arxXiv:2610.12256v1 [cs.CV] 8 Oct 2026

Syn-Omni: Structured Specialization and
Progressive Collaboration for Omnimodal Embeddings

Youngtaek Oh'**  Qiyu Wu?'

'KAIST

Hiromi Wakaki?
2Sony Group Corporation

Junmo Kim!  Yuki Mitsufuji?

Ifyoungtaek.oh, junmo.kim}@kaist.ac.kr
2{giyu.wu, hiromi.wakaki, yuhki.mitsufuji}@sony.com
https://github.com/sony/syn-omni

Abstract

Omnimodal embeddings naturally involve both
shared representations and modality-specific
features across heterogeneous inputs. However,
existing omnimodal embedding methods often
rely on a single shared parameter space over
mixed-modality data, limiting structural sepa-
ration between universal and modality-specific
representations. To address this, we propose
Syn-0mni, a unified framework for structured
omnimodal adaptation with modality special-
ization and controlled cross-modal collabora-
tion. Specifically, we introduce Orthogonal
Modality-Expert LoRA (OME-LoRA), which
decomposes adaptation into a shared LoRA
path for universal semantics and modality-
expert LoRA paths for modality-aware spe-
cialization. Furthermore, Progressive Synergy
Routing (PSR) enables experts to first estab-
lish modality-specific priors, then gradually in-
teract with other modality-experts for cross-
modal synergy. Evaluated across 81 diverse
tasks spanning image, video, audio, and audio-
visual modalities, Syn-Omni consistently out-
performs omnimodal baselines, demonstrating
the effectiveness of structured specialization
and cross-modal progressive collaboration.

1 Introduction

Omnimodal Large Language Models (Omni-
MLLMs) have opened a new frontier toward uni-
fied understanding across modalities, including
text, images, video, audio, and their composed in-
puts (Xu et al., 2025a). With these versatile founda-
tions, recent studies (Xiao et al., 2025; Chen et al.,
2026) have successfully repurposed Omni-MLLMs
into discriminative embedding models through con-
trastive fine-tuning (Jiang et al., 2025; Meng et al.,
2026) with LoRA (Hu et al., 2022), offering an
efficient and scalable framework for unified embed-
ding spaces across heterogeneous modalities.
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Figure 1: Omnimodal adaptation strategies. We com-
pare three contrastive embedding setups: (1) modality-
specific models, each trained independently on a single
modality using a shared LoRA, (2) Uni-Omni (base-
line), trained on mixed-modality data using a single
shared LoRA, and (3) Syn-Omni (Ours), which com-
bines a shared adaptation path with modality-specialized
expert paths. Here, the overall score of the modality-
specific setup averages each model across all four modal-
ities, including those it was not trained on. While
mixed-modality training enables strong unified repre-
sentations, Syn-Omni further improves the Uni-Omni
baseline across diverse modality scenarios.

Despite their strong performance, existing om-
nimodal embedding methods largely rely on fully
shared parameter adaptation over mixed-modality
data. While such shared adaptation is effective in
learning a unified representation space, it provides
limited structural separation between modality-
shared and modality-specific representations. Since
different modalities exhibit both common semantic
structures and distinct modality characteristics, a
shared adaptation space may underutilize modality-
aware specialization over the course of training.

As shown in Fig. 1, different omnimodal adap-
tation strategies exhibit complementary strengths.
Modality-specific models effectively preserve
modality-aware characteristics, but their isolated
training restricts cross-modal interaction and lim-
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its generalization. In contrast, Uni-Omni, a base-
line trained on mixed-modality data with a single
shared LoRA, learns a unified embedding space
that performs well on composed multimodal set-
tings such as audiovisual tasks. However, such
fully shared adaptation provides limited structural
separation to model modality-specific characteris-
tics, whereas completely isolated experts fail to
leverage cross-modal synergy. These observations
highlight the need for a structured omnimodal adap-
tation strategy that can jointly support a unified se-
mantic foundation and modality-aware specializa-
tion while encouraging collaborative interactions
within an omnimodal embedding space.

To this end, we propose Syn-0Omni, a framework
that structurally separates shared and modality-
specialized expert paths while progressively en-
abling cross-modal collaboration. Our frame-
work consists of two key components: Orthogonal
Modality-Expert LoORA (OME-LoRA) and Progres-
sive Synergy Routing (PSR). OME-LoRA separates
adaptation into shared and modality-specific LoORA
paths to capture both universal semantics and dis-
tinct characteristics. Complementing this, PSR
gradually enables these isolated modality-experts
to interact and establish cross-modal synergy dur-
ing training. As shown in Fig. 1, Syn-Omni con-
sistently improves upon the unified baseline, show-
ing improved gains on composed multimodal tasks
such as audiovisual understanding.

We extensively evaluate Syn-Omni across 81 di-
verse embedding tasks spanning image, video, au-
dio, and audiovisual modalities, covering a broad
range of task types including classification, re-
trieval, and QA. We show that Syn-Omni outper-
forms existing omnimodal embedding baselines
while achieving more balanced performance across
these diverse modality settings. These results
demonstrate the effectiveness of structured special-
ization and progressive cross-modal collaboration
for unified omnimodal representation learning.

We summarize our contributions as follows:

* We address the structural limitations of existing
fully shared or entirely isolated omnimodal adap-
tation methods by presenting a unified framework
that simultaneously balances robust semantic foun-
dations and modality-aware specialization.

* We propose Syn-Omni, which pairs structured
shared-expert adaptation in OME-LoRA with pro-
gressive cross-modal collaboration in PSR, where
experts first establish modality priors and then
gradually interact with other modalities.

* Syn-0Omni is evaluated across 81 tasks in image,
video, audio, and audiovisual modalities, with var-
ious task types. Results show that Syn-Omni im-
proves baselines across diverse modalities.

2 Related Work

Omnimodal Embeddings. Multimodal Large Lan-
guage Models (MLLMs) have been repurposed into
embedding models through contrastive fine-tuning.
Early frameworks on vision-language models like
E5-V (Jiang et al., 2024) and VLM2Vec (Jiang
et al., 2025) pioneered this transition by applying
LoRA (Hu et al., 2022) to text-image retrieval. Cov-
ering broader modalities, GVE (Guo et al., 2025)
and VLM2Vec-V2 (Meng et al., 2026) extended
this paradigm to video, while AuroLL A (Xu et al.,
2026) focused on audio-text retrieval. Further-
more, Omni-Embed-Nemotron (Xu et al., 2025b)
and WAVE (Tang et al., 2026) enable any-to-any
retrieval across text, image, audio, and video by
leveraging large omnimodal backbones (Xu et al.,
2025a). To further refine cross-modal alignment,
methods such as LCO-Emb (Xiao et al., 2025)
and e5-omni (Chen et al., 2026) introduce explicit
calibration strategies, including language-centric
refinement and modality-aware temperature scal-
ing. While most existing approaches rely on fully-
shared adaptation (e.g., a single LoRA layer) across
modalities, we introduce a decoupled adaptation
framework in the omnimodal setting.

Structured Adaptation. Several approaches ex-
plicitly separate parameters to encourage special-
ization. MoELoRA (Luo et al., 2024) and MoD-
ULA (Ma et al., 2024b) instantiate task-level ex-
perts within LoRA, while a separate line imposes
orthogonality on the internal subspaces of each
adapter (Zhang et al., 2023; Li et al., 2025). Beyond
architectural separation, LIMoE (Mustafa et al.,
2022) shows that emergent modality-specific ex-
perts require explicit control for stable training.
DGL (Wei et al., 2025) shows that aggressive fu-
sion can suppress modality-specific learning, while
MCA (Wu et al., 2025a) reports shortcut behaviors
induced by simple contrastive objectives. From
an optimization perspective, Uni-X (Hao et al.,
2026) reveals the limitations of shared transformers
across heterogeneous modalities. We adapt these
ideas to omnimodal embedding learning, separat-
ing experts along the modality axis rather than the
task axis and regularizing the shared-expert relation
instead of each adapter’s internal subspace.
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Figure 2: Illustration of the Syn-Omni framework. (a) Overall Framework: Omnimodal inputs x,,, are encoded
by modality-specific encoders and a pretrained LLLM backbone with OME-LoRA to produce unified embeddings
e(x,). (b) Orthogonal Modality-Expert LORA (OME-LoRA): Shared LoRA path captures universal semantics,
while modality-specific expert LORAs model modality-aware characteristics. The outputs of modality-experts are
combined by the routing weight w. (c¢) Progressive Synergy Routing (PSR): PSR gradually shifts from initial
modality-separate routing to later-stage collaborative routing, enabling progressive cross-modal synergy.

3  Syn-Omni Framework

We propose Syn-0Omni, a unified omnimodal em-
bedding framework that moves beyond fully shared
adaptation across modalities. As shown in Fig. 2,
our approach consists of two main components
that jointly realize modality specialization and pro-
gressive cross-modal collaboration: Orthogonal
Modality-Expert LoORA (OME-LoRA) and Progres-
sive Synergy Routing (PSR). We first introduce
our omnimodal embedding formulation Uni-Omni
in Sec. 3.1. We then detail the design of OME-
LoRA in Sec. 3.2, the PSR mechanism in Sec. 3.3,
and the training objectives in Sec. 3.4.

3.1 Omnimodal Embedding Learning

We consider a mixed omnimodal training setting,
where we construct a heterogeneous training mix-
ture encompassing various modality combinations.
Under this setup, we train Uni-Omni, a simple
contrastive baseline that adapts a pretrained Omni-
MLLM using a single modality-shared LoRA.

