel attention-based
resampler and our Attention Sliced Wasserstein Pooling
(ASWP) technique. (ii) We propose a large-scale, multi—
task training strategy to train OmniRet on a massive aggre-
gation of approximately 6 million query-target pairs from
30 distinct datasets. (iii) We curate and will release the
ACM benchmark, a new audio-centric benchmark featur-
ing two novel tasks, to advance the evaluation of universal
retrieval systems. (iv) Through extensive experiments, we
demonstrate that OmniRet achieves state-of-the-art perfor-
mance, particularly on composed retrieval tasks across im-
age, video, and audio.

2. Related Works

Multimodal Embedding. Recent advances in multimodal
embedding have been driven by large-scale paired datasets
and self-supervised learning. Pioneering cross-modal mod-
els such as CLIP variants [24, 57, 63] and BLIP [36, 37]
focus on text-vision alignment, while others like CLAP [12,
48] target text-audio modalities. Beyond dataset-centric
improvements, several works explore improved pretraining
objectives for learning better joint embedding spaces, in-
cluding SigLIP variants [66, 78] and AlignCLIP [13]. More
recently, the emergence of LLMs has motivated approaches
that leverage their strong representational power [17, 69] to
construct unified embedding spaces.

Universal Multimodal Retrieval. Research on universal
retrieval systems has rapidly advanced. UnilR [71] pio-
neered a universal retriever by training a dual-encoder on
20 datasets, establishing a strong any-to-any benchmark;
however, it relies on separate, specialized encoders. Other
approaches adapt existing VLMs for embedding tasks [25,
26, 50, 81], achieving strong performance but often lim-
its to text-vision modalities. To improve retrieval, some
models [41, 46] leverage the instruction-following ability
of LLMs, using generative rewards [80, 82] to refine pre-
dictions. This line of work is complemented by advances



in data curation [22, 79, 82] to source high-quality cross-
modal pairs for training. Moving beyond two modalities,
ImageBind [16] demonstrated the feasibility of a joint em-
bedding space for six modalities. While this enables omni-
retrieval, it highlights a key challenge: managing mas-
sive, high-dimensional media inputs from varied encoders.
These methods often remain computationally inefficient by
directly processing all encoder tokens. Our work directly
addresses this efficiency bottleneck.

Embedding Pooling. Embedding pooling techniques are
critical for aggregating a sequence of embedding vectors
into a single, fixed-size vector [55]. Simple methods, like
mean pooling or using the ‘[EOS]’ token’s hidden state, are
fast but often suboptimal, discarding fine-grained informa-
tion. More advanced techniques, such as NV-Embed [33],
use learnable queries to generate a more descriptive single-
vector representation. However, the entire single-vector
paradigm faces theoretical limitations [72], spurring the de-
velopment of late-interaction models. ColBERT [28] ex-
emplifies this approach by performing expensive but highly
effective token-level comparisons. Subsequent research has
focused on making this paradigm more efficient, such as
MetaEmbed [75]. While these advancements make late in-
teraction more feasible, they still deviate from the single-
vector format required for highly optimized Approximate
Nearest Neighbor indexes. To bridge this gap, we introduce
a new multimodal-aggregation technique, ASWP, inspired
by PSWE [52]. Our method captures fine-grained relevance
while remaining fully compatible with efficient, large-scale
retrieval systems.

3. OmniRet
3.1. Problem Definition

Omni-modal information retrieval aims to match a query q
to a set of candidates ¢, where both can be of any modal-
ity. To handle diverse retrieval tasks, we prepend a natural
language instruction to the query:

Qinst = Instruct: {rask_definition} \n Query: {q} (1)

where ‘{rask_definition}’ specifies the retrieval goal and
domain. This instruction-tuning approach enhances the
model’s generalization capabilities. The candidates c, how-
ever, remain in their raw, instruction-free form.

