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ABSTRACT

Omni-modal large language models (Omni-LLMs) extend LLMs to process het-
erogeneous modalities (e.g., vision, audio, and IMU signals) alongside language,
enabling a broader range of multimodal tasks. Yet we find that these models of-
ten fail to express information from non-textual modalities even when they per-
ceive it correctly. We term this disconnect knows-but-cannot-say. To investi-
gate this phenomenon, we introduce Token-level Modality Alignment (TMA),
which measures the alignment between individual modality representations and
response representations. Our analysis shows that non-textual representations are
less aligned with response tokens and receive less attention than textual repre-
sentations, suggesting a potential explanation for uneven modality preferences.
Motivated by these findings, we propose OMNI-CATALYST, a simple perceive →
infer strategy that complements the original modality inputs with self-generated
text, making non-textual knowledge more accessible. Across seven Omni-LLMs,
OMNI-CATALYST consistently improves performance (+7.29%) and yields more
balanced modality preferences, with further gains from diverse training strate-
gies. Further analysis demonstrates that the knowledge extraction phases increase
TMA, suggesting that improved alignment makes non-textual information more
accessible during response generation. In summary, our findings uncover how
Omni-LLMs can better express modality knowledge through language. Our
code is available at https://github.com/naver-ai/OmniLLM.

Omni-LLM secretly knows!

* Question: What gift did the man prepare for his daughter?

The image shows a scene 
with people in a room, 
and the audio is a song 
lyric, but neither 
provides details about a 
gift the man prepared 
for his daughter.

[Visual Description]
[Audio Transcription]
Based on the visual cues 
and audio transcription, 
the answer would be “A 
petal shaped chandelier.”

Knowledge-based
response

Straight-forward 
response

I can hear a 
girl saying 
“Let there be 
light!”

I can see a room filled 
with people looking at 
the top of the ceiling…

??? !!?

(a) Modality knowledge extraction

Knowledge 
Gap

(b) Multimodality

Figure 1: The “knows but cannot say” problem in Omni-LLMs. (a) Omni-LLM often embeds
sufficient modality knowledge, yet it produces an incorrect answer when directly responding (left).
By complementing the relatively weak modality, audio recovers the correct answer (right). (b) This
phenomenon becomes more pronounced as the number of modalities increases.

1 INTRODUCTION

Omni-modal large-language models (Omni-LLMs) (Han et al., 2024; Cheng et al., 2024; Xie &
Wu, 2024; Hurst et al., 2024; ChameleonTeam, 2024; Zhan et al., 2025; Ye et al., 2025; Li et al.,
2025b; Inclusion et al., 2025; Xu et al., 2025c; Liu et al., 2025b; Chen et al., 2025a; Xu et al., 2025a;
QwenTeam, 2026; LongcatTeam et al., 2026; GemmaTeam et al., 2026; NAVERTeam, 2026; Luo
et al., 2026a; Nguyen et al., 2026; Dai et al., 2026) integrate diverse sensory modalities within a sin-
gle language-centric reasoning system1. Their design broadly resembles the organization of human
perception, in which specialized pathways process distinct sensory streams before integrating them
for higher-level cognition (McClure, 1916; Stokes, 2021; Beck, 2025). Omni-LLMs encode in-
puts such as vision and audio through modality-specific encoders, then project these representations

† Corresponding author
1We use multimodal and omni-modal to refer to models supporting two and > 2 modalities, respectively.
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into a shared space for the underlying language model to generate a response. While this unified
architecture enables richer interaction across sensory channels, Omni-LLMs often still underper-
form modality-specialized counterparts on the very tasks those models are designed for (Zhu et al.,
2025). This raises a fundamental question: why do Omni-LLMs fail to fully benefit from the addi-
tional modalities available to them? Limited training data and suboptimal training strategies may
partly explain this gap. However, another possible explanation may be that the limitation lies not
only in perception itself, but also in how effectively Omni-LLMs can access perceived information
during the subsequent generation process.

In this work, we investigate the gap between what Omni-LLMs perceive and what they use to gen-
erate an answer. Figure 1 presents a motivating illustration of this discrepancy and how it evolves
as the number of input modalities increases. As shown in Figure 1a, the Omni-LLM can correctly
extract relevant modality information but fails to use it when directly answering the multimodal rea-
soning question. Remarkably, once the same modality-specific information is explicitly elicited in
textual form, the model recovers the correct answer. This suggests a knows-but-cannot-say prob-
lem (Orgad et al., 2025; Lu et al., 2026): the model knows the relevant information at the perception
level, but that knowledge fails to reach the generation path unless it is re-expressed in text. Cru-
cially, this problem intensifies as additional modalities are introduced (see Figure 1b), precisely the
regime Omni-LLMs are built for. Downstream accuracy collapses with each added modality while
perception accuracy holds, isolating the bottleneck in read-out rather than encoding.

Our study investigates the hidden modality knowledge problem through cross-modality represen-
tational alignment. Although Omni-LLMs are extensively trained to align heterogeneous modality
representations (Liang et al., 2021; Wang et al., 2025; Zhao et al., 2025; Chowdhury et al., 2026; Li
et al., 2026), irreducible misalignment persists (Liang et al., 2022; Fürst et al., 2022; Yaras et al.,
2024; Fonseca et al., 2025; Li et al., 2025a; Grassucci et al., 2026; Schrodi et al., 2025; Eslami &
de Melo, 2025; Yan et al., 2026a; Gröger et al., 2026; Chowers et al., 2026). To effectively charac-
terize this hidden gap, we introduce Token-level Modality Alignment (TMA), which complements
existing global and local alignment measures by quantifying how input modality information inter-
acts with language generation at a token-level. In §3, we find that TMA effectively explains why
Omni-LLMs cannot fully access non-text modality representations. Notably, modality tokens with
higher TMA show greater sensitivity in downstream performance, but not for knowledge extraction,
and this effect is exacerbated with more modalities.

Such representational mismatch induces prevailing modality imbalance issue, in which Omni-LLMs
rely on modalities that are easier to access rather than those most relevant to the query (Chen et al.,
2025b; Wang et al., 2026; Yan et al., 2026b; Zheng et al., 2026; Yang et al., 2025c; Huang et al.,
2022; Tjandrasuwita et al., 2025; Fang et al., 2026; Reilly et al., 2026). To address this issue, we
explore in §4 a simple strategy that renders modality-specific information into texts before answer
generation. We propose OMNI-CATALYST for both training-free and trainable settings and show that
complementary, self-generated modality descriptions substantially improve omni-modal reasoning
performance (from §5.1 to §6.2). Importantly, while OMNI-CATALYST is particularly beneficial for
complementing weaker modalities in multimodal inputs (e.g., audio given vision-audio), it also gen-
eralizes to single-modality settings, consistently improving performance across diverse modalities
such as fMRI, IMU, and point clouds. The self-generated descriptions preserve modality-specific
semantics while residing in the same representational space as the subsequent answering tokens,
thereby bridging heterogeneous modality inputs and language generation. Overall, our results sug-
gest that how much Omni-LLMs can make encoded information usable during generation matters.
Our contributions can be summarized as follows:

• Diagnosing omni-modal representations: We trace modality imbalance in Omni-LLMs through
representational misalignment between modality-specific inputs and generation representations,
using our proposed Token-level Modality Alignment (TMA) metric.

• Extracting modality knowledge into the generation space: We propose OMNI-CATALYST,
which self-generates descriptions for weaker modalities, steering Omni-LLMs toward the correct
answer with their representations acting as an effective semantic and modality intermediate.

• Attaining modality-balanced gains: Across diverse Omni-LLMs and benchmarks, OMNI-
CATALYST improves omni-modal reasoning by 7.29% and increases TMA and attention in the
knowledge-extraction phase with enhanced modality balance.
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2 BACKGROUND

Omni-LLMs. Omni-LLMs integrate heterogeneous modalities within a unified architecture to sup-
port multimodal understanding and reasoning (Zhu et al., 2025; Koutoupis et al., 2026; Cicchetti
et al., 2026). Early efforts such as VAST (Chen et al., 2023) established large-scale vision-audio-
subtitle-text pretraining, while One-LLM (Han et al., 2024) progressively incorporated additional
modalities through mixture-of-experts projection. Subsequent studies show that modality-specific
or joint omni-modal fine-tuning alone does not guarantee genuine omni-modal capability (Zhu et al.,
2025), and that bimodal supervision provides limited transfer to omni-modal reasoning (Liu et al.,
2026). NExT-OMNI (Luo et al., 2026b) extends the setting to any-to-any generation using discrete
flow matching, More recently, inference-time methods have sought to improve modality use without
additional training: OmniXR (Chen et al., 2025b) explicitly extracts modality information before
reasoning and replaces the modalities, ThinkOmni (Guan et al., 2026) delegates reasoning to exter-
nal text-only models (Yang et al., 2025a; Guo et al., 2025), and CoM (Luo et al., 2026c) decomposes
inference into planner, reasoner, and decider roles. While these approaches improve omni-modal in-
ference through architectural, training, or prompting strategies, our work instead investigates why
non-textual information can remain underutilized despite being encoded by the model.