Omnimodal Representation. We define a base
modality set M = {T,I,V, A}, representing text,
image, video, and audio, respectively. An input x,,
is any non-empty subset m C M, and we define
a modality indicator v™°? € {0, 1}l indicating
the presence of each modality in x,,. To obtain the
omnimodal embedding e(z,,) from a pretrained

Omni-MLLM fy, the input is processed with an in-
struction prompt, and last-token pooling is applied
from the final layer: e(x,,) = Pool(fg(z)).
Contrastive Optimization via LoRA. The pre-
trained weights Wy € 6 are frozen, while low-rank
adapters ¢ are trained. For an intermediate hidden
state h, the adapted output is y = Wyh+ AW, (h).
The model is optimized with an InfoNCE objective
to align matched pairs in the unified embedding
space. For a batch of N pairs, the loss is:

exp(sim(e;, ;) /)

1 N
'Ccon = _Nzlog ZN

| exp(sim(e;, e;)/7)
ey
where sim(-, -) denotes cosine similarity and 7 is a
temperature hyperparameter. We further detail our
omnimodal training mixture in Sec. A.1.

3.2 Orthogonal Modality-Expert LoRA

The training of omnimodal embeddings involves
heterogeneous modalities with different character-
istics, yet typically relies on a single shared LoRA
applied across all modalities. This motivates a
more structured design to better organize shared
and modality-specific adaptation. To this end, we
propose Orthogonal Modality-Expert LoRA (OME-
LoRA), which introduces a structured decomposi-
tion of shared and modality-expert LoORA paths.



Parallel Shared-Expert LoRA. Inspired by the de-
coupling of universal and domain-specific knowl-
edge in multi-task learning literature (Ma et al.,
2024b), we extend this foundation to the omni-
modal setting to jointly model shared semantics
and modality-specialized characteristics. Specifi-
cally, as shown in Fig. 2 (b), a shared LoRA path
is consistently activated for all input modalities,
while modality-expert LoRA paths are selectively
engaged based on the modalities present in x,,,. For
an intermediate hidden state h, the output of the
OME-LoRA layer y is computed as follows:

> wa AWy (h), (2)
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y = Woh+AWp,,(h)+

where AWy, captures modality-shared parame-
ter updates and AW, models modality-specific
counterparts. The routing weights w,,, enable adap-
tive integration of modality-expert outputs. We
defer the details of modality-aware specialization
in modality-experts and the routing strategy for
cross-modal synergy among experts to Sec. 3.3.
Decoupling via Orthogonal Penalty. We intro-
duce an orthogonal penalty L,.+x, that encourages
modality-specific experts to learn complementary
weight directions relative to the shared pathway.
Given that each LoRA update is decomposed into
low-rank matrices AW = BA, we define the vec-
torized form of the input-side projection matrix as
a = vec(A). The penalty is then defined as:

|ash7‘ am| >
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where L,h, minimizes the cosine similarity be-
tween the weight directions of the shared and ex-
pert LORA parameters. Here, we apply the penalty
only to A, which determines the input subspace
of each path, leaving the output projection B un-
constrained. We also treat the shared component
as a fixed reference by applying a stop-gradient
operator, as,, = sglasp,]. This blocks gradient
propagation so that the shared path is not affected
by the penalty. In this way, the penalty helps reduce
redundancy between the shared and expert paths.

3.3 Progressive Synergy Routing

The interaction between modality-experts is gov-
erned by the routing weights w,, in Eq. (2). While
hard routing based on the modality indicator v™°%
activates only the corresponding experts, it restricts
cross-modal knowledge exchange across experts.

In contrast, soft routing with a learnable router en-
ables synergy, but it can blunt expert specialization
if the experts lack sufficient modality-aware priors
early on, as explored in Fig. 5 (left).

To facilitate stable collaboration among experts,
we propose Progressive Synergy Routing (PSR),
allowing experts to first establish modality priors
via hard routing and then progressively exchange
complementary information across modalities with
soft routing, as illustrated in Fig. 2 (c). In addi-
tion, the Synergy Margin Loss (SML) is designed
to avoid excessive suppression of absent-modality
experts, preserving expert interactions necessary
for cross-modal synergy.

Progressive Blending Mechanism. We first in-
troduce a learnable router fy _that generates soft
routing weights vi* = o (f;, (Pool(h))) from the
intermediate hidden state h, where fy,_ is a fully-
connected layer with parameters ¢, and o(-) de-
notes the sigmoid function. This soft router enables
experts from non-input modalities to contribute
dynamically to the final outputs. To resolve the
trade-off between expert specialization and syn-
ergy, we propose to progressively blend the hard
and soft routing weights over the training progress

t to smoothly shift from isolation to interaction.

()

The blended routing weight w,;, is computed as:

w® = (1 —ap) - 7%+ ap - vE, 4)

where oy € [0, 1] is scheduled along with the train-
ing progress ratio t (e.g., current step / total steps):

07 0<t< twarm
ar =4 9(t), twam <t <twam + tolena  (5)
1: twarm + tolend < € < 1.
Here, g(t) = 2[1—cos(m %)] denotes a cosine-

based monotonic transition function from O to 1,

where tyam controls how long the experts remain
isolated and tpeng sets the length of the transition.
The schedule consists of three phases: Warmup
(t < twarm) for strict isolation with expert special-
ization, Blending (twam < t < twarm =+ tblend) fOr
a smooth transition between hard and soft routing,
and Synergy (t > twarm + tolend) for full dynamic
collaboration via soft routing weights v. This
schedule can be viewed as a curriculum (Bengio
et al., 2009) over routing that eases optimization,
where experts are first exposed to their own modal-
ity before interacting with others. To empirically
capture this transition, Fig. 6 visualizes the evolu-
tion of routing weights over the course of training.
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Figure 3: Conceptual comparison between BCE Loss
and Synergy Margin Loss (SML). While BCE strictly
suppresses absent modalities to 0, SML maintains a
relative margin  (Vhfeen; — Vhtsent = 7)» Which allows
absent-modality experts to retain meaningful activations,
preserving cross-modal synergy during training.

Synergy Margin Loss. To encourage modality-
aware specialization in the router, we introduce an
auxiliary supervision that guides the soft routing
activations v'? using the modality indicators v"™°¢,
While Binary Cross-Entropy (BCE) could directly
enforce modality-aligned routing, it tends to ex-
cessively suppress absent modalities, eliminating
potentially useful interactions across experts. To
preserve such collaborative capacity while main-
taining the dominance of input-relevant modalities,
we propose a Synergy Margin Loss Lgyr,. Let P
and A denote the sets of present (vﬂ‘)d = 1) and

absent (¢ = 0) modality indices in the input:

1
Lsmr = > Y max(0,vf —vf +7),
I 25 2
(6)

where v is a margin hyperparameter. As shown
in Fig. 3, unlike BCE, the proposed objective en-
forces relative preference rather than absolute sup-
pression, allowing related experts to retain mean-
ingful activations while preserving specialization.

3.4 Training Strategy

We train Syn-Omni in an end-to-end manner by in-
tegrating OME-LoRA into the backbone and opti-
mize the model with a joint objective that combines
contrastive learning and structural regularization.
Architectural Integration. Instead of standard
LoRA layers, we deploy OME-LoRA throughout
the backbone, where each module consists of a
shared adaptation path, modality-experts, and a
learnable router. Such learnable parameters are
maintained independently at each layer.

Joint Optimization. The overall training objective
Liotq; combines the primary contrastive objective
with the proposed structural regularization losses:

'Ctotal = *Ccon + )‘ortho'cortho + )‘SML L"SMLa (7)

where A\t and Agpsy, control the strengths of
the orthogonal penalty and Synergy Margin Loss,
respectively. Crucially, both regularization terms
Lortho and Lgpsr are computed and averaged
across all layers containing OME-LoRA modules.

4 Experiment

Training Data. We curate an omnimodal data
mixture of 1.12M samples spanning image, video,
audio, and audiovisual modalities. The training
mixture covers diverse tasks including retrieval,
classification, and QA, with various modality com-
positions ranging from single-modality inputs to
composed multimodal scenarios. Detailed dataset
types and statistics are provided in Sec. A.1.
Model Variants. We build our Syn-Omni frame-
work on top of pretrained Qwen-2.5-Omni (Xu
et al., 2025a) and train both 3B and 7B scale vari-
ants. OME-LoRA modules are inserted into the
LLM layers while keeping the remaining back-
bone parameters frozen. We additionally establish
Uni-Omni as a controlled baseline trained with the
same data and optimization settings, using only a
single shared LoRA and contrastive objective.
Implementation Details. Images and videos are
processed using the native resolution scaling strat-
egy of Qwen-2.5-VL (Bai et al., 2025), while
videos are uniformly sampled into 8 frames and
audio signals are resampled to 16 kHz. Models are
trained for 1 epoch using the AdamW (Loshchilov
and Hutter, 2019) optimizer with a cosine learn-
ing rate schedule, a peak learning rate of 1074, a
warmup ratio of 0.04, and a global batch size of
768. We employ GradCache (Gao et al., 2021) to
maintain a large global batch efficiently. For the
contrastive loss, we use a temperature 7 of 0.02.
Consistent with prior methods (Jiang et al., 2025),
we pool on the EOS token position followed by L2
normalization to extract the final embeddings.

For OME-LoRA, we set the rank of the shared
adaptation path to 8 and each modality-expert rank
to 4. We use a synergy margin v of 0.2 and
apply the proposed Progressive Synergy Routing
(PSR) schedule with warmup and transition ratios
of twarm = 0.1 and tpeng = 0.5, respectively. Addi-
tional implementation details and hyperparameter
configurations are provided in Sec. B.1.