Our goal is to train a unified embedding model, f, that
maps both the instructed query and the candidate to a shared
D-dimensional space: h® = f(qins) and h® = f(c). We
train f using a Hard-negative InfoNCE loss [56] over in-
batch negatives:

9% heT)
>, w(hd, he) - e?(hhe)

Lcont = - log (2)
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where ¢(x,y) = < cos(x,y) is the temperature-scaled (7)
cosine similarity score. Here, c+ and c— denote pos-
itive and negative candidates, respectively. w(-) is an
adaptive weighting term for hard-negative mining where
w(h9, h®T) = 1 and:

ef6(h%,he7)
w(h b = §|3N| Bo(ha he-) )
with || is the number of negative samples. Following prior
works, we set the temperature 7 = 0.07 and weighting pa-
rameter 5 = 0.5.
To further providing a strong discriminative learning sig-
nal to the model, we also adopt the hinge-based triplet loss

Luipee = y_ max[n + ¢(h%,h") — ¢(h%, h°)] ()

-
where 1 = 0.1 is the margin hyper-parameter.

3.2. Model Architecture

Our model, OmniRet, employs a Large Language Model
(LLM) as a universal composer to process inputs from var-
ious modalities, as depicted in Fig. 2. Text inputs are pro-
cessed directly by the LLM, while other modalities are first
encoded by specialized encoders and then projected and re-
sampled into the LLM’s token embedding space. All media
tokens are then interleaved in the query template defined
in Eq. (1). Finally, we produce a single embedding vector
by aggregating the LLM’s output hidden states. The same
model is used to encode both the query and the candidate.
We keep the media encoders and the LLM frozen, training
only our novel modules and a LoRA [20] adapter injected
into the LLM. Our novel components are detailed below.

Shared Media Resampler. A key challenge in multi-
modal systems is the high token count produced by media
(visual and audio) encoders (often > 500 tokens), which
limits training batch sizes and computational efficiency.
To address this, we introduce a Shared Media Resampler
(Fig. 3, left). This module is an intermediate layer connect-
ing media tokens with the LLM input space. It condenses a
large sequence of media tokens into a small, fixed number
of latent vectors using the Perceiver [23] architecture.

We customize this module to leverage data from differ-
ent modalities. While a single perceiver module is shared
across all media types, we introduce modality-specific la-
tents. These are added to the shared latent queries, enabling
the module to adapt to each modality type while retaining
its generalization capability. We use all media tokens from
the media encoders as input for the resampler, except for
videos, where we first apply 3D trilinear interpolation to
the video features to reduce frame-level redundancy before
resampling.
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Figure 3. Left: Our Shared Media Resampler condenses the out-
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they are fed to the LLM. Right: Our Attention Sliced Wasser-
stein Pooling (ASWP) aggregates the final LLM output hidden
states into a single, high-fidelity embedding vector. Attention Re-
sampler applies to both output of media encoders and LLM uni-
versal encoder.

Diversity on Media Resampled Tokens. To ensure the re-
sampled tokens capture diverse information, we apply a di-
versity regularization loss, Lgiy, Which encourages orthogo-
nality among the output vectors M € RV *D:

Laiy = % Z smoothy,; (Dropout (max(MM ', 0) —I))
&)

Here, we compute the pairwise similarity matrix MM,
clip negative values, and then remove the self-similarity
scores (the identity matrix I). Crucially, we apply Dropout
to the resulting matrix before the loss. This acts as a sparse
sampling mechanism, ensuring that the loss is computed on
only a small, randomly selected subset of token pairs in each
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training step. This efficiently encourages global diversity.

The smoothy,; function (with v = 0.5) is then applied.
This Huber loss is less sensitive to large similarities (out-
liers) than a standard L2 loss, preventing exploding gradi-
ents while still penalizing non-orthogonality. The smoothy
definition is as follows:

0.522 /v,
z—0.5%7,

_ ifz <y

(6)

smoothyy () otherwise

Attention Sliced Wasserstein Pooling. To aggregate the
LLM output hidden states, we first compress the full se-
quence into a compact set of .S latent embeddings, Z =
{z1,...,25 | z; € RP}, using an attention-based resam-
pler identical to the Shared Media Resampler in Fig. 3 (left),
applied to the LLM tokens. Instead of average pooling
Z, which can blur fine-grained token structure, we use At-
tention Sliced Wasserstein Pooling (ASWP) to summarize
the distribution of Z relative to a set of learnable reference
points X = {x1,...,Xg | x; € RP}.