Knowing without saying. A growing body of work reveals a gap between information encoded
internally and information expressed in model outputs. In language models, intermediate activa-
tions can decode answer-related information even when greedy decoding produces an incorrect
answer (Orgad et al., 2025). Similar discrepancies arise in vision-language models: models may
attend to correct visual evidence despite answering incorrectly (Liu et al., 2025a), encode spatial in-
formation that is linearly decodable but not reflected in predictions (Liao et al., 2026), or internally
capture negation and spatial/multilingual information that does not reliably reach the output (Lu
et al., 2026; An et al., 2026). Zhang et al. (2026) further shows that useful latent information can
be silenced without influencing predictions. Complementarily, Gou et al. (2026) decouple percep-
tion from reasoning using an external captioner, demonstrating that richer visual descriptions can
improve reasoning. These findings motivate our central question: whether Omni-LLMs similarly
know information in non-textual representations but fail to effectively use it during generation.

Modality imbalance. Omni-LLMs are designed to integrate heterogeneous modalities, yet their
representations and inference behavior need not be balanced. Representationally, modality-specific
embeddings can remain misaligned despite being mapped into a shared latent space, a phenomenon
known as the modality gap. Prior work addresses this gap through alignment and uniformity objec-
tives (U+A) (Wang & Isola, 2020), post-hoc embedding shifts (MG) (Liang et al., 2022), and rep-
resentation standardization (I0T) (An et al., 2025). However, reducing representational gaps alone
does not necessarily improve downstream performance. Behaviorally, Yan et al. (2026b) show that
Omni-LLMs may strongly favor visual information even when audio, image, and text are equally
available, while HumanOmni-Speaker (Bai et al., 2026) finds reliance on static visual cues over
audio-visual alignment in multi-speaker settings. Together, these results highlight that represen-
tational alignment and modality utilization are distinct; our work connects the two by measuring
token-level modality alignment and examining how it relates to downstream use.

3 TOKEN-LEVEL MODALITY ALIGNMENT AND GENERATION
ACCESSIBILITY

In this section, we investigate how Omni-LLMs access encoded modality information during re-
sponse generation. Two considerations guide our analysis. First, useful modality information
must be accessible during generation, so alignment among input representations alone is insuffi-
cient. Second, answering a query requires selectively using relevant tokens; high average alignment
only across samples, at a dataset-level, may obscure whether those tokens are accessible. Existing
encoder-level multimodal model measures primarily characterize alignment between modalities in
a shared latent space (Liang et al., 2022; Huh et al., 2024). However, such encoder-level align-
ment may not directly apply to generative Omni-LLMs, whose ultimate responses come from the
decoder’s internal representations and support more than two modalities. We therefore introduce
a token-level diagnostic metric that measures modality alignment between arbitrary input modal-
ity representations and the representations underlying response generation, and examine what this
alignment implies about how modality knowledge is accessed.
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3.1 MODALITY REPRESENTATIONAL MISALIGNMENT

Evaluation of Omni-LLM modality representations. We first highlight the limitations of ex-
isting metrics. Representative modality alignment (or gap) metrics, such as centroid distance
(CD) (Liang et al., 2022) and CKNNA (Huh et al., 2024) (Figure 2), are developed for dual en-
coders, where 1) each modality sample yields a full embedding; 2) paired embeddings (e.g., an
image and its caption) are trained to be semantically aligned. That means, each modality spans
numerous tokens (often thousands for video); hence, a per-sample embedding may blur which
tokens are task-relevant. Second, input modalities are complementary rather than semantically
similar: an audio track is not a paraphrase of the video, nor is the text query. While Qin et al.
(2025) emphasize alignment to the decoder, they aggregate the final alignment score across tokens.
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Figure 2: Comparison of modality alignment
metrics. Unlike prior metrics, our TMA captures
the token-level alignment distribution per sample.

Thus, for generative Omni-LLMs, the key
question is not how closely the input modali-
ties align dataset-wise, but how strongly each
modality token aligns with the representations
underlying response generation. Yet, token-
level granularity alone does not guarantee an
effective measurement of modality alignment.
For instance, Yin et al. (2025); Xiang et al.
(2025) examine token-level alignment only
across input modalities and aggregate it as a
top-k mean (SEA in Figure 2). This motivates a
new, fine-grained alignment metric that scores
each modality token by its maximum similarity to response tokens and tracks its full distribution
across modality tokens (TMA in Figure 2).

Token-level modality alignment (TMA) distributions. For a modality m, sample i, and modality
token j, let H(m)i = h

(m)
i,j j = 1, ...,Nm, and H

(r)
i = h

(r)
i,k , k = 1, ...,Nr denote the modality and

response hidden states, respectively. We extract the Omni-LLM’s last-decoder-layer hidden state
at modality-specific placeholder positions (e.g., Qwen2.5-Omni’s <|video-pad|>) and the
generated response-token positions. For each modality token h

(m)
i,j , we define its TMA score as

sm→r
i,j = cos(h

(m)
i,j ,h

(r)
i,k∗i,j(m→r)) , s.t. k∗i,j(m→ r) = argmax

k
cos(h

(m)
i,j ,h

(r)
i,k ) . (1)

Higher TMA indicates stronger alignment between a modality token and the representations under-
lying the model’s generation. We can examine the TMA distribution at multiple granularities beyond
the token level. at the sample level, Smi = {s

m→r
i,j }

Nm

j=1 characterizes how alignment is distributed
within an input; and at the dataset level, {Smi }

N
i=1 captures variation across examples and modal-

ity conditions. Unlike aggregate alignment measures, TMA therefore preserves both within-sample
and across-sample variation, providing a finer-grained view of how modality representations con-
nect to generation. The TMA distribution also offers a lens into whether the model retains relevant
knowledge and expresses it effectively in its output.

3.2 TMA REFLECTING LIMITED ACCESSIBILITY TO RESPONSE GENERATION

TMA well captures how modality representations reach generation. We use generation ac-
cessibility to describe how an input representation participates in subsequent response genera-
tion, rather than whether it contains relevant information. Since TMA measures the compatibil-
ity of an input representation with the response representation space, we examine its relationship
with the generation-time attention weights from the same last decoder layer and greedy genera-
tion pass used for TMA. For sample i, let Ti denote the set of decoding steps and Mm

i denote
the input-token positions of modality m. The mean attention received by position j ∈ Mm

i is

āmi,j =
1

∣Ti∣H ∑t∈Ti ∑
H
h=1 softmaxj(

(qh
i,t)

⊺kh
i,j√

dk
) , Across samples, higher TMA modality tokens tend

to receive higher attention for both video and audio; however, the association is modest, and their
absolute attention remains low (Figure 3a). This distinction is crucial, as TMA and attention capture
related but different aspects of generation accessibility. TMA measures how closely an input repre-
sentation aligns with representations underlying the generated response, whereas attention measures
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Q: What is cat doing?

Video from sample 1
Audio from sample 2

Q: How many spoons 
should be added? 

“For this one… I would 
like everyone to come. 

Please put two spoons.”

(a) Relation between TMA and attention received at the sample-level
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(b) Overall distribution

Figure 3: TMA distributions and accessibility to the generation pathway. (a) Within samples, in-
put modality (e.g., video and audio) tokens with higher TMA tend to receive higher attention weights
from generated-token queries relatively, but exhibit low absolute TMA values. In contrast, text to-
kens yield higher attention weights and TMA values than non-text tokens, regardless of insertion
position. (b) Across samples, text representations systematically exhibit higher TMA and attention
than non-textual representations, revealing their greater accessibility to language-centric generation.
Note that TMA measures not the amount of information, but its alignment with generation.

how much the decoder attends to that representation during generation. Importantly, the two mea-
sures have different distributions: attention strongly separates text (inserted at different positions)
from non-text tokens, while TMA distributions overlap (Figure 3b). Thus, non-textual representa-
tions can exhibit response-level alignment comparable to text representations even when they re-
ceive substantially less generation-time attention, a distinction that attention alone would obscure.
Conversely, text tokens, even when semantically unrelated to the queries and inserted at different
positions (i.e., before modality 1, between modalities, or after modality 2), consistently receive
substantially higher attention weights than non-textual tokens and also exhibit higher TMA overall
(Figures 3a and 3b). Together, these patterns indicate that Omni-LLMs prefer textual representations
during language-centric generation with higher generation accessibility.
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Figure 4: TMA reveals a gap between what Omni-LLMs
know and what they can express. (a) Knowledge perfor-
mance remains high regardless of the TMA of masked to-
kens, whereas answering performance is substantially lower
and further degrades when higher-TMA tokens are masked.
(b) Increasing the number of input modalities increases both
the mean and variance of TMA, indicating more heteroge-
neous accessibility to response generation.