Image (36) Video (23) Audio (12) Audiovisual (10) All (81)

3B Models
Omni-Embed-Nemotron (Xu et al., 2025b) 441 36.5 24.5 28.5 334
LCO-Emb (Xiao et al., 2025) 58.1 43.7 42.1 35.5 44.8
e5-omni (Chen et al., 2026) 64.8 40.6 374 31.6 43.6
Uni-Omni (Contrastive baseline) 66.8 40.4 43.1 40.4 47.7
Syn-0mni (Ours) 68.1 40.5 45.6 434 494

7B Models
OmniEmbed-v0.1 (Ma et al., 2025a) 442 35.0 31.6 29.0 35.0
OmniEmbed-Multivent (Zhan et al., 2025) 51.8 40.2 39.5 344 41.5
LCO-Emb (Xiao et al., 2025) 61.6 45.5 45.2 35.5 46.9
eS-omni (Chen et al., 2026) 72.5 44.3 443 423 50.9
WAVE (Tang et al., 2026) 427 39.8 334 38.1 38.5
Uni-Omni (Contrastive baseline) 71.3 40.2 47.5 439 50.7
Syn-0mni (Ours) 71.7 414 48.7 44.6 51.6

Table 1: Comparison of omnimodal embedding models using Hit@1 (%). The numbers in parentheses indicate the
number of evaluation tasks for each modality and the total. Here, Uni-Omni corresponds to a strong baseline trained
with a standard LoRA setting. Across both 3B- and 7B-scale models, Syn-Omni achieves higher overall scores than
previous methods, demonstrating well-balanced performance across diverse modalities, while also improving over
our baseline. For each model scale, the best results are bolded, and the second-best are underlined.

Evaluation Setup. We evaluate our framework
on an extensive omnimodal benchmark consisting
of 81 tasks spanning image, video, audio, and au-
diovisual modalities. Each modality group covers
multiple embedding-oriented meta-tasks, such as
retrieval, classification, and QA. For image and
video evaluations, we adopt the MMEB-v1 (Jiang
et al., 2025) and MMEB-v2 (Meng et al., 2026)
benchmarks, respectively, while further extending
with additional audio and audiovisual benchmarks
collected in this work. The complete evaluation
dataset details are provided in Sec. A.2.

Baselines. We compare Syn-Omni against recent
Omni-MLLM-based embedding models, includ-
ing OmniEmbed-v0.1 (Ma et al., 2025a), Omni-
Embed-Nemotron (Xu et al., 2025b), OmniEmbed-
Multivent (Zhan et al., 2025), WAVE (Tang et al.,
2026), LCO-Emb (Xiao et al., 2025), and e5-
omni (Chen et al., 2026). For a fair evaluation,
we use officially released checkpoints and perform
all evaluations under the unified protocol.

Metrics. We use Hit@1 as the evaluation met-
ric, measuring whether the ground-truth target is
ranked at the top among candidates. We report
both modality-specific average performance and
the overall average score from a single run. The
overall score is computed by averaging modality-
specific scores, where each modality-specific score
is obtained by averaging the corresponding meta-

task scores. Here, each meta-task score is com-
puted as the average of its associated benchmark
scores. Detailed benchmark-level performance
breakdowns are provided in Sec. C.4.

4.1 Main Results

Overall Performance. In Tab. 1, we compare our
framework against recent Omni-MLLM embed-
ding models. While some methods excel in specific
modalities, such as LCO-Emb (Xiao et al., 2025)
on video tasks and e5-omni (Chen et al., 2026) on
image tasks, their strong performance is less consis-
tent across modalities. In contrast, our contrastive
baseline, Uni-Omni, trained with a modality-shared
LoRA, already achieves strong performance across
all modalities at both the 3B and 7B scales. Build-
ing upon this baseline, Syn-Omni reaches the best
overall scores of 49.4% and 51.6%, respectively.
These improvements over Uni-Omni are statisti-
cally significant across the 81 tasks in a paired
t-test (p = 0.0044 and p = 0.0189).
Modality-wise Analysis. Breaking down the gains
by modality, Syn-Omni improves most on audio
and audiovisual tasks (+2.5% and +3.0% at the
3B scale), with more moderate margins on image
and video. A similar pattern appears at the 7B
scale, where e5-omni leads on image and video
while Syn-0Omni is stronger on audio and audiovi-
sual tasks and attains a higher overall score. This
yields more even coverage across all modalities.



OME-LoRA PSR |
id  S-Exp. Lopno Soft Prog. | I V A AV Al
(a) . - - - | 668 404 431 404 477
® v - 676 39.6 449 42,6 487
(© v v - 674 399 452 417 486
@ v v v 673 399 450 421 486
e v - v v | 682 401 452 426 49.0
® v v v v | 681 405 456 434 494

Table 2: Component analysis of Syn-Omni framework.
Starting from the Uni-Omni baseline in (a), each row in-
corporates individual components of our design. The re-
sults show that both OME-LoRA and PSR contribute to
improved and balanced performance over the baseline,
with the full model achieving the best overall results.

4.2 Ablation Study

We conduct a series of ablation experiments to ana-
lyze the individual contribution of each proposed
component in our Syn-Omni framework. All re-
sults are reported using 3B-scale models, including
both modality-specific and overall averaged scores.
Component Analysis. As shown in Tab. 2, com-
pared to Uni-Omni baseline in (a), introducing a
shared-expert structure (S-Exp.) with hard rout-
ing in (b) improves performance through structural
decomposition. Since hard routing activates ex-
perts in isolation and leaves limited interaction for
shared-expert decorrelation, the orthogonal penalty
alone in (c¢) yields no additional gain over (b). Soft
routing alone in (d) likewise maintains a compara-
ble level, as it lets experts interact before acquiring
modality priors, which blunts specialization. When
applying Progressive Synergy Routing (PSR) with
Synergy Margin Loss (SML) in (e), further im-
provements are obtained. Under this configuration,
the orthogonal penalty provides a complementary
gain in (f) (49.0 — 49.4), indicating that reducing
redundancy becomes effective once multiple expert
outputs are jointly integrated.

Beyond these overall numbers, the components
introduced on top of the shared-expert structure
also shape how experts behave: they yield clearer
separation across pathways, progressive participa-
tion of absent-modality experts, and routing acti-
vations that avoid collapsing to hard assignments,
which we further analyze in Sec. 4.3.

Structural Efficiency. We explore the impact of
different architectural choices under matched pa-
rameter budgets. As shown in Tab. 3, simply in-
creasing the rank of a single shared path from 16
to 36 brings only marginal gains, with the rank 24
counterpart in (b) even leading to a slight drop. In

id Variant Rank Params. PSR| I V. A AV Al

(a) Shr 16 29.9M 66.8 404 431 404 477
(b) Shr 24 449M 673 387 430 416 476
(c) Shr 36 59.9M 673 407 438 412 482
(d) Exp 16 299M - |66 394 425 40.1 47.0
(&) Exp 16 333M v |653 395 421 405 469
() Shr+Exp 24  449M - | 67.6 39.6 449 42.6 487
(g) Shr+Exp 24  483M v |68.1 405 45.6 434 494

Table 3: Analysis of the adaptation structure. ‘Shr’
denotes a single shared LoRA path (Uni-Omni) with
increasing rank. ‘Exp’ denotes modality-expert paths
without a shared LoRA path, and ‘Shr+Exp’ denotes
our OME-LoRA architecture. Neither path alone is
sufficient: scaling the shared path yields limited gains,
and removing it degrades performance further.

Routing Strategy (PSR) ‘

id  Router Progress loss ‘ I \% A AV Al
(@) Hard | 674 399 452 417 486
(b)  Soft - BCE | 67.3 399 450 42.1 48.6
(c)  Soft - SML | 67.6 404 45.1 419 488
(d)  Soft v BCE | 67.6 39.6 46.0 419 48.8
(e)  Soft v SML | 68.1 40.5 45.6 434 494

Table 4: Analysis on Progressive Synergy Routing
(PSR) strategy. We evaluate the impact of routing types,
progressive blending, and router loss functions in the
OME-LoRA layers. We highlight that combining a pro-
gressive blending of routing weights with the Synergy
Margin Loss (SML) is crucial for both expert special-
ization and cross-modal collaboration among experts.

contrast, our OME-LoRA decomposes the same
total rank (24) into shared and expert paths, which
brings improvements at an identical parameter
count (44.9M) in (f). Applying PSR on top of
this structure in (g) further boosts performance to
49.4%. Notably, this surpasses the largest shared-
only variant in (c) while using fewer trainable pa-
rameters, confirming that the gains stem from struc-
tured decomposition rather than increased capacity.

Role of Shared LoRA. We next evaluate the ne-
cessity of the shared LoRA path within the OME-
LoRA architecture. As shown in Tab. 3, omitting
the shared path leads to a substantial performance
drop under both hard routing (f vs. d) and with
PSR integrated (g vs. e) cases. More importantly,
expert-only adaptation in (d) falls even below the
shared-only baseline in (a) at the same parame-
ter count (47.0 vs. 47.7 at 29.9M). This suggests
that the shared path provides a unified cross-modal
space on which experts build their specialization,
and that establishing it matters more than allocating
the same capacity to experts alone.
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Figure 4: Sensitivity analysis of hyperparameters on the
orthogonal penalty weight \,.+1,, the synergy margin
loss weight Agpsr, and the margin parameter . Red
stars indicate the optimal choice in our final model.
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Figure 5: Pairwise cosine similarity between OME-
LoRA pathways. Without progressive blending (left),
high cross-path similarities reveal redundancy across
different pathways. In contrast, Syn-Omni (right), which
differs only in applying progressive blending, produces
significantly lower similarities. This indicates effective
decoupling and clear specialization across pathways.

Role of Progressive Synergy Routing. We further
investigate the impact of our routing strategies, as
summarized in Tab. 4. Compared to the hard rout-
ing baseline in (a), switching to soft routing with
BCE loss in (b) provides limited to no improvement.
However, across both standard soft routing (b vs.
¢) and progressive blending configurations (d vs.
e), replacing BCE with the Synergy Margin Loss
(SML) consistently improves performance. Our fi-
nal framework in (e), which integrates both progres-
sive blending and SML, achieves the best overall
performance of 49.4%. This demonstrates that the
two components, progressive blending with syn-
ergy margin loss in PSR, complement each other
to deliver the superior results.