Inspired by PSWE [52], ASWP compares Z and X
across L 1D projections © = {f1,...,01 | §; € SP~1}.
For each projection 6;, we project both sets onto 6; and
compute their 1D Monge coupling, producing

Z' = [1(X,Z;01);. 9L (X, Z300)] € R¥E, (D)
where 1);(-) € R measures how the projected token dis-
tribution aligns with the projected references. Thus, Z’ can
be viewed as a learnable histogram-like descriptor that pre-
serves fine-grained distributional information.

Since Z' is larger than the target embedding size, ASWP

further aggregates it with a hard selection step. For each col-
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umn 1); of Z’, we compute a soft score y = softmax(z);) €
[0,1]° and form a one-hot mask

To backpropagate through this discrete choice, we use the
straight-through maximum (STM) estimator:

mbP* = OneHot (arg maxy; (8)

0<j<S

m; = mi™ — StopGrad(y) +y.

©)
In the forward pass, m; is equivalent to the binary mask
mba while in the backward pass it allows gradients to
flow through y. We then apply this selection by Hadamard
product, V. = Z' ® m(Z’), and obtain the final L-
dimensional embedding h by column-wise summation:
h; = .7, Vji. This procedure is illustrated in Fig. 3
(right). In practice, we learn the sliced references of X'
directly.

Final Loss. The final loss to train OmniRet is the linear
combination of Leont, Lusipter and Laiy:

L= Leon + Mlﬁtriplet + poLiv (10)

where p11 = 1 and puo = 0.1 is set in our experiments.

4. Audio-Centric Multimodal Benchmark

While composed image retrieval has been extensively in-
vestigated [47, 59, 73], no curated benchmark exists for the
composed audio retrieval task. Establishing such a bench-
mark is essential to advance research in complex audio re-
trieval. Furthermore, few benchmarks exist for audio-to-
image or audio-to-video retrieval, largely due to the lim-
ited capacity of most models to process such heterogeneous
query modalities. To address these gaps, we introduce the
Audio-Centric Multimodal (ACM) benchmark, which com-
prises two new tasks: composed audio retrieval (audio-text
to audio) and audio-visual retrieval (audio to image/video).

4.1. Data collection

Audio Source. We use the popular VGG-Sound dataset [6],
which is widely used for audio-visual tasks. This choice is
based on two rationales. First, it contains a large volume
of audio-visual correspondence data in the wild, making it
well-suited for our audio-visual retrieval task. Second, the
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Table 1. Subjective evaluation of our ACM benchmark. For the
“Gemini-2.5 w/ text only” method, the audio inputs were replaced
with their corresponding generated captions.

Evaluation Method Accuracy
Human 87%
Gemini-2.5 w/ text only 96%

composed audio retrieval task requires query-target audio
pairs that are sufficiently similar yet exhibit clear distinc-
tions. VGG-Sound, which comprises 200k 10-second au-
dio clips from ~310 classes, satisfies this requirement.

Representative Audio Selection. We leverage the ground-
truth class labels from VGG-Sound to randomly select 30
audio-video pairs per class. In total, we sample 9,270 pairs
to form a representative subset, denoted as D. From this set,
we first construct the query-target pairs for the composed
audio task, and then reuse these samples for the audio-visual
retrieval task.

Query-Target Filtering. Our filtering process aims to find
a set of 3-5 target audios for each query audio A € D
that are semantically similar but not identical. Since VGG-
Sound lacks captions, we first generate a caption for every
audio in VGG-Sound using QwenOmni2.5 [76]. Let x be
the Sentence-BERT [60] cosine similarity between the cap-
tion of A and the caption of another audio in the dataset. To
find targets for A, we first rank the top 50 audios by x in
descending order. From this ranked list, we select up to 5
audios that satisfy three criteria: (1) Similarity: The caption
similarity must be in the range 0.6 < x < 0.8, ensuring
both relevance and diversity. (2) Textual Diversity: A can-
didate is excluded if its « differs by less than 0.05 from
the most recently added target, thereby maintaining suffi-
cient distinctiveness among selected samples. (3) Acoustic
Diversity: A similar criterion to (2) is applied, but using
CLAP [74] audio embeddings, ensuring distinctiveness in
the acoustic information. We terminate the selection pro-
cess for A once 5 targets are found and discard A entirely
if fewer than 3 targets can be found. After this filtering pro-
cess, we retain 1,292 audios from D as our final query set.
Since each of these 1,292 query audios has 3 to 5 associated
targets, we obtain a total of 4,251 target audios.