TMA distinguishes what the model
knows from what it says. We then
investigate whether low generation
accessibility of non-textual modality
tokens implies that the model lacks
the underlying modality information.
To differentiate retained knowledge
from its expression in downstream re-
sponses (Li et al., 2026), we evalu-
ate both knowledge extraction and di-
rect answering by masking tokens per
sample. Masking tokens across TMA
levels has little effect on knowledge
performance, whereas overall down-
stream performance degrades sub-
stantially (Figure 4a), resulting in a
noticeable gap between the two. This
contrast suggests that modality infor-
mation can remain recoverable even
when its corresponding tokens are weakly aligned with the representations underlying generation.
The TMA distribution therefore characterizes not whether the model holds information, but how
strongly that information is aligned with its generation, suggesting a know-but-cannot-say gap.

When does the accessibility problem become worse? Finally, we examine how TMA changes as
the number of input modalities increases. Both its mean and variance rise with additional modali-
ties (Figure 4b). The higher mean indicates stronger average alignment with response representa-
tions, while the higher variance reveals greater differences among modality tokens. Consequently,
although some representations become more accessible as modalities accumulate, others remain rel-
atively less accessible to generation. Thus, introducing new modalities does not uniformly translate
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additional modality information into generation; instead, it can widen the variation in how readily
that information is expressed, contributing to a gap between what it knows and what it can express.

4 METHOD: OMNI-CATALYST

From TMA diagnosis to methodology design. Our analysis in §3 showed that Omni-LLMs strug-
gle to use retained modality information during generation, especially as the number of modalities
increases. TMA characterizes this accessibility at the token level, highlighting the importance of
selectively accessing modality information relevant to the response. Since text tokens align more
closely with response representations, OMNI-CATALYST complements sensory inputs with self-
generated textual descriptions. These descriptions express modality knowledge in the model’s na-
tive generation space while preserving the original sensory representations, providing an additional
pathway for relevant information to inform the response.

Preliminary. Conventional generative Omni-LLMs (Yang et al., 2024; GemmaTeam et al., 2026)
learn a function f(X, q) → y, where X = {Xm}m∈M denotes modality inputs, q the query, and y =
(y1, . . . , yT ) the response. Each modality-specific encoder maps its input to a latent representation,
which is then processed by a shared language model: hm = E

m
(Xm), y = fLLM({hm}m∈M, q),

where Em and hm denote the encoder and latent representation for modality m.

4.1 SELF-GENERATING MODALITY DESCRIPTIONS

We introduce a simple training-free formulation of OMNI-CATALYST that complements each non-
textual representation with a self-generated modality description: dm = fLLM(Xm;pdesc), y =
fLLM({hm, dm}m∈M, q;pans), where pdesc and pans denote the prompts for description and answer
generation, respectively. Both stages use the same underlying LLM. Crucially, the generated de-
scription does not replace hm; rather, it provides an additional textual pathway derived from the
same modality information. Thus, the description need not exhaustively reconstruct the original
input, but should preserve task-relevant information in a form that is more directly compatible with
the LLM’s language-based processing. From the perspective of TMA, this intervention exposes
modality information through a representation that is more compatible with subsequent language
generation, while preserving the original sensory representation.

Generating descriptions in a separate pass incurs additional inference cost. We therefore also con-
sider a single-pass procedure in which the modality descriptions and the final response are generated
jointly: (d,y) = f(X, q;pdesc ○ pans), where d = {dm}m∈M, ○ denotes prompt concatenation, and
both d and y are generated conditioned on the same modality inputs and query. Thus, the two vari-
ants of OMNI-CATALYST only differ in whether modality descriptions are generated separately or
jointly with the final response. Most existing Omni-modal models employ LLMs as their foundation
models and therefore naturally support text generation, which our method relies on. Models based
on alternative foundation architectures (Xie et al., 2025; Zhou et al., 2025; Luo et al., 2026b) could
likewise adapt our method by generating modality “descriptions” in a form compatible with their
respective generation processes.

4.2 REFINING MODALITY DESCRIPTIONS

Self-generated modality descriptions provide additional textual pathways for modality information,
but their usefulness for downstream prediction is not guaranteed. We therefore develop a general
framework to improve both their generation and use. Let X = {Xm}m∈M denote the non-textual
modality inputs, q a multiple-choice question with candidate options, and y the correct option. Here-
after, we denote self-generated and ground-truth descriptions by d̂ = {d̂m}m∈M and d = {dm}m∈M.

Our framework considers two complementary objectives: using modality descriptions and generat-
ing them. The former trains the model to use self-generated descriptions for downstream prediction:
LU = − log pθ(y ∣X, d̂, q) . Here, d̂ is generated from the same input before the prediction step,
following the two-pass training-free formulation of OMNI-CATALYST (see the Appendix for the
single-pass variant). The latter trains the model to generate modality descriptions from the raw in-
puts: LG(z) = −∑

Tz

t=1 log pθ(zt ∣ z<t,X, qd) , where z = (z1, . . . , zTz) denotes a target modality
description and qd specifies the description-generation instruction.
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Method AVHBench OmniBench WorldSense Avg.A-Hal V-Hal

Specialist Models
EchoInk∗ 72.4 68.3 46.8 39.3 56.7
Omni-R1∗ 75.8 65.8 47.6 39.7 57.2
HumanOmniV2∗ 81.7 73.6 43.0 40.5 59.7

Training-free Models
Qwen2.5-Omni-3B 77.8 62.2 43.8 39.1 55.7
CoM (Luo et al., 2026c) 73.5-4.3 80.5+18.3 43.8-0.0 40.7+1.6 59.6+3.9
OMNI-CATALYST 77.9+0.1 80.5+18.3 49.6+5.8 44.6+5.5 63.2+7.5
Qwen2.5-Omni-7B 73.2 66.8 46.5 39.2 56.4
ThinkOmni (Guan et al., 2026) 34.1–39.1 46.2–20.6 43.6–2.9 33.4–5.8 39.3-17.1
CoM (Luo et al., 2026c) 78.2+5.0 79.7+12.9 49.4+2.9 41.9+2.7 62.3+5.9
OMNI-CATALYST 76.4+3.2 82.0+15.2 51.7+5.2 45.7+6.5 64.0+7.6

Table 1: Comparison across different training-free
methods. OMNI-CATALYST consistently outperforms
corresponding baselines without an external reasoning
model (ThinkOmni) and without an adaptive agentic
framework (CoM).

Method Music Sound
Event Speech Avg.

gemma-4-e2b-it 25.5 16.2 22.4 21.4
Self-CoT 29.3+3.8 18.1+1.9 26.7+4.3 24.7+3.3
OMNI-CATALYST 43.4+17.9 20.4+4.2 34.0+11.6 32.6+11.2

gemma-4-e4b-it 28.3 23.4 29.7 27.1
Self-CoT 34.0+5.7 25.7+2.3 34.5+4.8 31.4+4.3
OMNI-CATALYST 48.1+19.8 31.3+7.9 42.2+12.5 40.5+13.4

Qwen2.5-Omni-3B 48.1 44.9 38.4 43.8
Self-CoT 51.9+3.8 41.9-3.0 38.7+0.3 44.2+0.4
OMNI-CATALYST 49.6+1.5 53.8+8.9 48.3+9.9 49.6+5.8

Qwen2.5-Omni-7B 49.1 51.0 39.6 46.6
Self-CoT 55.7+6.6 48.7-2.3 40.0+0.4 48.1+1.5
OMNI-CATALYST 50.9+1.8 51.7+0.7 52.5+12.9 51.7+5.1

Table 2: Comparison against Self-
CoT. OMNI-CATALYST generally im-
proves performance over the baselines
across different audio types.

When ground-truth descriptions are available, we can directly supervise their generation: LP =

LG(d). When they are unavailable, we instead use self-generated descriptions as targets, z = d̂
(concatenated over modalities), and apply a self-training or refinement strategy to select or improve
these targets. These objectives can be combined to first improve description generation and then
refine their downstream use.

5 EXPERIMENTAL RESULTS

This section examines whether the benefit of explicitly rendering modality-specific information into
text extends across model families, tasks, and modality types.

Setup. We primarily apply OMNI-CATALYST on gemma-4-E2B/E4B-IT (GemmaTeam et al.,
2026), Qwen2.5-Omni-3B/7B (Xu et al., 2025a), and OneLLM (Han et al., 2024), across
multimodal reasoning (OmniBench (Li et al., 2026); WorldSense (Hong et al., 2025)), modality-
conditioned reasoning (AVHBench (Sung-Bin et al., 2025)), modality preference (OmniPrefer-
ence (Yan et al., 2026b)), and single-modality-to-text tasks (Appendix). For training-based vari-
ants, we use 91k training samples from VALID (Nguyen et al., 2024). We instantiate three existing
self-training strategies–STaR (Zelikman et al., 2022), R3V (Cheng et al., 2025), and SD-Zero (He
et al., 2026)–using modality descriptions (rather than reasoning traces) for self-improvement. More
details are provided in the Appendix.