Sensitivity Analysis. We investigate the sensitiv-
ity of three key hyperparameters in Syn-Omni: the
orthogonal penalty weight (\,¢10), the synergy
margin loss weight (Agasr), and the margin param-
eter (7). As shown in Fig. 4, the best overall score
is achieved with A\,,+p, = 0.20, Agprr, = 0.20, and
~v = 0.2. The performance remains relatively sta-
ble around these values, while larger margin values
lead to a noticeable performance drop.
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Figure 6: Routing dynamics of PSR under video-audio
inputs. Present-modality experts retain dominant rout-
ing weights, while absent-modality experts gradually ac-
quire non-zero activations through progressive blending.
This indicates the emergence of synergistic cross-modal
interactions along with modality specialization.

4.3 Empirical Analysis

To better understand how Syn-Omni structures om-
nimodal representations, we analyze the behaviors
of its two key components, OME-LoRA and PSR,
on VALOR-32k (Liu et al., 2025) evaluation sam-
ples with text, video, and audio inputs. Results are
computed from final-layer signals averaged across
samples and submodules.

Decoupling in OME-LoRA. As shown in Fig. 5,
we measure pairwise cosine similarity between
the flattened hidden states of the shared pathway
and modality-experts using text-video-audio inputs.
Without applying progressive blending (left), re-
lying solely on soft routing fails to induce clear
separation, evidenced by high cross-path similari-
ties both between the shared pathway and experts,
and across experts. In contrast, Syn-Omni (right)
produces substantially lower cross-path similari-
ties, indicating clear modality specialization across
paths in the OME-LoRA architecture.

Routing Dynamics in PSR. We analyze the evolu-
tion of PSR routing weights under video-audio in-
puts to demonstrate the emergence of cross-modal
interactions during training in Fig. 6. Under pro-
gressive blending, present-modality experts (video
and audio) maintain dominant routing weights. In
contrast, absent-modality experts (text and image),
initially suppressed to zero under hard routing
scheme, gradually acquire non-zero weights by
introducing soft routing scheme. This behavior
demonstrates that PSR enables cross-modal collab-
oration while preserving modality specialization.
We further observe that SML drives this synergistic
behavior, whereas BCE loss completely suppresses
absent-modality experts, as shown in Fig. 8.



5 Conclusion

We propose Syn-Omni, a structured omnimodal
adaptation framework that effectively learns a uni-
fied representation space. It leverages OME-LoRA
to decouple modality-shared and specialized pa-
rameters. In addition, Progressive Synergy Routing
(PSR) shifts the model from isolated specialization
toward dynamic cross-modal collaboration. Across
81 diverse tasks, Syn-Omni outperforms existing
baselines, achieving robust and well-balanced per-
formance across image, video, audio, and audiovi-
sual modalities.

Limitations

Our framework introduces additional inference
overhead through dynamic routing in the OME-
LoRA layer. While standard LoRA weights can
be merged into the frozen backbone after training,
our input-dependent routing prevents this for the
modality-experts, although the shared pathway re-
mains mergeable. Specifically, the increased over-
head due to the expert pathways active at inference
amounts to 17-18% higher latency with less than
1% additional GPU memory, as reported in Tab. 7.
This cost is most visible in latency-sensitive set-
tings such as real-time query encoding.

Ethical Considerations

Our framework may inherit systemic biases from
large-scale training data, leading to skewed cross-
modal retrieval behaviors. Additionally, such uni-
fied omnimodal embeddings could be misused for
unauthorized surveillance or identity linkage, ne-
cessitating strict deployment oversight.
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A Additional Details

A.1 Training Datasets

To facilitate omnimodal learning, we construct a
comprehensive training mixture categorized into
four modality groups: image, video, audio, and au-
diovisual. Beyond single modalities, this mixture
features composed modality queries and/or targets,
allowing the model to learn versatile alignment
spaces. The distribution and coverage of sample
counts for each query-to-target modality composi-
tion are visualized in Fig. 7, while detailed dataset-
level specifications for each modality group are
provided in Tabs. 8 to 11, respectively. For each
dataset, if the original dataset size exceeded our
specified target size, we randomly sub-sampled it
to match that specified size.

As shown in Fig. 1, while the modality-specific
models were trained independently only on the
datasets corresponding to their respective modality
groups, our Uni-Omni and Syn-Omni models were
jointly trained on the entire mixture encompassing
all modalities simultaneously.

A.2 Evaluation Datasets

To construct our evaluation suite across four dis-
tinct modalities: image, video, audio, and audio-
visual, we leverage and extend existing evaluation
frameworks. Specifically, for the image and video
tasks, we utilize the evaluation suites from MMEB-
vl (Jiang et al., 2025) and MMEB-v2 (Meng et al.,
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Figure 7: Distribution of sample counts for each query-
to-target modality composition in our training mixture.
For each composition, ‘T’, ‘", “V’, and ‘A’ correspond
to text, image, video, and audio modality, respectively.
We also specify the total sample size per modality group.

2026), respectively. While MMEB-v2 natively in-
cludes text-to-video retrieval, it lacks the corre-
sponding video-to-text direction. Therefore, we
integrated video-to-text retrieval to ensure a bidi-
rectional evaluation. Furthermore, we expand the
benchmark’s scope by incorporating additional au-
dio and audiovisual tasks.

The detailed statistics and configurations for
each modality are provided from Tab. 12 to Tab. 15,
each specifying the task type, query-to-target com-
position, and data sizes. In these tables, the corpus
size is defined differently based on the task type:
it denotes the number of classes for classification
(CLS) tasks, the number of choices for question
answering (QA) tasks, and the actual database size
for retrieval (RET) tasks. Our data collection in-
cludes a wide variety of common-domain settings
for each modality, such as integrating both generic
audio and music domains. English is the primary
language across all multi-modal tasks.

B Detailed Experimental Settings

B.1 Training Details & Hyperparameters

Model Backbone. We select the pretrained Qwen-
2.5-Omni (Xu et al., 2025a) as the backbone. Dur-
ing training, the visual and audio encoders are



Uni-Omni Syn-Omni

3B 7B 3B 7B
Backbone Qwen-2.5-Omni
LoRA rank (Shared) 16 8
LoRA rank (Expert) 0 4 x4
LoRA rank (Total) 16 24
LoRA params. 299M 404M 449M 60.6M
Router params. 0.0M O0O0M 34M 45M

Total trainable params. 299M 404M 483M 65.1M

Table 5: Summary of LoRA configuration and trainable
parameters for Uni-Omni and Syn-Omni model variants.

frozen, and LoRA parameters are inserted into the
LLM layers. The LoRA target modules are q_proj,
k_proj, v_proj, o_proj, down_proj, up_proj,
and gate_proj, which are applied to each of the
36 LLM layers of the Qwen-2.5-Omni backbone.
Input Processing. For the input processing,
we adopt the native configuration of Qwen-2.5-
Omni (Xu et al., 2025a) unless specified otherwise.
Specifically, images and videos are processed using
the native resolution scaling strategy of Qwen-2.5-
VL (Bai et al., 2025). The minimum and max-
imum image resolutions are set to 50,176 pixels
(64 x 28 x 28) and 784,000 pixels (1000 x 28 x 28),
respectively. For video inputs, videos are uniformly
sampled into 8 frames, and the per-frame resolu-
tion is bounded between a minimum of 100,352
pixels (128 x 28 x 28) and a maximum of 156,800
pixels (200 x 28 x 28). Audio signals are sam-
pled at 16,000 Hz. The textual inputs are trun-
cated to a maximum of 512 text tokens (with-
out chat templates), and consistent with prior ap-
proaches (Meng et al., 2026; Chen et al., 2026),
left-padding is applied during batching.

LoRA Configurations. For the modality-specific
models and the standard LoRA baseline Uni-Omni
mentioned in Fig. 1, the LoRA rank (r) is 16. For
Syn-0Omni with OME-LoRA, the rank of the shared
adaptation path is 8, and each modality-expert rank
is 4, making the total effective rank 24. Across all
configurations, the LoRA scaling factor « is set to
two times the rank. LoRA dropout is applied with
probability 0.1. The detailed parameter counts for
both the Uni-Omni baseline and Syn-Omni variants
under these LoRA configurations are summarized
in Tab. 5. Notably, the modality router introduces
minimal parameter overhead, less than 8% of the
total trainable parameters.

Optimization. All models are trained for one
epoch using the Hugging Face Trainer with
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FlashAttention-2 (Dao, 2024) in BFloat16 mixed-
precision. We use the AdamW optimizer with
61 =10.9, 82 =0.999, and € = 1078, We employ
a cosine learning rate schedule with a peak learn-
ing rate of 10~#, a warmup ratio of 0.04, a weight
decay of 0.01, and a maximum gradient norm of
1.0. The global batch size is set to 768. We employ
GradCache (Gao et al., 2021) to increase the global
batch size, where the chunk size is set to 1 for the
3B models and 4 for the 7B models. We do not
employ hard negative examples. The 3B models
are trained using 8 x NVIDIA A100 (40GB) GPUs,
which takes approximately 5 days for Syn-Omni,
and the 7B models are trained using 8 x NVIDIA
H200 (141GB) GPUs, taking approximately 40
hours for Syn-Omni.

Training Objective. The baseline models and
modality-specific models are optimized using the
contrastive loss. Syn-Omni is optimized using
the contrastive loss combined with the orthogo-
nal penalty and the synergy margin loss as pro-
posed in the main paper. The contrastive loss uses
a temperature parameter 7 of 0.02. For the orthog-
onal penalty, the loss weight is set to 0.2. The
Progressive Synergy Routing (PSR) schedule uses
warmup and transition ratios of ty,m = 0.1 and
tplend = 0.5. For the synergy margin loss, the mar-
gin «y is 0.2 and the loss weight is set to 0.2.

B.2 Evaluation Pipeline

For a fair evaluation, previous methods are eval-
uated under the unified setting using the official
checkpoints. We extend the VLM2Vec-V2 code-
base used for evaluation (Meng et al., 2026), which
enables the integrated evaluation of diverse modal-
ities and task types while facilitating seamless
modality expansion. While this evaluation frame-
work originally supports image and video inputs,
we extend it to encompass audio and audiovisual
modalities also, thereby enabling an any-to-any
query-to-target retrieval setting.