Benchmark Construction. For each (query, target)
audio pair identified, we generate a modification sen-
tence describing the difference between them. We em-
ploy the Gemini2.5-Flash-Lite model [9] in “thinking
mode”, prompting it with the captions of the query-
target pair (details in supplementary). This process con-
structs the composed audio benchmark as a set of triplets:
(query-audio, modification-text, target-audio). Fig. 4
shows an example.

Furthermore, we construct the audio-visual retrieval task
by reusing the 1,292 audio queries. The benchmark con-
sists of (audio, video) and (audio, image) pairs. The target



Table 2. Performance comparison of OmniRet with state-of-the-art baselines across 13 retrieval tasks on the extended version of
M-BEIR benchmark. Our model demonstrates strong, balanced performance on established visual-text tasks while uniquely extending
capabilities to the audio modality. Modalities: I (Image), V (Video), A (Audio), T (Text). Bold and green indicate the best performance in
each group and overall, respectively. MMEmbed [40] is included for reference only, as it uses a larger LLM and is not directly comparable.

LLM Uni-Modality Textual Binding Composed Visual Text

Model Size I—1 T—T I—-T T—I1 V—-T T—V A—T T—A T—ILT LT—T ILT—I LT—LT VT—V
Text-Binding Pretrained Models

CLIP [57] - 259 40.5 43.1 37.5 14.2 15.9 - - - - -

SigLIP [78] - 259 34.0 56.5 52.1 19.7 22.5 - - - - -

PE-Core [3] - 32.0 56.8 58.0 53.4 323 29.5 - -

MMT [54] - - - - - - 49.8 46.8 - - -

CLAP [74] - - - - - - 63.9 56.6 - - -
Multi-Task Finetuning Models

CLIPsg [71] - 28.4 83.7 50.0 45.1 63.6 41.0 26.4 60.6

40
VLM2VecV2 [50] 1.5B 30.0 81.1 434 39.8 17.6 18.4 - - 61.6 24.5 28.7 33.6 76.4
OmniRet 1.5B 24.4 86.7 50.6 46.9 43.8 43.2 66.8 62.4 70.5 44.4 36.5 64.8 86.2

videos are from the original 1,292 query audio-video sam-
ples, and the target images are extracted from their middle
frames. The remaining audio-video samples from D (that
were not selected as queries) are added to the candidate
pool, resulting in 1,292 queries and 5,480 total candidates.

4.2. Data Quality Analysis

We conducted a subjective evaluation to verify the quality
of our generated captions and modification texts. We tasked
three human annotators with answering 100 multiple-choice
questions, each created from a randomly sampled query au-
dio. Each question presented the query audio and the modi-
fication text; the answer choices consisted of the correct tar-
get audio and two random distractor audios from the same
candidate subset. As shown in Table 1, human annotators
achieved 87% accuracy, indicating the task is solvable but
non-trivial. In contrast, the Gemini-2.5 model (using text-
only inputs) achieved 96% accuracy. These results confirm
that our generated audio captions and modification texts are
high-quality and sufficiently descriptive for the composed
audio retrieval task.

5. Experiments
5.1. Implementation Details

Training Datasets. We extend M-BEIR [71] with ad-
ditional text, image, video, and audio retrieval datasets.
Specifically, we added 7 datasets (MSMarco [2], Hot-
potQA [77], NaturalQuestion [31], PAQ [35], StackEx-
change [62], NLI [4], SQuAD [58]) from MTEB [64]
for text retrieval following MMEmbed [41]; 3 datasets
(LLaVA-558K [44], CC-CoIR [67], MTCIR [22]) to en-
hance the interaction between image and text; 5 video and
text datasets (TGIF [38], Charades [61], WebVid2M [1],
PE-Video [3], WebCoVR [67]); 4 datasets for audio and
text retrieval (AudioCaps [29], ClothoV2.1 [11], Wav-
Text5K [10], WavCaps [49]) and VGGSound [6] for audio-
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visual retrieval. In total, we use 30 datasets for training, to-
taling approximately 6.2 million query-candidate pairs. The
distribution and details of the training datasets can be found
in the supplementary material.