5.1 GENERALIZATION ACROSS TASKS
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Figure 5: Modality extension.
OMNI-CATALYST is applicable to
various modalities.

Compared to prior competitive specialists (Xing et al., 2025;
Yang et al., 2025b; Zhong et al., 2026) and training-free meth-
ods (Guan et al., 2026; Luo et al., 2026c), OMNI-CATALYST
(§ 4.1) consistently attains superior performance across bench-
marks (Table 1). On OmniBench and WorldSense, where
successful inference requires jointly using visual and audio
information, CoM yields only 0–3% gains, whereas OMNI-
CATALYST produces +5–7 improvements (p < 0.001). This
advantage also holds across audio categories (Table 2), espe-
cially consistently improving gemma performance by 8–18%,
approximately 2–14% better than Self-CoT.

We further evaluate OMNI-CATALYST’s generalizability across diverse modalities, including fMRI,
IMU, and point clouds, in Figure 5. OMNI-CATALYST significantly enhances performance (†:
p < 0.1; *: p < 0.05; **: p < 0.01; ***: p < 0.001), especially for the weaker modalities show-
ing relatively lower baseline performance, such as fMRI and IMU. Representing modality-specific
information in text provides a general mechanism for making heterogeneous modality information
more accessible to language generation, without requiring external reasoning models (Guan et al.,
2026) or complex inference configurations (Luo et al., 2026c).
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5.2 APPLICABILITY TO DIFFERENT TRAINING METHODS
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Figure 6: OMNI-CATALYST
adaptability. Applying OMNI-
CATALYST during both training
and inference further improves
Omni-LLM performance.

As shown in Figure 6, OMNI-CATALYST can be internal-
ized in the model weights across training strategies (§ 4.2),
improving over the untrained baseline by 2–3%. No-
tably, training the model to explicitly perceive modality in-
formation (LP) yields a larger gain (+2.8%) than directly
optimizing inference (LU), even though the latter closely
matches the test-time format. Perception-only training also
outperforms self-training methods (STaR, R3V, and SD-
Zero). Applying training-free OMNI-CATALYST (§ 4.1) on
top of each approach yields an additional 5.1–6.1% gain
on average, bringing all variants to a comparable perfor-
mance range of 42.4–43.6%. Finally, applying the over-
all best self-training method (STaR; +6.1%) to the perceive-only-trained model does not fur-
ther improve performance, although it produces higher-quality out-of-distribution audio cap-
tions (Drossos et al., 2020) (Appendix). Overall, these results suggest that OMNI-CATALYST
complements rather than depends on any particular training strategy, while highlighting the
value of improving modality perception before optimizing downstream inference.

6 EMPIRICAL ANALYSES

6.1 HOW DOES OMNI-CATALYST BRIDGE THE DIAGNOSED MODALITY–GENERATION GAP?
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Figure 7: Probe of how Omni-LLM attention changes. The
knowledge-extraction step in OMNI-CATALYST enables the
model to “hear” better, which in turn affects the refined an-
swering stage, showing more balanced “seeing” and “hearing.”
Our TMA filter, applied on top of the raw attention weights on
the original modalities, shows clearer visualizations of where
the generated response aligns (compare (a) and (b)).

We investigate how explicitly ex-
tracting modality information in-
fluences accessibility during gen-
eration. Figure 7 reveals that di-
rect answering often under-attends
to the weaker modality (audio),
whereas the knowledge-extraction
step distributes attention more
broadly over audio and converts its
information into text. The refined
answering stage can then rely on
this textualized audio information
while focusing visual attention on
the query-relevant region. Impor-
tantly, TMA distinguishes where
attention is merely allocated from
where modality information aligns
with the generated response: fil-
tering attention by TMA (sj ≥
median(s)) removes less relevant
modality tokens and makes these
response-aligned regions substan-
tially clearer. The aggregate dis-
tributions in Figure 8 further show
that knowledge extraction selec-
tively increases both TMA and
attention for the weaker modal-
ity. Together, these results suggest
that OMNI-CATALYST improves
access to underused modality in-
formation by textualization, while
TMA characterizes how this information aligns with subsequent generation.
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Figure 9: Performance and
preference relation. Reasoning
performance correlates positively
with modality preference balance.

6.2 DOES BRIDGING THE GAP IMPROVE REASONING AND MODALITY BALANCE?

We first examine whether making modality-specific information accessible during generation im-
proves omni-modal reasoning and modality balance. In Figure 9, the pre-trained Omni-LLM (Base-
line) achieves low accuracy (35%) with an unbalanced modality preference, while existing modality-
gap mitigation methods, MG (Liang et al., 2022) and I0T (An et al., 2025), leave both performance
and modality preference largely unchanged. This suggests that reducing representational dispar-
ity alone does not necessarily make heterogeneous modality information equally accessible during
generation. As an oracle, ground-truth audio descriptions (GA) move substantially toward higher
performance and more balanced preference, yielding a 13% performance gain. OMNI-CATALYST
follows the same direction: its single-pass (SA, SV, SE) and two-pass (TA, TV, TE) variants gen-
erally improve both reasoning performance and preference balance. The effect is particularly pro-
nounced for audio descriptions (SA/TA), which shift modality preference toward a more balanced
distribution (+10%) while improving accuracy by up to 8% (for SA).

These gains depend on preserving the original modality information rather than replacing it with
text, since masking the original non-textual modalities with their descriptions (MA, MV, ME) (Chen
et al., 2025b) degrades performance. Meanwhile, Self-CoT, which gives the model a second chance
to self-correct the initial answer, yields only marginal improvements in performance (+3%) and
preference balance (+1%), suggesting that OMNI-CATALYST’s gains are not simply due to additional
inference. Taken together, OMNI-CATALYST helps Omni-LLMs better express information from
heterogeneous modalities through language.

7 CONCLUSION

Omni-LLMs can know more than they say. We find that non-textual modalities can encode use-
ful information that models fail to use effectively when generating answers. TMA makes this gap
visible at the token-level: non-textual representations are less aligned with generated response to-
kens and receive substantially less attention. This suggests that modality imbalance is not neces-
sarily a problem of missing knowledge, but of making that knowledge accessible to the language
space used for answer generation. OMNI-CATALYST addresses this gap with a simple intervention
by self-generating textual descriptions of non-textual inputs. These descriptions increase modality
alignment and make information already present in the inputs more available during answer gener-
ation. Across models and benchmarks, audio descriptions yield particularly consistent gains in both
performance and modality balance. We can automate the procedure in a learning process, where
perceive-only training produces the strongest descriptions and performance among the strategies we
evaluate.

Limitations and future work. Our experiments cover only the modalities supported by current
Omni-LLMs. Nevertheless, TMA and OMNI-CATALYST are modality-agnostic and can extend to
emerging modalities such as tactile (Tu et al., 2026), visual odometry (Hilscher et al., 2026), and
olfactory (Kim et al., 2026). Our study also leaves the root causes of modality imbalance unre-
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solved. Possible sources include the LLM-centric architecture, multimodal pretraining data, and
the difficulty of aligning heterogeneous representations. More broadly, our findings suggest that
progress toward omni-modal intelligence depends on how effectively models use information across
modalities, beyond how many modalities they support.
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Ethan Lin, Ziqian Lin, Casper Liu, Tianlin Liu, Tianqi Liu, Xin Liu, Mayank Lunayach, Min Ma,
Gagan Madan, Andrii Maksai, Eric Malmi, Michal Matuszak, Daniel McDuff, Gaurav Menghani,
Daniil Mirylenka, Karolis Misiunas, Vedant Misra, Andreea Mitran, Kareem Mohamed, Maksim
Mukha, Eric Noland, James O’Donnell, Kate Olszewska, Bernett Orlando, Wanqiong Pan, Rina
Panigrahy, Unnati Parekh, Chunjong Park, Eric Paskie, Liqian Peng, Bryce Petrini, Slav Petrov,
Jonas Pfeiffer, Bilal Piot, Martyna Plomecka, Siim Poder, Octavio Ponce, Arijit Pramanik, David
Racz, Anish Rajan, Michelle Ramanovich, Anand Rao, Marvin Ritter, Vitor Rodrigues, Evan
Visin, Alex Vitvitskyi, Kiran Vodrahalli, Weiyi Wang, Xin Wang, Tris Warkentin, Jan Wassen-
berg, John Wieting, Lechao Xiao, Hao Xu, Yuhui Xu, Fuzhao Xue, Arun Yadav, Jun Yan, Antoine
Yang, Lin Yang, Ming-Hsuan Yang, Ziyu Ying, Jae Hyeon Yoo, Sajjad Zafar, Fred Zhang, Jia-
geng Zhang, Jianyi Zhang, Xiaofan Zhang, Chao Zhao, David Zhou, and Chen Zou. Gemma 4
technical report, 2026.