The input processing for text, image, video, and
audio modalities remains identical to those used
during the training phase. For inference, standard
LoRA adapter parameters are merged into the base
pretrained weights, and such LoRA layers are not
utilized any further. In contrast, for Syn-Omni,
only the shared adaptation path is merged into the
backbone weights and removed, whereas the expert
paths are explicitly maintained to support dynamic
routing during inference, where the soft routing
weights generated by the router are utilized.
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Figure 8: Visualization of layer-wise soft routing weights under different input modalities. The baseline (BCE
loss) exhibits a collapsed hard routing behavior with nearly binary activations, whereas ours (synergy margin loss)
dynamically allocates routing weights even to absent-modality experts to encourage cross-modal synergy.

C Detailed Results

C.1 Routing Behavior across Layers

Extending the analysis in Fig. 6, we investigate how
different router loss formulations affect routing dy-
namics at the layer level. While the main paper
tracks routing weights across training steps, this
section visualizes the layer-wise soft routing acti-
vations of the converged model using audiovisual,
video-only, and audio-only inputs from VALOR-
32k (Liu et al., 2025). Under this configuration,
Fig. 8 compares the binary cross-entropy (BCE)
loss against our synergy margin loss across the
entire layer hierarchy.

As shown in the figure, BCE loss forces the
router into strict modality classification based on
the input type. Except for the first layer, this results
in routing activations approaching 1 for present
modalities and O for absent ones, collapsing into a
deterministic hard routing behavior despite using a
soft routing formulation. In contrast, our synergy
margin loss maintains dominant activations for the
input modalities while preserving meaningful acti-
vations even for absent modalities across all layers.
This collaborative activation behavior across the
layer hierarchy successfully facilitates cross-modal
synergy, aligning with our architectural objectives.
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I v A AV Al
I-specific 68.0 43.0 354 333 449
V-specific 48.1 41.1 349 359 400
A-specific 403 365 435 309 378
AV-specific 38.0 324 346 371 355
Uni-Omni (3B) 66.8 40.4 43.1 404 47.7
Syn-Omni (3B) 68.1 40.5 45.6 434 494

Table 6: Comprehensive evaluation of modality-specific
models on all modalities. The results demonstrate in-
trinsic cross-modal transferability and highlight the ne-
cessity of unified multimodal training for cross-modal
synergy. Here, I, V, A, and AV denote image, video,
audio, and audiovisual modalities, respectively.

C.2 Modality-Specific Models

We present the extended evaluation of the modality-
specific models introduced in Fig. 1, reporting their
performance across all modalities in Tab. 6. Mod-
els trained exclusively on a single modality demon-
strate strong performance within their respective
modality. For instance, the audio-specific model
performs well on audio tasks. A notable exception
is observed in the audiovisual-specific model. This
indicates that exposure to individual image, video,
and audio data within a unified training scheme is
helpful for audiovisual tasks.

Intriguingly, the image-specific model exhibits
solid performance on video tasks, while the video-



Model Latency (ms) Peak GPU Mem. (MB)
Uni-Omni (3B) 300.3 £25 9612
Syn-Omni (3B)  354.6 + 20 9676
Uni-Omni (7B)  377.1 £26 17672
Syn-Omni (7B)  443.5 + 30 17765

Table 7: Runtime analysis on Uni-Omni and our
Syn-Omni model variants. We report mean latency (ms)
and peak GPU memory usage (MB), testing on VALOR-
32k audiovisual input samples.

specific model retains reasonable results on both
image and audiovisual tasks. These trends indicate
that a unified training setting, where a model is
exposed to diverse modalities, can induce cross-
modal synergy. This serves as the primary motiva-
tion behind the design of our Orthogonal Modality-
Expert LORA (OME-LoRA) paired with the Pro-
gressive Synergy Routing (PSR) mechanism.

While the Uni-Omni baseline exhibits perfor-
mance comparable to or slightly lower than that
of the respective modality-specific models in their
native modalities, our Syn-Omni framework consis-
tently delivers improved performance, demonstrat-
ing the effectiveness of cross-modal synergy.

C.3 Runtime Analysis

To evaluate inference-time efficiency, we bench-
mark Uni-Omni and Syn-Omni on the VALOR-32k
audiovisual input using a single NVIDIA RTX
A6000 GPU (batch size 1). As shown in Tab. 7,
Syn-0Omni introduces a slight increase in both la-
tency and memory across 3B and 7B scales. Specif-
ically, for the 3B variant, the mean latency in-
creases from 300.3 ms to 354.6 ms, while the peak
GPU memory changes from 9612 MB to 9676 MB.

This overhead is due to architectural differ-
ences at inference time. In Uni-Omni, standard
LoRA adapters are fully merged into the backbone
weights, maintaining the original backbone’s infer-
ence path. In contrast, while Syn-Omni merges its
shared adaptation path, it explicitly retains the four
modality-specific expert paths and router parame-
ters to support input-dependent routing.

C.4 Per-dataset Evaluation

We present the comprehensive benchmark-level
results across all evaluated modalities and tasks.
Individual dataset performances for image, video,
audio, and audiovisual tasks are detailed in Tab. 16,
Tab. 17, Tab. 18, and Tab. 19, respectively.
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D Al Tool Usage

We utilized ChatGPT to improve the writing flu-
ency and grammar of the manuscript. The devel-
opment of the core ideas, technical methodologies,
experimental designs, and analyses remains the
original work of the authors.

E Artifact

We meticulously document the licenses, access
URLs, and intended uses of the artifacts utilized
in this study. All datasets, models, and software
artifacts were used in accordance with their origi-
nal licenses and intended research usage conditions
when specified. For redistributed repositories or
mirrors, we additionally verified the original ar-
tifact licenses when available. All derivatives or
model checkpoints in our work are targeted for
non-commercial research purposes.

e MMEB vl Training Set (Jiang et al., 2025):
Sourced from the official HuggingFace repository'
under the Apache-2.0 license.

* LLaVAHound (Zhang et al., 2025): Sourced
from the official HuggingFace repository” under
the Apache-2.0 license.

* PE-Video (Bolya et al., 2025): Sourced from
the official HuggingFace repository® under the
CC-BY-NC-4.0 license for non-commercial aca-
demic research.

e MSVD (Chen and Dolan, 2011) & MSR-
VTT (Xu et al., 2016): Sourced from a public
redistributed HuggingFace repository*> while orig-
inal licenses unspecified.

* ActivityNet Captions (Caba Heilbron et al.,
2015; Krishna et al., 2017): Sourced from a re-
distributed HuggingFace repository® under the
Apache License 2.0.

"https://huggingface.co/datasets/TIGER-Lab/M
MEB-train

2https://huggingface.co/datasets/ShareGPT\/ide
o/train_video_and_instruction

3https://huggingface.co/datasets/facebook/PE-V
ideo

*https://huggingface.co/datasets/friedrichor/
MSVD

5https://huggingface.co/datasets/friedrichor/
MSR-VTT

6https://huggingface.co/datasets/friedrichor‘/
ActivityNet_Captions


https://huggingface.co/datasets/TIGER-Lab/MMEB-train
https://huggingface.co/datasets/TIGER-Lab/MMEB-train
https://huggingface.co/datasets/ShareGPTVideo/train_video_and_instruction
https://huggingface.co/datasets/ShareGPTVideo/train_video_and_instruction
https://huggingface.co/datasets/facebook/PE-Video
https://huggingface.co/datasets/facebook/PE-Video
https://huggingface.co/datasets/friedrichor/MSVD
https://huggingface.co/datasets/friedrichor/MSVD
https://huggingface.co/datasets/friedrichor/MSR-VTT
https://huggingface.co/datasets/friedrichor/MSR-VTT
https://huggingface.co/datasets/friedrichor/ActivityNet_Captions
https://huggingface.co/datasets/friedrichor/ActivityNet_Captions

Dataset Composition Size
ImageNet 1K (Deng et al., 2009) I—-T 15,000
N24News (Wang et al., 2022) TI—T 15,000
HatefulMemes (Kiela et al., 2020) I-T 8,500
VOC2007 (Everingham et al., 2015) I—-T 7,844
SUN397 (Xiao et al., 2010) I-T 15,000
OK-VQA (Marino et al., 2019) TI—T 9,007
A-OKVQA (Schwenk et al., 2022) TI—T 15,000
DocVQA (Mathew et al., 2021) TI—T 15,000
InfographicsVQA (Mathew et al., 2022) TI — T 15,000
ChartQA (Masry et al., 2022) TT—T 15,000
Visual7W (Zhu et al., 2016) TI—T 20,000
VisDial (Das et al., 2017) T—1 20,000
CIRR (Liu et al., 2021b) TI—1 20,000
. . T—1 20,000
VisualNews (Liu et al., 2021a) 1T 20,000
. . T—1 20,000
MSCOCO-Retrieval (Lin et al., 2014) [T 20,000
MSCOCO-Grounding (Lin et al., 2014) TI — 1 20,000
NIGHTS (Fu et al., 2023) I[—1 15,941
WebQA (Chang et al., 2022) T—IT 17,166
Sum 323,458

Table 8: An overview of image-text datasets in the omnimodal training dataset. Each dataset is sourced from the
MMEB-v1 (Jiang et al., 2025), where either the full original set or a randomly sampled subset was utilized.

e DiDeMo (Hendricks et al., 2017): Sourced from
a redistributed HuggingFace repository’ under the
BSD 2-Clause license.

e FineCVR (Wu et al., 2025b): Sourced from the
official GitHub repository®, while license informa-
tion is unknown.

* AudioCaps (Kim et al., 2019): Sourced from a
redistributed HuggingFace mirror® under the MIT
license.

* WavCaps (Mei et al., 2024): Sourced from
the official HuggingFace repository!® under the
CC-BY-4.0 license.

* AudioSet Strong (Gemmeke et al., 2017):
Sourced from a redistributed HuggingFace mir-
ror'! under the CC BY 4.0 specification.