Benchmarks and Evaluation Metrics. Besides our pro-
posed ACM benchmark, we also evaluate models on an
extended version of M-BEIR and a subset of the bench-
marks from MMEBvV2 [50]. For M-BEIR, we extended it to
include additional interactions between the audio-text and
video-text modalities. Following MMEBV2, we test each
benchmark individually and average the results for each
group instead of using a global candidate pool. We use
Recall@k with & = 5 for most benchmarks, except for
FashionIQ [73] and Fashion200K [18], which use & = 10.
On MMEBvV2, we compare performance on classification
(CLS), retrieval (RET), and video moment retrieval tasks
(MRET). Recall@1 is used as the metric for MMEBvV2,
while on our proposed benchmark, we report Recall@5. We
follow the evaluation protocols of prior works for all models
and baselines.

Baselines. On the extended M-BEIR, we evaluate against
dual-encoder models trained on text-binding tasks (e.g.,
image-to-text) and recent baselines finetuned on multi-
modal (image and video) data. For MMEBv2 baselines,
we gather results for models with LLM backbones smaller
than 4B parameters to be comparable with our model. On
our benchmark with the audio modality, we choose to com-
pare with ImageBind [16], CLAP [74], ViT-Lens [34], Om-
niBind [70] and Gemma Embedding [68]. While Image-
Bind, ViT-Lens, and OmniBind are strong baselines for
audio-image-video alignment, the Gemma encoding cap-
tions from QwenOmni [76] serves as an alternative solution
for the composed audio retrieval task. Details of each base-
line are discussed in the supplementary material.

Model Architecture and Training Details. At the
core of our architecture, we employ GTE-Qwen2-1.5B-
Instruct [39] as the universal LLM for processing and



Table 3. Generalization performance of OmniRet against lead-
ing models (<7B parameters) on a subset of MMEBv2. Our
model achieves outstanding performance on video tasks. No-
tably, it maintains competitive performance on image retrieval
tasks without being fully fine-tuned on their training sets. Bold
highlights the best score in each group.

LLM Image Video
Model .
Size CLS RET CLS RET MRET
Image-Text Embedding Models
UniME [17] 1.5B 59.0 64.9 - -
LLaVE [32] 1.5B 62.1 65.2 - -
B3++ [65] 1.5B 67.0 70.9 - -
MetaEmbed [75] 2B 68.1 71.9 - -
Video-Image-Text Embedding Models
ColPaliv1.3 [14] 2B 40.3 48.1 26.7 21.6 25.5
GME [81] 1.5B 54.4 66.9 34.9 25.6 324
VLM2VecV1[27] 1.5B 58.7 65.0 334 20.6 33.0
VLM2VecV2 [50] 1.5B 62.9 69.5 39.3 28.8 38.5
OmniRet 1.5B 51.7 65.3 48.6 36.5 43.3

fusing omnimodal information into a coherent embedding
space. Each media input is processed by a different en-
coder. While visual inputs are handled by SigL.IP-SO400M-
Patch14-384 [78], audio files are processed by QwenAu-
dio Encoder [8]. Our entire implementation is built upon
the publicly available LLaVA [44] codebase. To balance
task performance and maintain a large number of in-batch
hard negatives, we customized a data sampler that balances
the number of samples between tasks within the same batch
and randomly selecting one or two datasets per task. With
the majority of parameters remaining frozen, our model has
only ~84M trainable parameters in total.

Our training protocol is divided into two distinct stages:
Stage 1: Warm-up. We first warm up the model on a
curriculum of simple uni-modality and textual binding
retrieval tasks, excluding video-related and composed-
query datasets. Only the projectors, resampler, and pool-
ing layer are trained while the LLM is kept frozen. We
train the model on 2M samples with the batch size of
2048, approximately 341 in-batch samples per task.
Stage 2: Fine-tuning. We continue to train the model
on all datasets and tasks for approximately 18M training
samples. The video media latents are initialized from the
weights of image media latents. Besides trainable mod-
ules from stage 1, LoRA with a rank of 16 and alpha of
64 is applied to the LLM. We train with a batch size of
3072, but select only 4 random tasks per batch and apply
gradient accumulation in 2 steps to keep training stable
and robust across all tasks.