Sreyan Ghosh, Arushi Goel, Jaehyeon Kim, Sonal Kumar, Zhifeng Kong, Sang-gil Lee, Chao-Han
Yang, Ramani Duraiswami, Dinesh Manocha, Rafael Valle, et al. Audio flamingo 3: Advancing
audio intelligence with fully open large audio language models. Advances in Neural Information
Processing Systems, 38:41819–41886, 2026.

Yunhao Gou, Kai Chen, Zhili Liu, Lanqing Hong, Xin Jin, Zhenguo Li, James Kwok, and Yu Zhang.
Reasoning-aligned perception decoupling for scalable multi-modal reasoning. In International
Conference on Learning Representations, volume 2026, pp. 140359–140415, 2026.

Eleonora Grassucci, Giordano Cicchetti, Emanuele Frasca, Aurelio Uncini, and Danilo Com-
miniello. Closing the modality gap aligns group-wise semantics. In The Fourteenth International
Conference on Learning Representations (ICLR), 2026.

Kristen Grauman, Andrew Westbury, Eugene Byrne, Zachary Chavis, Antonino Furnari, Rohit Gird-
har, Jackson Hamburger, Hao Jiang, Miao Liu, Xingyu Liu, et al. Ego4d: Around the world in
3,000 hours of egocentric video. In Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pp. 18995–19012, 2022.
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APPENDIX

A AI USE STATEMENT

We used AI tools to edit and style the manuscript, identify relevant literature, check the bibliography
for potential hallucinations or inaccuracies, assist with writing proofs in the supplementary materi-
als, reconstruct the single-modality-to-text evaluation dataset, and edit software code. The authors
developed and verified all research ideas, conceptual development, methodological decisions, exper-
imental design, analyses, and conclusions without AI assistance. The authors reviewed and verified
all AI-assisted text, proofs, and code and take full responsibility for the final content of this work.

B ETHICS STATEMENT

By simply encouraging Omni-LLMs to describe non-textual modality inputs, our approach improves
the balance of modality usage and mitigates over-reliance on a single dominant modality. We do
not anticipate direct negative societal impacts beyond those inherent to the underlying pretrained
models, whose biases our method neither introduces nor fully removes.

C REPRODUCIBILITY STATEMENT

We provide sufficient details to reproduce our experiments, including model configurations, datasets,
evaluation protocols, implementation details, and training settings. We describe all prompts, hyper-
parameters, and experimental procedures in the paper and supplementary materials. We use publicly
available datasets and pretrained models, and provide the code and configuration files necessary to
reproduce our main results. For trained variants, we additionally report the training data, objectives,
and optimization settings. We will release the code and other necessary resources upon publication.
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D IMPLEMENTATION DETAILS

Datasets. We provide additional details on the datasets and evaluation settings used for the
experiments that are omitted from the main paper. For single-modality-to-text evaluation, we
use MS COCO (Chen et al., 2015) for image-text, MSVD QA (Xu et al., 2017) for video-text,
Clotho (Drossos et al., 2020) for audio-text captioning, Ego4D (Grauman et al., 2022) for IMU-text,
NSD (Allen et al., 2022) for fMRI-text, Objaverse (Deitke et al., 2023) for point-cloud-text tasks.

Because these datasets do not follow the standard Omni-LLM benchmark format, we reconstruct
them into a common reasoning-oriented multiple-choice format. Table S1 summarizes the resulting
task construction, including the input modality, source annotation, and target category. For each
instance, we pool its ground-truth caption(s) or video QA text and use keyword-based scoring to
map the source annotation to an abstract, modality-specific category (e.g., scene/activity, sound
source, action, or object type). The category is not required verbatim in the source text, so the
mapping requires interpretation beyond surface-level vocabulary matching. We select the highest-
scoring category as the correct answer, sample three non-matching categories as distractors, and
discard instances when we cannot obtain sufficiently distinct distractors. Each resulting example
therefore contains four text options, with correctness determined by exact option matching.

Modality Ground-truth text (pooled) Options Answer

Image “A child holding a flowered
umbrella and petting a yak.”

A) A market, shop, or
shopping scene

B) None of the above C
(animals

pets)“A young man holding an
umbrella next to a herd of
cattle.” (+3 more)

C) An animal or pet is
the main subject

D) People sharing a
meal or eating food
together

Video “who gives a wushu
demonstration in front of a
crowd?” → man

A) An animal or pet is
the main subject

B) A baby, infant, or
child being cared for

C
(dancing

performing)

“who demonstrated a sword
routine for the crowd?” → man
(+34 more)

C) Someone dancing
or performing on stage

D) A person walking,
standing, or sitting

IMU “stops painting the block of
wood”

A) Cooking or
preparing food

B) None of the above C
(painting
drawing
writing)

C) Painting, drawing,
or writing

D) Picking up,
placing, or putting
down an object

fMRI “Three women are sitting at a
table with pizza.”

A) A market, shop, or
shopping scene

B) None of the above C
(eating
dining)C) People sharing a

meal or eating food
together

D) Someone preparing
or cooking food

Point
cloud “a blue cartoon” A) An electronic

device
B) None of the above C

(toy or
character)C) A toy or

cartoon/fictional
character figure

D) A vehicle, such as a
car, boat, train, or
aircraft

Table S1: Samples constructed for each single-modality domain. The pooled ground-truth cap-
tion(s) or QA text never state the correct category verbatim; the model must infer it and select the
matching option.

Metrics. We use task-appropriate metrics for the three evaluation settings. For the multimodal
benchmark, we report reasoning accuracy. For the single modality-conditioned benchmark, we
report perception accuracy (correct yeses) and hallucination accuracy (correct nos) separately.
For the modality preference benchmark (data along the x-axis in Figure 2), we quantify the bal-
ance of modality preference using the entropy of Normalized Modality Preference (NMP), where
NMPm =

P (m∣I,A,T,C)
P (m∣C) . Here, I , A, and T denote image, audio, and text inputs, respectively,

and C denotes the set of modality options. Higher NMP indicates stronger reliance on modality
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m after normalizing for the model’s textual prior, while higher entropy indicates a more distributed
preference across modalities. For audio captioning evaluation, we report standard automatic met-
rics, such as BLEU (Papineni et al., 2002) (averaged BLEU-1, BLEU-2, BLEU-3, and BLEU-4),
METEOR (Banerjee & Lavie, 2005), ROUGE (Lin, 2004), and CIDER (Vedantam et al., 2015).

Model types and structures. To examine whether our findings extend beyond the
models used in the main experiments, we additionally evaluate OMNI-CATALYST on
Qwen3-Omni-30B-A3B-Instruct (Xu et al., 2025b), OmniVinci (Ye et al., 2025), and
MiniCPM-o-2 6 (Yao et al., 2024). Table S2 summarizes the architectures of all the tested Omni-
LLMs, including their modality encoders and language-model backbones. Most of the evaluated
Omni-LLMs adopt a Qwen-family language model as the LLM backbone, whereas OneLLM and
the Gemma family use different language-model backbones.

Model Audio Encoder Visual Encoder LLM
OneLLM CLIP ViT-L (Radford et al., 2021) (shared) LLaMA2-7B (Touvron et al., 2023)
gemma-4-e2b-it USM-305M (Zhang et al., 2023) ViT-150M (Dosovitskiy et al., 2020) Gemma-4-2.3B (GemmaTeam et al., 2026)
gemma-4-e4b-it USM-305M (Zhang et al., 2023) ViT-150M (Dosovitskiy et al., 2020) Gemma-4 4.5B (GemmaTeam et al., 2026)
Qwen2.5-Omni-3B Whisper-large-v3 (Radford et al., 2023) Qwen2.5-VL ViT (Bai et al., 2025) Qwen2.5-3B (Yang et al., 2024)
Qwen2.5-Omni-7B Whisper-large-v3 (Radford et al., 2023) Qwen2.5-VL ViT (Bai et al., 2025) Qwen2.5-7B (Yang et al., 2024)
Qwen3-Omni-30B-A3B-Instruct AuT-650M (Xu et al., 2025b) SigLIP2-So400M (Tschannen et al., 2025) Qwen3-30B-A3B (Yang et al., 2025a)
omnivinci Audio Flamingo 3 (Ghosh et al., 2026) SigLIP-So400M (Zhai et al., 2023) Qwen2.5-7B (Yang et al., 2024)
HyperCLOVAX-SEED-Omni-8B Qwen2-Audio (Chu et al., 2024) Qwen2.5-VL ViT (Bai et al., 2025) HyperCLOVA X SEED-8B (NAVERTeam, 2026)
MiniCPM-o-2 6 Whisper-medium (Radford et al., 2023) SigLIP-400M (Zhai et al., 2023) Qwen2.5-7B (Yang et al., 2024)

Table S2: Omni-LLM architectures. The Omni-LLM structures evaluated in this paper consist of
modality-specific encoders and LLMs.