7https://huggingface.co/datasets/friedrichor/
DiDeMo

8https://github.com/May2333/FDCA

9https://huggingface.co/datasets/CLAPvZ/audio
caps

Ohttps://huggingface.co/datasets/cvssp/WavCaps

11https://huggingface.co/datasets/CLAPvz/audio
set_strong
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* MusicCaps (Agostinelli et al., 2023): Sourced
from a redistributed HuggingFace mirror'? under
the CC-BY-SA-4.0 framework.

e MusicBench (Melechovsky et al.,, 2024):
Sourced from the official HuggingFace reposi-
tory'? under the CC-BY-SA-3. 0 license.

* MusicInstruct (Deng et al., 2024): Sourced from
the official HuggingFace repository'* under the
CC-BY-NC-4.0 license.

¢ AudioSet (Gemmeke et al., 2017): Sourced from
the official page'> under the CC BY 4.0 license.

¢ VAST (Chen et al., 2023): Sourced from the
official GitHub repository'® under the MIT license.

12https://huggingface.co/datasets/CLAPvZ/Music
Caps

13https://huggingface.co/datasets/amaai—lab/M
usicBench

Yhttps://huggingface.co/datasets/m-a-p/Music
-Instruct

15https://research.google.com/audioset/

Yhttps://github.com/CASIA-IVA-Lab/VAST


https://huggingface.co/datasets/friedrichor/DiDeMo
https://huggingface.co/datasets/friedrichor/DiDeMo
https://github.com/May2333/FDCA
https://huggingface.co/datasets/CLAPv2/audiocaps
https://huggingface.co/datasets/CLAPv2/audiocaps
https://huggingface.co/datasets/cvssp/WavCaps
https://huggingface.co/datasets/CLAPv2/audioset_strong
https://huggingface.co/datasets/CLAPv2/audioset_strong
https://huggingface.co/datasets/CLAPv2/MusicCaps
https://huggingface.co/datasets/CLAPv2/MusicCaps
https://huggingface.co/datasets/amaai-lab/MusicBench
https://huggingface.co/datasets/amaai-lab/MusicBench
https://huggingface.co/datasets/m-a-p/Music-Instruct
https://huggingface.co/datasets/m-a-p/Music-Instruct
https://research.google.com/audioset/
https://github.com/CASIA-IVA-Lab/VAST

Dataset Composition Size
. T—>V 30,000
LLaVAHound Retrieval (Zhang et al., 2025) VT 30,000
LLaVAHound QA (Zhang et al., 2025) TV - T 30,000
. V->T 40,000
PE-Video (Bolya et al., 2025) TV 40,000
VT 1,200

MSVD (Chen and Dolan, 2011) TV 1,200
V->T 9,000

MSR-VTT (Xu et al., 2016) TV 9.000
.. . V-T 10,008
ActivityNet (Krishna et al., 2017) TV 10,008

. . VT 8,395

DiDeMo (Hendricks et al., 2017) TV 8.395
FineCVR (Wu et al., 2025b) TV -V 40,000
Sum 267,206

Table 9: An overview of video-centric datasets included in the omnimodal training dataset.

* InternVideo2 (Wang et al., 2024): Sourced from
the official HuggingFace repository!” under the
CC-BY-NC-SA-4.0 license.

¢ Shot2Story (Han et al., 2025): Sourced from
the official HuggingFace repository'® under the
CC-BY-NC-SA-4.0 license, restricted to non-
commercial academic usage.

e AVInstruct (Ye et al., 2024): Sourced from
the official GitHub repository!® under the
Apache-2.0 license, utilizing video sources de-
rived from AVQA (Yang et al., 2022).

« MMEB v1 Evaluation Set (Jiang et al., 2025):
Sourced from the official HuggingFace reposi-
tory?? under the Apache-2.9 license.

« MMEB v2 Evaluation Set (Meng et al., 2026):
Sourced from the official HuggingFace reposi-
tory?! under the Apache-2. @ protocol.

*« ESC-50 (Piczak, 2015): Sourced from a
redistributed HuggingFace mirror’> under the

17https://huggingface.co/datasets/OpenGVLab/In
ternVideo2_Vid_Text

18https://huggingface.co/ByteDance/shotZstory

Phttps://github.com/rikeilong/Bay-CAT

Phttps://huggingface.co/datasets/TIGER-Lab/M
MEB-eval

21https://huggingface.co/datasets/TIGER—Lab/M
MEB-V2

22https://huggingface.co/datasets/CLAPv2/esc50
_no_overlap

CC-BY-NC license.

¢ GTZAN (Tzanetakis and Cook, 2002): Sourced
23

from a redistributed HuggingFace mirror~’.
* NSynth (Engel et al., 2017): Sourced from a
redistributed HuggingFace mirror’* under the CC
BY 4.0 license.

¢ AudioCaps (for Eval) (Kim et al.,, 2019):
Sourced from a redistributed HuggingFace mir-
or? under the MIT license.

¢ Clotho (Drossos et al., 2020): Sourced from the
official archiveZ® under its custom academic non-
commercial research license.

¢ SoundDescs (Koepke et al., 2023) & AVE (Tian

et al., 2018): Sourced from a redistributed Hug-
gingFace repository?’. SoundDescs follows the
Apache License 2.0, while the license informa-
tion for AVE was not explicitly provided in the
original repository.

¢ MMAU (Sakshi et al., 2025): Sourced from a

23https://huggingface.co/datasets/m—a—p/GTZAN

24https://huggingface.co/datasets/TwinkStart/N
synth

25https://huggingface.co/datasets/OpenSound/Au
dioCaps

Phttps://zenodo.org/records/4783391

27https://huggingface.co/datasets/VLM2Vec/MMEB
-V3


https://huggingface.co/datasets/OpenGVLab/InternVideo2_Vid_Text
https://huggingface.co/datasets/OpenGVLab/InternVideo2_Vid_Text
https://huggingface.co/ByteDance/shot2story
https://github.com/rikeilong/Bay-CAT
https://huggingface.co/datasets/TIGER-Lab/MMEB-eval
https://huggingface.co/datasets/TIGER-Lab/MMEB-eval
https://huggingface.co/datasets/TIGER-Lab/MMEB-V2
https://huggingface.co/datasets/TIGER-Lab/MMEB-V2
https://huggingface.co/datasets/CLAPv2/esc50_no_overlap
https://huggingface.co/datasets/CLAPv2/esc50_no_overlap
https://huggingface.co/datasets/m-a-p/GTZAN
https://huggingface.co/datasets/TwinkStart/Nsynth
https://huggingface.co/datasets/TwinkStart/Nsynth
https://huggingface.co/datasets/OpenSound/AudioCaps
https://huggingface.co/datasets/OpenSound/AudioCaps
https://zenodo.org/records/4783391
https://huggingface.co/datasets/VLM2Vec/MMEB-V3
https://huggingface.co/datasets/VLM2Vec/MMEB-V3

Dataset Composition Size

A—T 45,000
T—A 45,000

A—=T 45,000
T—A 45,000

AudioSet-SL (Gemmeke et al., 2017) A—T 20,000

A—=T 2,580
T—A 2,580

A—=T 20,000
T—A 20,000

Musiclnstruct (Deng et al., 2024) TA — T 20,000
Sum 265,160

AudioCaps (Kim et al., 2019)

WavCaps (Mei et al., 2024)

MusicCaps (Agostinelli et al., 2023)

MusicBench (Melechovsky et al., 2024)

Table 10: An overview of audio-centric datasets included in the omnimodal training dataset.

Dataset Composition Size

VA 30,000
A—=V 30,000

VA =T 30,000
T — VA 30,000

VA =T 30,000
T — VA 30,000

VA =T 30,000
T — VA 30,000

AVlInstruct (Ye et al., 2024) TVA — T 19,861
Sum 259,861

AudioSet (Gemmeke et al., 2017)

VAST (Chen et al., 2023)

InternVideo2 (Wang et al., 2024)

Shot2Story (Han et al., 2025)

Table 11: An overview of audiovisual-centric datasets included in the omnimodal training dataset.

redistributed HuggingFace repository”® under the official GitHub repository?!.

CC-BY-SA-4.0 standards.
¢ DailyOmni (Zhou et al., 2025): Sourced from a

« MMAR (Ma et al., 2025b): Sourced from redistributed HuggingFace repository>> under the
the official HuggingFace repository?® under the GPL-3.0 license.

CC-BY-NC-4.0 license.
e Qwen 2.5 Omni (Xu et al., 2025a): Sourced

» VALOR 32k (Liu et al., 2025): Sourced from the ~ from the official HuggingFace repository>* under
official GitHub repository> under the MIT frame-  the Apache-2.0 license.

work.
¢ Omni-Embed-Nemotron (Xu et al., 2025b):

¢ AVHBench (Kim et al., 2025): Sourced from the Sourced from the official HuggingFace reposi-

Bhttps://huggingface.co/datasets/gamma-1lab-u Shttps://github.com/kaist-ami/AVHBench
md/MMAU-test-mini Zhttps://huggingface.co/datasets/mteb/Daily-0

29https ://huggingface.co/datasets/BoJack/MMAR mni

Ohttps://github.com/CASIA-IVA-Lab/VALOR Bhttps://huggingface.co/Qwen/Quen2.5-0mni-78
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https://huggingface.co/datasets/gamma-lab-umd/MMAU-test-mini
https://huggingface.co/datasets/gamma-lab-umd/MMAU-test-mini
https://huggingface.co/datasets/BoJack/MMAR
https://github.com/CASIA-IVA-Lab/VALOR
https://github.com/kaist-ami/AVHBench
https://huggingface.co/datasets/mteb/Daily-Omni
https://huggingface.co/datasets/mteb/Daily-Omni
https://huggingface.co/Qwen/Qwen2.5-Omni-7B

tory>* under NVIDIA’s custom non-commercial
scientific license (customized-nscl-v1) for non-
commercial research and scientific evaluation.