More details on the training hyper-parameters can be found
in the supplementary material.

5.2. Quantitative Results

Table 2 compares our OmniRet with other methods, both
with and without training on the M-BEIR datasets. The
first group includes methods trained only on textual binding
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Table 4. Performance comparison on our novel ACM bench-
mark. OmniRet illustrats promising results over baselines on both
the composed audio and audio-visual retrieval tasks. Modalities:
I (Image), V (Video), A (Audio), T (Text). Bold and underline
indicate the best and second-best performance, respectively.

Model AT—-A A—-V VoA Al I—A
QwenOmni [76] + Gemma [68] 44.6 3.3 6.3 4.4 5.4
CLAP [74] 16.1 - - - -
ImageBind [16] 7.32 35.5 36.3 30.1 29.7
ViT-Lens [34] 10.1 - - 24.7 259
OmniBind [70] 15.6 - 30.5 29.1
OmniRet 23.0 355 344 24.5 26.0

tasks; while they show strong performance on those specific
tasks, their ability is limited as they cannot handle complex
data structures or different modality types. For visual-text
retrieval, PE-Core [3] is presented as the strongest baseline,
with leading performance on most tasks. For audio, we
compare our model with two strong baselines, CLAP [74]
and MMT [54]. Among models fine-tuned on multi-task re-
trieval, CLIPg g [71] and MMEmbed [4 1] are fine-tuned on
the M-BEIR dataset. VLM2VecV2 [50] is another strong
baseline, which is fine-tuned on a broader set of datasets
that includes the video modality. In comparison with mod-
els of a similar size, OmniRet achieves leading performance
on all tasks except for image-to-image retrieval, often by a
large margin. Notably, on audio and video tasks, OmniRet
also outperforms all specialized models, even those trained
on larger amounts of in-domain data.

We then evaluate OmniRet’s generalization on a sub-
set of tasks from MMEBv2, shown in Table 3. Since our
model was not fine-tuned on the training sets for the Visual
Question Answering or Visual Document Retrieval tasks,
we only compare performance on classification (CLS) and
retrieval (RET) tasks. Our model maintains highly com-
petitive performance on image retrieval, achieving a score
(approximately 65) that is within the median range of mod-
els fully fine-tuned on this data. For video, OmniRet
achieves state-of-the-art performance even without being
fully trained on all datasets, demonstrating the strong gen-
eralization ability of our framework.

Finally, on our new ACM benchmark (Table 4), we
compare OmniRet with five baselines. For composed au-
dio retrieval (A,T—A), the strongest baseline is a multi-
stage text-to-text retrieval pipeline (using Gemma [68] with
QwenOmni2.5 [76]-generated captions). Although it shows
promising results, this multi-stage pipeline incurs signifi-
cant additional computational cost. On this same task, we
also show the performance of CLAP [74], ImageBind [16],
ViT-Lens [34], and OmniBind [70]with features fused as
UnilR [71]. OmniRet outperforms by a large margin while
remaining an efficient single-stage method. The Gemma-
based pipeline, while strong on the composed audio task,
fails to work well on other tasks in our benchmark. This is
likely because converting audio and images/videos to tex-



Table 5. Ablation study of our proposed components. We re-
port the impact on Average Recall (across 6 tasks, trained on 1M
samples) when each component is removed or modified.

Avg. Recall A
Our Baseli 50.2 0.0
(a) Embedding Vector
Single [EOS] Vector 434 -6.8
Multi (16) Vectors 49.8 -0.4
(b) Number of Projections (L) and References (S)
L =1536,5 =128 475 2.7
L =1024,5 =128 48.7 -1.5
L = 4096, S = 64 48.7 -1.5
L = 4096, S = 32 48.1 -2.1
(c) Pooling in ASWP
Average Pooling 20.7 -29.5
Learnable Weighted Sum 48.5 -1.7
Maximum Pooling 49.2 -1.0
(d) Media Resampler
No Resampler 46.7 -3.5
Separated Resamplers 49.9 -0.3
Shared Resampler W/o Media Latents 49.8 -0.4
(e) Loss Functions
W/0 Luiptet 49.7 0.5
W/o Laiy 47.1 -3.1