Training details. For trained variants of OMNI-CATALYST, we implement LoRA (Hu et al., 2021)
with rank 16 and α = 32 and AdamW (Loshchilov & Hutter, 2019) using weight decay 0.01 and
ε = 10−7. We use a learning rate of 10−6 for Gemma and 3 × 10−6 for Qwen. STaR-based train-
ing (Zelikman et al., 2022) runs for four outer iterations with two epochs each and early stopping
with patience 5 based on self-generated validation accuracy. Descriptions are greedily decoded with
up to 48 new tokens, and images are capped at 100,352 pixels. We use seven VALID shards for
training and two for validation, with at most four images and audio clips per sample and 2k MCQs
per iteration. We evaluate 100 validation examples every 200 optimizer steps and train on two
A100-SXM-80GB GPUs.

Self-training objectives. Our training variants use self-generated modality descriptions as super-
vision rather than relying on human-annotated reasoning traces. STaR (Zelikman et al., 2022),
R3V (Cheng et al., 2025), and SD-Zero (He et al., 2026) differ in how they generate, refine, filter,
and learn from self-generated supervision. We adapt these strategies to generate descriptions of non-
textual inputs, thereby providing a textual representation of modality-specific information that can
be used during generation. Commonly, the model’s own binary reward r(d̂) = 1[argmaxy′ pθ(y

′
∣

X, d̂, q) = y] determines whether a generated description is useful for learning. Each outer iteration
is initialized from the original checkpoint, following Zelikman et al. (2022).

Distinctively, STaR (Zelikman et al., 2022) iteratively generates and filters rationales before
fine-tuning on successful reasoning trajectories, while subsequent multimodal extensions such as
R3V (Cheng et al., 2025) and SD-Zero (He et al., 2026) use self-generated supervision to improve
reasoning without gold traces. The detailed objectives for the three self-training strategies are given
below.

• STaR (Zelikman et al., 2022) retains greedily generated descriptions that yield a correct
answer,D(t) = {(X, q, d̂) ∣ r(d̂) = 1}, optionally recovering failures by re-generating with
the ground-truth caption as a hint:

LSTaR = ED(t)[LU + LG(d̂)] . (S1)

• R3V (Cheng et al., 2025) samples K descriptions per item and splits them into D+ and
D
− by reward. The same model additionally acts as a refiner and a selector, where C =
{(d(k), ŷ(k))}Kk=1:

LR3V = LSTaR − logπ
Ref
θ (d

+
∣ d−)

refiner

− logπSel
θ (y ∣ C)

selector

. (S2)
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• SD-Zero (He et al., 2026) uses the binary outcome reward r(⋅) not only to filter samples
(like STaR) or pair samples for sequence-level SFT (like R3V) but as context for a self-
reviser. One model acts as a generator πGen

θ (⋅) = pθ(⋅ ∣ X, qG) and a reviser πRev
θ (⋅ ∣

d, P ) = pθ(⋅ ∣ X, qrev,d, P ). r(dinit) selects a control phrase Pr (rephrase if correct,
restart if incorrect), which is appended to the context before the model generates a revision
drev; the resulting trace is kept only if r(drev) = 1,

LSRT = LU − logπ
Gen
θ (dinit, Pr,drev)

generator

− logπRev
θ (drev ∣ dinit, Pr)

reviser

, (S3)

after which the reviser, frozen at θSRT, serves as the teacher, and its token-level distribution
is distilled into the generator on on-policy samples d ∼ πGen

θ :

LSD = Ed∼πGen
θ
[

Td

∑

t=1
KL(πGen

θ (⋅ ∣ d<t)
generator (student)

∥πRev
θSRT
(⋅ ∣ d, Pr(d), d<t)

frozen reviser (teacher)

)] + λLU. (S4)

Prompt details and sensitivity. The default prompt used to generate modality descriptions during
training OMNI-CATALYST is (“Please listen carefully to the audio and observe the image. Describe
what you see and hear.”). Figure S2 compares the default training-free OMNI-CATALYST (Prompt 1)
with alternative formulations that vary the wording and emphasis of the description instruction. As
quantified in Table S3, OMNI-CATALYST performance remains within a similar range across these
prompt variants. Thus, the observed gains are not tied to a particular phrasing of the description
instruction.

Model Baseline Prompt 1 Prompt 2 Prompt 3
gemma-4-e2b-it 22.3 30.7+8.4 33.0+10.7 29.3+7.0
gemma-4-e4b-it 32.0 42.0+10.0 44.0+12.0 46.3+14.3
Qwen2.5-Omni-3B 39.3 41.7+2.4 42.3+3.0 40.0+0.7
Qwen2.5-Omni-7B 42.3 48.0+5.7 51.7+9.4 51.7+9.4

Avg. 34.0 40.6+6.6 42.8+8.8 41.8+7.9

Table S3: Prompt sensitivity. Training-free OMNI-CATALYST consistently improves over the base-
line across prompt variants, with comparable gains across models, indicating limited sensitivity to
prompt wording.

Figure S1 illustrates the two description insertion positions considered in the prompt ablation: im-
mediately before the corresponding modality and after the system prompt. Table S4 compares these
alternative settings on both the multimodal (OmniBench (Li et al., 2026)) and single modality-
conditioned (CMM (Leng et al., 2026)) benchmarks. Complementing the original inputs with
modality descriptions (TV, TA, TC, and TE) generally performs better than replacing the corre-
sponding modalities with descriptions (MV, MA, and ME). On the modality-conditioned bench-
mark, conditionally complementing the description associated with the queried modality (TC) per-
forms particularly well, suggesting that descriptions are most useful when they provide information
relevant to the required modality in single-modality-conditioned tasks.

Benchmark Placement Model Baseline Modality masking OMNI-CATALYST (two-pass) Oracle description
Orig CoT Visual Audio All Visual Audio Cond. All Visual Audio All

OmniBench
Prepended Qwen 45.2 46.1 39.2 42.6 34.3 40.2 45.7∗ 40.7 42.2 39.9 53.1∗∗∗ 50.7∗∗∗

Gemma 24.3 28.0∗∗∗ 15.3 29.7∗∗∗ 20.7 23.8 27.7∗∗∗ 24.0 23.7 26.0 40.8∗∗∗ 38.3∗∗∗

System-level Qwen 45.2 46.2 38.8 40.3 35.6 41.0 46.9∗ 41.0 42.9 40.9 54.0∗∗∗ 51.1∗∗∗
Gemma 24.3 28.0∗∗∗ 20.5 29.0∗∗∗ 23.2 24.1 27.0∗∗∗ 24.0 24.8 27.2∗ 42.9∗∗∗ 38.5∗∗∗

CMM
Prepended Qwen 84.0 75.0 79.0 80.8 71.7 83.8 83.8 84.2 81.0 83.8 84.2 80.4

Gemma 70.2 70.7 65.5 69.0 56.5 71.1 71.1 72.5 71.0 69.9 71.7 71.2

System-level Qwen 84.1 75.8 78.0 83.0 74.6 84.4 84.3 84.7 82.9 83.8 84.2 80.4
Gemma 72.0 70.3 67.0 71.9 60.6 71.8 71.5 72.4 71.8 69.9 71.7 71.2

Table S4: Effect of description position. Complementing the original modalities with descriptions
generally outperforms replacing modalities with their descriptions. On the modality-conditional
benchmark, conditionally complementing the query-relevant description (Cond.) performs best,
while oracle audio descriptions provide the largest gains on OmniBench. Results are consistent
across both description placements (Figure S1).
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[system prompt] +

[modality description 1] +
…

[modality description k] +

…

[modality content 1] +
…

[modality content k]

+ [user prompt (query)] 

[system prompt] +

[modality description 1] +
[modality content 1] +

…

+ [modality description k] 
+

[modality content k]

+ [user prompt (query)] 

Figure S1: Effect of description position. We compare two insertion positions for self-generated
modality descriptions: before each corresponding modality (left) and after the system prompt (right).

Prompt 1: Transcribe the audio.
- SPEECH: Begin each speaker's line with '[the <gender> <role>] says' (e.g. '[the man] says',
'[the boy] says', '[the woman] says', '[the girl] says'). Infer gender from voice. Use role
if clear (e.g. '[the male officer] says'). Transcribe their words verbatim after that. Note
tone only if strongly marked (shouting, crying, whispering).
- NON-SPEECH: Describe literally only if relevant to the question (e.g. 'loud thud', 'dog
barking'). Do not infer cause or meaning.
Be concise (2-4 sentences). Do not paraphrase or interpret.