« LCO-Emb (Xiao et al., 2025): Sourced from
the official HuggingFace repository> under the
Apache-2.0 policy.

¢ e5-omni (Chen et al., 2026): Sourced from the
official HuggingFace repository>® under the MIT
license.

* OmniEmbed-v0.1 & OmniEmbed-
Multivent (Ma et al.,, 2025a; Zhan et al.,
2025): Sourced from the official HuggingFace
repository>’ 38 under the MIT license.

* WAVE (Tang et al., 2026): Sourced from the
official GitHub repository*® under the Apache
License 2.0.

e GradCache (Gao et al.,, 2021): Sourced
from the official GitHub repository*® under the
Apache-2.0 license.

¢ Flash-Attention-2 (Dao, 2024): Sourced from
the official GitHub repository*! under the
BSD-3-Clause license.

e qwen-omni-utils: Sourced from the official
GitHub repository** under the Apache-2.0 li-
cense.

e Tevatron 2.0 (Ma et al., 2025a): Sourced
from the official GitHub repository*® under the
Apache-2.0 protocol.

All datasets were obtained from public bench-
marks and repositories, and we relied on the orig-
inal providers’ release procedures for potentially
identifiable or offensive content.

*https://huggingface.co/nvidia/omni-embed-nem
otron-3b

35https://huggingface.co/LCO—Embedding

®https://huggingface.co/collections/Haon-Chen/
e5-omni

37https://huggingface.co/Tevatron/OmniEmbed—vO.
1

38https://huggingface.co/Tevatron/OmniEmbed—vO.
1-multivent

Fhttps://github.com/TCL60O6/WAVE

40https://github.com/luyug/GradCache

41https://github.com/dao—ailab/flash—attention

42https://github.com/qwenlm/qwen2.5—omni

Bhttps://github.com/texttron/tevatron
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https://huggingface.co/nvidia/omni-embed-nemotron-3b
https://huggingface.co/nvidia/omni-embed-nemotron-3b
https://huggingface.co/LCO-Embedding
https://huggingface.co/collections/Haon-Chen/e5-omni
https://huggingface.co/collections/Haon-Chen/e5-omni
https://huggingface.co/Tevatron/OmniEmbed-v0.1
https://huggingface.co/Tevatron/OmniEmbed-v0.1
https://huggingface.co/Tevatron/OmniEmbed-v0.1-multivent
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https://github.com/TCL606/WAVE
https://github.com/luyug/GradCache
https://github.com/dao-ailab/flash-attention
https://github.com/qwenlm/qwen2.5-omni
https://github.com/texttron/tevatron

Task  Dataset Composition Query Size Corpus Size
ImageNet-1K (Deng et al., 2009) 12T 1000 1000
N24News (Wang et al., 2022) TI2T 1000 24
HatefulMemes (Kiela et al., 2020) 12T 1000 2
VOC2007 (Everingham et al., 2015) 12T 1000 20

LCLS SUN397 (Xiao et al., 2010) 2T 1000 397
Place365 (Zhou et al., 2018a) 12T 1000 365
ImageNet-A (Hendrycks et al., 2021b) 12T 1000 1000
ImageNet-R (Hendrycks et al., 2021a) 2T 1000 200
ObjectNet (Barbu et al., 2019) 12T 1000 113
Country211 (Radford et al., 2021) 12T 1000 211
OK-VQA (Marino et al., 2019) TI2T 1000 1000
A-OKVQA (Schwenk et al., 2022) TI2T 1000 894
DocVQA (Mathew et al., 2021) TI2T 1000 1000
InfographicsVQA (Mathew et al., 2022) TI2T 1000 1000

LOA ChartQA (Masry et al., 2022) TI2T 1000 1000
Visual7W (Zhu et al., 2016) TI2T 1000 1000
ScienceQA (Lu et al., 2022) TI2T 1000 736
VizWiz (Gurari et al., 2018) TI2T 1000 1000
GQA (Hudson and Manning, 2019) TI2T 1000 1000
TextVQA (Singh et al., 2019) TI2T 1000 1000
MSCOCO_i2t (Lin et al., 2014) 2T 1000 1000
VisualNews_i2t (Liu et al., 2021a) 2T 1000 1000
VisDial (Das et al., 2017) T21 1000 1000
MSCOCO_t2i (Lin et al., 2014) T21 1000 1000
VisualNews_t2i (Liu et al., 2021a) T21 1000 1000

IT RET WebQA (Chang et al., 2022) T2TI 1000 1000
EDIS (Liu et al., 2023) T2TI 1000 1000
Wiki-SS-NQ (Ma et al., 2024a) T21 1000 1000
CIRR (Liu et al., 2021b) TI2I 1000 1000
NIGHTS (Fu et al., 2023) 121 1000 1000
OVEN (Hu et al., 2023) TI2TI 1000 1000
FashionlQ (Wu et al., 2021) TI21 1000 1000
MSCOCO (Lin et al., 2014) TI2I 1000 1000

VG RefCOCO (Kazemzadeh et al., 2014) TI21 1000 1000
RefCOCO-Matching (Kazemzadeh et al., 2014) TI2TI 1000 1000
Visual7W-Pointing (Zhu et al., 2016) TI21 1000 1000

Table 12: Evaluation datasets for image modality, including task type and query-to-target composition.
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Task Dataset Composition Query Size Corpus Size

SmthSmthV2 (Goyal et al., 2017) V2T 1000 174
HMDBS51 (Kuehne et al., 2011) V2T 1000 51
V-CLS  UCF101 (Soomro et al., 2012) V2T 1000 101
K700 (Carreira et al., 2019) V2T 1000 700
Breakfast (Kuehne et al., 2014) V2T 433 10
MSR-VTT (Xu et al., 2016) T2V 1000 1000
MSVD (Chen and Dolan, 2011) TV 670 670
T2V RET DiDeMo (Hendricks et al., 2017) T2V 1004 1004
YouCook?2 (Zhou et al., 2018b) T2V 3179 3179
VATEX (Wang et al., 2019) T2V 4478 4478
MSR-VTT (Xu et al., 2016) V2T 1000 995
MSVD (Chen and Dolan, 2011) V2T 670 660
V2T RET DiDeMo (Hendricks et al., 2017) V2T 1004 1004
YouCook?2 (Zhou et al., 2018b) V2T 3179 3105
VATEX (Wang et al., 2019) V2T 4478 4478
QVHighlight (Lei et al., 2021) TV2V 1083 10
M-RET  Charades-STA (Gao et al., 2017) TV2V 727 10
MomentSeeker (Yuan et al., 2025) TV2V 1602 10
Video-MME (Fu et al., 2025) TV2T 2700 4
NEXTQA (Xiao et al., 2021) TV2T 8564 5
V-VQA  EgoSchema (Mangalam et al., 2023) TV2T 500 5
MVBench (Li et al., 2024) TV2T 4000 5
ActivityNetQA (Yu et al., 2019) TV2T 1000 2

Table 13: Evaluation datasets for video modality, including task type and query-to-target composition.

Task Dataset Composition Query Size Corpus Size

ESC50 (Piczak, 2015) A2T 1237 50
A-CLS  GTZAN (Tzanetakis and Cook, 2002) A2T 290 10
NSynth (Engel et al., 2017) A2T 4096 10

AudioCaps (Kim et al., 2019) T2A 4411 883

T2A RET Clotho (Drossos et al., 2020) T2A 5225 1045

MusicCaps (Agostinelli et al., 2023) T2A 2772 2772

SoundDescs (Koepke et al., 2023) T2A 1000 1000

AudioCaps (Kim et al., 2019) A2T 883 4201

A2T RET Clotho (Drossos et al., 2020) A2T 1045 5225

MusicCaps (Agostinelli et al., 2023) A2T 2772 2772
A-QA MMAU (Sakshi et al., 2025) TA2T 1000 4
MMAR (Ma et al., 2025b) TA2T 995 4

Table 14: Evaluation datasets for audio modality, including task type and query-to-target composition.

Task Dataset Composition Query Size Corpus Size

AVE (Tian et al., 2018) A2V 402 402

A2V RET VALOR32k (Liu et al., 2025) A2V 3239 3239

AVE (Tian et al., 2018) V2A 402 402

V2ARET VALOR32k (Liu et al., 2025) V2A 3239 3239

AVHBench (Kim et al., 2025) T2VA 1105 1105

T2VA RET VALOR32k (Liu et al., 2025) T2VA 3239 3239

AVHBench (Kim et al., 2025) VA2T 1105 1105

VA2T RET VALOR32k (Liu et al., 2025) VA2T 3239 3239
AV-QA AVHBenchQA (Kim et al., 2025) TVA2T 5293 2
DailyOmni (Zhou et al., 2025) TVA2T 1196 4