tual descriptions breaks the modality binding between audio
and vision, thereby substantially degrading audio-visual re-
trieval performance. In contrast, ImageBind, ViT-Lens, and
OmniBind have the capacity to align visual and audio em-
beddings, achieving strong performance on all audio-visual
retrieval tasks. However, these models lack the capacity to
understand the complex, composed queries in the A, T—A
task. Our model, OmniRet, demonstrates a promising abil-
ity to align both visual and audio modalities, achieving per-
formance similar to ImageBind on audio-to-video retrieval
and remaining competitive on other audio-visual tasks, all
while dominating the complex composed retrieval task.

5.3. Ablation Studies

We conduct comprehensive ablation studies, training each
configuration for 1M samples and reporting the Average
Recall across 6 tasks in Table 5. For resource-intensive set-
tings (no resampler and multi-vectors), we halved the batch
size and doubled the steps (with gradient accumulation) for
a fair comparison. Our default model uses a Shared Media
Resampler, ASWP pooling (L = 4096, .S = 128) with the
Straight-Through Maximum (STM) estimator, and all three
loss functions (Leont; Liriplet, Ldiv)-

(a) ASWP Improves Embedding Quality. Using a sin-
gle ‘[EOS]’ vector as the embedding cuts performance by
6.8%. Late interaction (16 vectors) is better than ‘[EOS]’
but slightly worse than ASWP, likely due to the required
smaller batch size limiting hard-negative sampling.

(b) More Projectors and References are Beneficial. In-
creasing projections L and references S improves results at
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the cost of computation. We find L = 4096, .S = 128 offers
the best tradeoff.

(c) STM is the Best for ASWP. Average pooling performs
poorly, as it cancels out informative positive distances to
the references with other negative values. Our STM estima-
tor is the best, outperforming standard max pooling and a
learnable weighted sum by enabling better gradient flow.

(d) Shared Media Resampler is the Best Choice. Remov-
ing the resampler degrades performance (due to a smaller
batch size). Adding our resampler brings a +3% recall
boost. Using separate resamplers or a shared one without
our modality-specific latents both perform worse, showing
that sharing data and maintaining specificity is key.

(e) Triplet and Diversity Losses are Essential. The result
is slightly degraded (0.5% drop) when removing the Lyipiet
loss. In contrast, performance drops significantly (3.1%
drop) without the Lg;, loss. This highlights the critical im-
portance of maintaining diversity on the resampled media
tokens before they are fed to the LLM.

6. Limitations and Conclusion

Despite promising results, OmniRet has clear limitations
that open avenues for future work. First, due to re-
source constraints, we leave scaling the model with a larger
LLM backbone and more training data for future investi-
gation, which we expect would significantly boost perfor-
mance. Second, our work focuses on expanding modali-
ties, whereas other works (e.g., MMEBv2) have expanded
retrieval tasks. A key future direction is to train a single,
unified model on a large-scale dataset incorporating both
more tasks and more diverse input types (e.g., depth maps,
3D point clouds, and speech). Finally, while we introduce a
new benchmark for audio retrieval, it could be extended to
more complex scenarios, such as retrieval over interleaved,
mixed-media documents.

In conclusion, we present a novel approach to omni-
modality retrieval where image, video, audio, and text are
encoded into a unified embedding space by a single model.
Our contributions include:(1) An innovative architecture
that encodes any modality into a shared embedding space,
considering both the diversity and efficiency of the extracted
information; (2) A new Sliced Wasserstein embedding
pooling method that overcomes the limitations of coarse—
grained, single-vector embeddings; (3) A new training
strategy and dataset combination that improve the model’s
generalization across many retrieval tasks; (4) New ACM
benchmark for evaluating interactions between audio and
other modalities. Notably, OmniRet achieves superior re-
sults with 12/13 leading performance on extended M-BEIR,
outstanding results on video benchmarks on MMEBv2
and promising performance on ACM. These advancements
collectively push the boundaries of omni-modality retrieval,
offering more efficient and effective solutions for real-
world applications like RAG or recommendation systems.
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