Prompt 2: Write down what is said or heard in the audio.
- DIALOGUE: For every person who speaks, lead with '[the <gender> <role>] says' (e.g. '[the
man] says', '[the boy] says', '[the woman] says', '[the girl] says'), guessing gender from
the voice and adding a role when it's obvious (e.g. '[the male officer] says'). Give their
exact words right after. Mention tone only when it's unmistakable (yelling, sobbing,
whispering).
- OTHER SOUNDS: Note them plainly, only when they matter for the question (e.g. 'loud thud',
'dog barking'). Don't guess at their cause or meaning.
Keep it short (2-4 sentences), and stick to what's there — no paraphrasing or interpretation.

Prompt 3: Listen to the audio clip and describe what happens in a couple of sentences. Do
not answer the question.

Prompt 1: First, write '[Audio Transcription]' on its own line, followed by: Transcribe the
audio.
- SPEECH: Begin each speaker's line with '[the <gender> <role>] says' (e.g. '[the man] says',
'[the boy] says', '[the woman] says', '[the girl] says'). Infer gender from voice. Use role
if clear (e.g. '[the male officer] says'). Transcribe their words verbatim after that. Note
tone only if strongly marked (shouting, crying, whispering).
- NON-SPEECH: Describe literally only if relevant to the question (e.g. 'loud thud', 'dog
barking'). Do not infer cause or meaning.
Be concise (2-4 sentences). Do not paraphrase or interpret. Do not mention any answer
options in the transcription.

Then, write '[Answer]' on its own line, followed by your answer to the question below. Write
each section only once.

Prompt 2: First, write '[Audio Transcription]' on its own line, followed by: Write down what
is said or heard in the audio.
- DIALOGUE: For every person who speaks, lead with '[the <gender> <role>] says' (e.g. '[the
man] says', '[the boy] says', '[the woman] says', '[the girl] says'), guessing gender from
the voice and adding a role when it's obvious (e.g. '[the male officer] says'). Give their
exact words right after. Mention tone only when it's unmistakable (yelling, sobbing,
whispering).
- OTHER SOUNDS: Note them plainly, only when they matter for the question (e.g. 'loud thud',
'dog barking'). Don't guess at their cause or meaning.
Keep it short (2-4 sentences), and stick to what's there — no paraphrasing or interpretation.
Do not mention any answer options in the transcription.

Then, write '[Answer]' on its own line, followed by your answer to the question below. Write
each section only once.

Prompt 3: First, write '[Audio Transcription]' on its own line, followed by: Listen to the
audio clip and describe what happens in a couple of sentences. Do not mention any answer
options in the transcription.

Then, write '[Answer]' on its own line, followed by your answer to the question below. Write
each section only once.

Figure S2: Prompt variations. Alternative prompts for generating audio descriptions. Prompt
1 is used throughout the main experiments, which achieves performance within the range of the
alternative prompts (Figure S3).
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E VISUALIZATION DETAILS

TMA and attention. We first provide additional evidence for the relationship between TMA and
attention. Figure 3a extends the analysis in Figure S3 with additional audio and video examples.
Higher-TMA tokens tend to receive more generation-time attention, but the association is modest
and absolute attention remains low. TMA and attention thus capture related but distinct aspects
of generation accessibility: alignment with response representations and attention allocated during
decoding, respectively.
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Figure S3: Relation between TMA and attention received at
the sample level. Within samples, input modality (e.g., audio
and video) tokens with higher TMA tend to receive higher atten-
tion weights from generated-token queries relatively, but exhibit
low absolute TMA values. In contrast, text tokens yield higher
attention weights and TMA values than non-text tokens, regard-
less of insertion position. This figure corresponds to audio and
video from the two samples in Figure 3a.

We further examine this rela-
tionship across token distribu-
tions and model families. Text
tokens tend to exhibit higher
TMA and attention than non-
text tokens for both modalities.
Figures S4 and S5 for each
modality and different Omni-
LLMs (corresponding to Fig-
ure 3b).

Now, we provide conditions un-
der which the empirical relation-
ship hypothesized in § 3 can
arise. Let k∗(j) denote the
response token maximizing the
TMA of modality token j. Sup-
pose that the generated token
representation contains a posi-
tively aligned component: hr

i,t = γi,t,jh
r
i,k∗(j) + ϵi,t,j , γi,t,j > 0, where the residual has a negligible

contribution to its similarity with the modality token: ϵ⊺i,t,jh
m
i,j ≈ 0. The attention logit from gener-

ated token t to modality token j is ℓi,t,j =
(WQhr

i,t)
⊺(WKhm

i,j)√
dk

=
(hr

i,t)
⊺W ⊺

QWKhm
i,j√

dk
. As a special case,

if the query-key projections preserve the ordering of similarities between the relevant response and
modality representations, then increasing sm→r

i,j also increases the corresponding attention logit:

sm→r
i,j ↑ Ô⇒ ℓi,t,j ↑ . Under the stated approximation, ℓi,t,j ≈ (h

(r)
i,k∗(j))

⊺hm
i,j ≈ sm→r

i,j .

Since attention weights are obtained by softmax normalization, αi,t,j = softmaxj(ℓi,t,j), gives
sm→r
i,j ↑ Ô⇒ αi,t,j ↑ Ô⇒ āmi,j ↑ . Thus, the observed positive association between TMA

and attention follows under a specific representation and projection condition; this analysis does not
imply that TMA and attention are equivalent.
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Figure S4: TMA and attention distribution for each modality. Text tokens exhibit higher TMA
and attention than non-text tokens for both modalities, averaged in Figure 3b.
Attention map. To visualize the spatial and temporal distribution of attention within each
non-textual modality, we project the token-level attention values back to their correspond-
ing input positions. For each sample i and modality m, we retain tokens in the upper γ%
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(c) Qwen-3B

Figure S5: TMA and attention distribution for remaining Omni-LLMs. Text tokens generally
exhibit higher TMA and attention than non-text tokens in both modalities (Qwen-7b in Figure 3b).

of the within-sample TMA distribution: Gmi = {j ∈Mm
i ; ∣;TMAi,j ≥ q

i,m
γ } where qi,mγ =

Quantileγ (TMAi,k ∶ k ∈M
m
i ) . We visualize only tokens in Gmi , leaving the remaining positions

transparent. Figure S7 visualizes how progressively restricting attention to higher-TMA tokens
changes the resulting spatial attention map (γ ranging from 100% to 15%). For video-only, we apply
Gaussian smoothing to the attention, and TMA maps over the spatial patch grid before computing
the normalization and selection threshold: x̃i,j(Gσ ∗ xi)j , where xi denotes either the attention
or TMA map (σ = 0.8). As the TMA threshold becomes more selective, the retained regions re-
main concentrated around prompt-relevant content, such as the upper-left region containing the cat’s
paws, rather than uniformly distributed over the input. Figure S8 additionally illustrates the relation
between attention and TMA for each modality across stages.

Straight answering Knowledge extracting Refined answering

(a) Raw attention weights distribution for video (top) and audio (bottom)
Straight answering Knowledge extracting Refined answering

(b) Attention + TMA filter distribution for video (top) and audio (bottom)

Figure S6: TMA and attention distribution for each modality. The
knowledge extraction stage shows higher (a) raw and (b) filtered atten-
tion weights for the audio modality, affecting the subsequent refined
answering step.

Knowledge and reason-
ing performance. We next
examine the distinction
between perceptual knowl-
edge and downstream
reasoning under different
modality conditions. For
each task, we compute
reasoning performance di-
rectly from the benchmark:
binary accuracy for AVH-
Bench and multiple-choice
accuracy for OmniBench.
We evaluate perceptual
knowledge using the cor-
responding open-ended
modality-description task.
An independent text-only
judge extracts a small set of
key content elements from
the ground-truth descrip-
tion and checks whether
each element appears in
the model response ver-
batim or with semantic
equivalence. We report the
fraction of examples with
non-zero keyword recall. For multimodal conditions, we evaluate only content associated with
the modalities actually provided. Figure S6a shows the raw attention distribution used during
knowledge extraction, while S6b shows the corresponding distribution after TMA filtering. The
two views illustrate how the extraction stage can preferentially attend to audio content before the
subsequent answering stage.
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𝛾 = 100 𝛾 = 75 𝛾 = 50 𝛾 = 25 𝛾 = 15

Figure S7: Probe of how Omni-LLM attention, capped with TMA, changes. The highlighted
blots remain in the prompt-relevant area (e.g., upper-left, near where the cat’s paws are; less in the
upper-left background regions) as γ decreases.