Table 15: Evaluation datasets for audiovisual modality, including task type and query-to-target composition.
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Average
Overall (36) 44.1 58.1 648|668 68.1 442 51.8 61.6 725 427|713 717
I-CLS (10) 479 573 60.7 | 648 654|445 565 595 67.6 49.0| 66.1 67.5
I-QA (10) 20.1 582 613 |63.1 627|225 29.6 627 699 258|678 66.8
I-RET (12) 587 554 683|663 663|495 61.1 589 719 441|683 69.1
VG 4) 49.5 615 69.1 | 728 77.8 | 60.5 60.0 651 80.9 519|832 83.6
Image Classification (I-CLS)
ImageNet-1K 60.6 655 729|742 750|564 68.6 72.0 79.6 478|765 77.1
N24News 369 50.0 73.1 734 776|425 423 456 779 433|765 80.2
HatefulMemes 48.1 56.8 573|675 723|525 512 664 69.0 512|712 757
VOC2007 53.0 664 718|875 882|751 683 544 833 772|879 893
SUN397 548 738 712 ]78.0 76.1|46.1 61.6 731 750 627|766 71.2
Place365 31.6 41.0 404 | 434 449|162 37.1 38.6 447 337|449 47.1
ImageNet-A 41.6 454 433|534 51.8(299 524 53.0 604 245|576 580
ImageNet-R 82.8 72.0 856|851 824|627 877 830 86.7 68.0| 865 84.6
ObjectNet 46.2 732 655|555 557|378 629 754 682 609|523 533
Country211 236 293 26.0|29.8 29.8|257 325 335 308 20.7|308 323
Image QA (I-QA)
OK-VQA 174 578 627|652 668|242 293 620 704 327|705 704
A-OKVQA 125 48.1 522|554 536|156 200 539 59.6 250|578 593
DocVQA 175 84.1 81.6 913 926|228 258 89.6 933 186|934 923
InfographicsVQA 85 586 499|682 635|117 124 66.6 689 17.0| 747 729
ChartQA 13.3 40.1 47.7 | 587 585|124 140 469 657 125|645 63.1
Visual7TW 74 485 552|495 48.1 | 48 119 479 637 187|533 508
ScienceQA 253 444 487|432 439|255 332 522 569 218|544 526
VizWiz 348 54.6 525|523 510|260 41.8 541 559 312|548 521
GQA 28.5 654 79.1|674 679 |37.1 488 69.7 784 502 |70.1 70.0
TextVQA 36.1 80.6 83.0 795 812|449 585 843 859 299|840 84.0
Image-Text Retrieval (I-RET)
VisDial 528 505 778 | 71.0 739 | 50.6 56.2 547 80.8 19.7 | 748 76.1
CIRR 13.2 429 41.1 | 478 488 | 144 162 47.1 493 314 |48.0 525
VisualNews_t2i 60.1 549 70.1|70.7 726|377 633 613 745 453|743 752
VisualNews_i2t 584 594 764|734 751|438 642 61.1 823 363|757 713
MSCOCO_t2i 59.9 592 7431656 671|512 63.6 652 762 635|707 70.7
MSCOCO_i2t 562 59.7 717|672 674|407 59.0 62.0 741 551 |70.1 69.7
NIGHTS 64.6 567 663 | 685 673|592 637 613 648 582|672 676
WebQA 90.2 847 90.5|89.1 889 | 77.1 90.9 84.0 88.6 51.5|903 90.1
FashionIQ 86 149 165|199 19.1| 83 114 193 194 65 | 188 229
Wiki-SS-NQ 87.0 52.6 742 |69.1 623|842 86.6 550 833 51.1|644 63.6
OVEN 7277 752 758 | 740 74.1|652 746 772 79.1 572|773 769
EDIS 81.2 538 853799 792|617 830 584 90.0 53.1|883 869
Visual Grounding (VG)
MSCOCO 35.1 455 509 (679 68.0 400 424 442 672 251|741 76.1
RefCOCO 55.1 688 76.6| 753 84.8|67.8 659 735 837 49.7|873 910
RefCOCO-Matching 653 757 792|803 856|746 69.8 826 91.6 83.1|91.6 90.6
Visual7W-Pointing 4277 558 69.6 | 67.8 729 |59.6 62.0 602 81.1 49.7|79.6 76.6

Table 16: Individual performances on image modality tasks. The method order is identical to that in Tab. 1.
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Average
Overall (23) 36.5 437 40.6 | 404 40.5 | 350 402 455 443 39.8 |402 414
V-CLS (5) 43.1 44.6 37.6|47.6 447|364 50.7 476 494 489|495 47.0
T2V RET (5) 348 342 389|279 293|337 359 369 36.1 30.0|250 285
V2T RET (5) 32.0 343 332 (383 392|279 347 359 408 351|405 41.6
M-RET (3) 256 472 41.0 369 375|287 28.1 47.1 34.1 40.1|324 36.1
V-QA (5) 469 58.1 52.0|51.1 517|483 51.8 602 61.1 449 | 535 538
Video Classification (V-CLS)
K700 385 426 424|463 439|315 533 432 50.1 514|520 480
SmthSmthV2 40.0 44.1 352|459 459|346 548 465 46.1 472|488 51.1
HMDB51 48.0 532 341|521 473|262 533 577 563 534|547 442
UCF101 627 642 519|715 63.1 |622 682 678 695 72.0 | 66.6 68.3
Breakfast 263 18.7 245|222 231|273 240 226 249 203|254 236
Text — Video Retrieval (T2V RET)
DiDeMo 36.0 33.1 41.6 |274 274|276 347 347 357 256|231 273
MSR-VTT 37.8 374 40.0 | 39.6 43.1 | 40.2 405 412 421 346|376 439
MSVD 558 584 62.1 433 46.7|564 569 60.0 56.7 50.9 |399 451
VATEX 28.8 29.1 340|255 243|281 30.1 323 308 294|230 213
YouCook2 155 130 168 | 3.7 50 |160 174 16.1 153 97 | 1.7 47
Video — Text Retrieval (V2T RET)
DiDeMo 32.0 324 319|425 420|277 357 33.6 430 327|443 464
MSR-VTT 343 388 37.6 (424 458|332 373 379 442 39.0|47.0 48.1
MSVD 53.6 569 57.6|60.7 615|497 569 60.1 63.1 584|625 63.7
VATEX 256 283 284 (299 314|215 285 300 372 30.8|31.6 320
YouCook2 144 154 106|158 153 | 74 151 17.6 164 147|173 18.0
Moment Retrieval (M-RET)
QVHighlight 269 703 60.4 | 519 534|299 300 692 44.1 56.0 |415 509
Charades-STA 11.6 252 195|180 16.6 | 143 13.1 243 169 264|168 149
MomentSeeker 38.3 46.1 43.1 | 40.8 426|419 412 478 414 38.0|39.0 427
Video QA (V-QA)
MVBench 423 58.0 515|509 53.1]436 472 609 60.1 393|547 545
Video-MME 40.1 46.1 43.0 | 41.3 41.6 | 384 40.9 49.7 49.0 32.1 | 436 44.0
NEXTQA 439 674 589|555 594|459 48.1 703 71.1 384 | 60.8 60.0
EgoSchema 46.6 43.8 456|348 30.6 | 464 514 428 514 48.0 342 354
ActivityNetQA 61.6 75.1 61.1|729 739|673 71.5 773 741 665|742 75.1

Table 17: Individual performances on video modality tasks. The method order is identical to that in Tab. 1.
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Average
Overall (12) 245 421 374 |43.1 456 | 31.6 395 452 443 334|475 487
A-CLS (3) 40.7 675 51.5]595 620|360 529 71.1 628 563|674 672
T2A RET (4) 6.4 19.7 26.0 (287 308|255 286 245 30.2 225|325 349
A2T RET (3) 6.8 173 142|300 324|172 210 187 20.7 17.7|325 34.0
A-QA (2) 440 63.8 579|544 570|478 554 664 637 370|576 585
Audio Classification (A-CLS)
ESC50 73.6 77.8 782|868 87.0|515 77.8 788 819 828 |88.0 88.5
GTZAN 28.6 748 44.1 |52.1 579|345 514 828 614 579|669 634
NSynth 20.0 50.0 32.1|39.6 410|220 29.5 51.6 450 28.1|47.3 49.7
Text — Audio Retrieval (T2A RET)
AudioCaps 94 233 339(399 432 39.0 335 269 38.6 32.1|41.2 449
Clotho 72 172 216|204 206 |21.8 215 198 227 19.1 |21.3 21.8
MusicCaps 35 80 105(198 234 |11.8 132 119 148 8.7 |206 226
SoundDescs 53 304 38.1|346 361|294 462 393 445 299|469 50.5
Audio — Text Retrieval (A2T RET)
AudioCaps 10.6 260 26.0|494 52.8|337 348 30.0 36.8 266|542 57.6
Clotho 74 174 133|234 236|152 194 18.0 17.1 19.1 | 269 265
MusicCaps 23 83 33 (172 207 |27 89 82 80 173|164 18.0
Audio QA (A-QA)
MMAU 50.7 705 639|599 62.1 500 587 749 705 36.1 | 648 618
MMAR 374 57.1 52.0|48.8 520|455 52.1 580 569 38.0|505 553

Table 18: Individual performances on audio modality tasks. The method order is identical to that in Tab. 1.
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Average
Overall (10) 28.5 355 31.6| 404 434|290 344 355 423 38.1|439 446
A2V RET (2) 52 11.1 70 |174 19.1 | 52 114 126 72 88 | 220 23.1
V2A RET (2) 73 105 92 | 143 179|135 16.1 138 148 199 |20.1 189
T2VA RET (2) 469 51.1 644|633 642|572 489 51.7 657 526|647 649
VA2T RET (2) 414 466 305|625 63.0|273 49.1 463 624 569|643 639
AV-QA (2) 41.5 584 469 | 448 52.6|41.8 467 533 61.6 524|485 520
Audio — Video Retrieval (A2V RET)
AVE 6.7 129 102|182 194 | 82 11.2 152 9.5 10.0|234 239
VALOR32k 37 92 39 166 188 | 22 11.6 99 50 7.7 |206 222
Video — Audio Retrieval (V2A RET)
AVE 109 127 109 | 129 199|164 174 147 159 22.1|20.6 159
VALOR32k 37 84 75 | 156 160|105 148 13.0 13.6 17.7| 19.6 219
Text — Audiovisual Retrieval (T2VA RET)
AVHBench 56.2 606 750|749 757|673 576 61.1 765 624|754 76.0
VALOR32k 37.6 41.6 53.8|51.6 527 |47.1 40.1 424 549 427|540 539
Audiovisual — Text Retrieval (VA2T RET)
AVHBench 50.2 532 23.6| 735 748|366 586 546 71.1 67.1|748 754
VALOR32k 326 399 374516 513|181 39.6 380 53.8 468 |53.8 524
Audiovisual QA (AV-QA)
AVHBenchQA 534 698 558|638 655|522 60.7 605 795 762|602 66.7
DailyOmni 29.5 47.0 38.1|258 39.7|314 326 462 43.8 286|368 372

Table 19: Individual performances on audiovisual modality tasks. The method order is identical to that in Tab. 1.
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