Straight answering Knowledge extracting Answering

Figure S8: TMA reflects accessibility to the generation pathway. Within samples, input modality
tokens with higher TMA tend to receive greater attention from generated-token queries across steps.

We further inspect the modality token that is most strongly aligned with the generated response. For
each sample, we identify the single highest-TMA token and decode it through its nearest response
token. The accompanying benchmark questions and task-specific visualizations are included in
Figures S9 and S10.

Across N = 120 samples per task pooled over four Omni-LLMs, the selected token exhibits a com-
paratively balanced modality distribution for knowledge evaluation (Shannon entropy H = 0.82 bits
out of a binary maximum of 1 bit), with H ∈ [0.47,1.00] across individual models. For reasoning,
the corresponding pooled entropy is substantially lower (H = 0.07 bits, with H ∈ [0,0.21] across
models). These examples are consistent with the view that successful reasoning may depend on a
relatively localized piece of evidence that is explicitly verbalized, whereas perceptual knowledge
can be distributed across multiple modalities and tokens. In this sense, the model appears to know
more, diffusely, across modalities than its most response-aligned token alone would reveal during
reasoning.
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Audio: Two female voices — A: "Did you see me play?" B: "No. Did you see the
manager? Hank? Hank, did you find him?”

Image: Inside an ice hockey rink. Two people stand near the barrier — one
facing away in a dark hooded winter coat with fur-lined hood and black beanie; 
the other facing the camera but looking down, wearing a yellow hockey jersey
and removing/adjusting a caged helmet. Background shows players mid-game
and blurred spectators.

Q: What's the purpose of the woman in black?

A. The woman came to watch her daughter play. 
B. The woman came to see Hank.
C. The woman came to learn how to play hockey. 
D. The woman came to play a hockey game.

Audio: Man's monologue + footsteps + bumping sound — "Penny! Take me
with you!”

Image: Two men on a brown leather couch. Left man wears glasses, gray
hoodie, black vest, brown pants; head tilted back, eyes closed, hot water
bottle on forehead. Right man wrapped in a blue blanket, eating a sandwich, 
serious expression. Background has a bookshelf, telescope, and radio/speakers.

Q: Why the man in brown pants is depressed?

A. He has a fever.
B. He is infected with the flu by the man next to him.
C. He fell and hit his head.
D. He was chasing Penny and missed a step. 

Audio: A: "Look at the pretty doll, I want it." B: "May I help you?" A: "Yes
please, how much is it?" B: "500 yuan." A: "Here's 500 yuan." C: "I like this
car." B: "It's 200 yuan.”

Image: Colorful illustration of a playroom/toy store. A girl with brown ponytail, 
glasses, and purple sweater points at toy rings on a shelf. A red-haired girl in a
pink dress sits among stuffed animals. A blonde child is partially visible on the
right. Background full of toy cars, a toy train, etc.

Q: What did the child end up buying?

A. The girl bought a doll for 100 yuan.
B. The boy bought a green car ← ANSWER
C. The girl bought a car for 500 yuan
D. The boy bought a black car for 200$

Audio: A: "Hey, Sophie, can we talk to you?" B: "Good news, girls! Now we sell
scratchers! But I have an even better idea. You two should dress up as big
cupcakes and pass out free samples.”

Image: Two people in elaborate cupcake costumes — one as a chocolate
cupcake (brown base, sprinkles, red cherry, red gloves, surprised expression), 
the other as a vanilla cupcake (white base, pink sprinkles, red cherry, white
leggings, neutral expression). Background is a sewing/craft room with fabrics
and a mannequin.

Q: Why do they dress in this way?

A. They are going to attend a masquerade ball.
B. They will attract guests with their pink cupcake costumes.
C. They are going to distribute cheap samples.
D. They are advised by Sophie.

(a) Benchmark question (b) Knowledge task (c) Reasoning task

Figure S9: Sample tokens extracted during knowledge and reasoning tasks for Qwen-7B. To-
kens with the highest TMA generally highlight key parts of the image/audio, while tokens with the
lowest TMA point to semantically less meaningful regions/frames.

Knowledge Gap

Figure S11: Modality sensi-
tivity. The gap increases with
the # of missing modalities.

Modality-count analysis. We illustrate the knowledge and reason-
ing performance gap by modality count (AVHBench in Figure 1b;
OmniBench in Figure S11). We consider one real modality (aver-
aged across video/image-only and audio-only), two real modalities
(video/image+audio), and two real modalities plus task-irrelevant
text. Together, these conditions distinguish retaining perceptual
content from using that content to obtain the correct answer.

Using the same setting as above, we also examine how TMA
changes with additional modalities (Figure 4b). For each example,
we compute TMA for every available input modality and take the
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Audio: A: "Air! I need air!”

Image: A sleeping polar bear cub lying on its side on a rocky surface, eyes
closed, white fluffy fur, black nose visible. Background is a soft blue, icy-
looking environment.

Q: Why does the bear say he needs air?

A. He accidentally falls asleep on the surface of the water.
B. The bear falls asleep in the snow.
C. He accidentally falls asleep in the deep water.
D. The bear is swimming in the water.

Audio: Monologue — "Jumper's away. Jumper's away.”

Image: A person wearing a helmet with transparent visor and a yellow symbol, 
gloves, and a dark jacket with orange/reflective stripes, holding onto a pole
inside an aircraft. Background shows clear blue sky through a window, 
suggesting high altitude — consistent with parachuting/skydiving.

Q: What is the person doing?

A. The soldier is parachuting.
B. The amateur is parachuting.
C. The agent is parachuting.
D. The professional is communicating with the pilot about the drop point.

Audio: Dialogue — A: "So I will see you later again?" B: "Yes, please." A: "I will
text you." B: "You'd better.”

Image: A man in a green jacket over a striped shirt, curly hair, smiling, wearing
earphones, walking through a public square. Background shows a grand
classical building with columns and a staircase.

Q: Why is the man so happy?

A. The dark-skinned man got a promotion at work.
B. The light-skinned man has just finished a happy date.
C. The dark-skinned man won a big lottery ticket.
D. The dark-skinned man met his Mr. Right. ← ANSWER

Audio: A: "Your whole life is about to change." B: "Okay. Mm-hmm." A: 
"Excuse me. Take that pizza, walk over to that trash can, and throw it in the
trash. You can do this. Come on. Stand up, right now, walk to the trash.”

Image: A woman with long wavy hair (facing away, sleeveless top) sits across
from a man with short curly hair and a receding hairline, wearing a maroon
hoodie, looking at her seriously. A large blue drink with straw sits on the table; 
background is festive with red balloons.

Q: What is this woman doing?

A. She is dating a boy.
B. She is sharing some experiences with this man.
C. She is helping the man lose weight.
D. She is motivating the little boy to become better. 

(a) Benchmark question (b) Knowledge task (c) Reasoning task

Figure S10: Sample tokens extracted during knowledge and reasoning tasks for gemma-4B.
Tokens with the highest TMA generally highlight key parts of the image/audio, while tokens with
the lowest TMA point to semantically less meaningful regions/frames.

maximum value across modalities. We then average the scores across examples and models. The
resulting curves therefore characterize how the strongest modality-to-generation alignment changes
as additional inputs become available. The effect is most pronounced when the added modality is
semantically relevant to the query. Because TMA measures alignment with the generated response
rather than modality identity, a high score for an irrelevant modality can reflect a generic modality
preference and should not be interpreted as evidence of semantic grounding.

Correctness of TMA. We validate whether TMA identifies modality tokens that are functionally
relevant to generation through tiered masking (Figure 4a). For each sample, let Vi = MVisual

i ∪
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MAudio
i , and partition its modality tokens into low-, mid-, and high-TMA tiers according to within-

sample quantiles:

V low
i = j ∶ TMAi,j ≤ q

(i)
α , V mid

i = j ∶ q(i)α < TMAi,j ≤ q
(i)
β , V high

i = j ∶ TMAi,j > q
(i)
β . (S5)

For each tier, we zero out the selected representations at every decoder layer during prefill and re-
generate the response. We then evaluate both downstream correctness and perceptual knowledge
across Omni-LLMs. The mean TMA of the masked tokens TMA

tier

i =
1

∣V tier
i ∣ ∑j∈V tier

i
TMAi,j , is

used as the corresponding ablated performance. Masking high-TMA tokens causes a larger degrada-
tion in downstream performance, whereas perceptual knowledge remains comparatively stable. This
separation is consistent with TMA capturing accessibility to the generation pathway rather than sim-
ply the presence of information in the input representation, capturing the “knows but cannot say”
phenomenon.

Robustness of TMA. To assess robustness to response variation, we resample each model’s response
K times from the same fixed multimodal prompt and recompute TMA for each prompt token. The
prefill pass is identical across samples, so modality-token representations remain fixed; only the
decoded response varies. We quantify the stability of the continuous TMA values using the two-
way random-effects, single-measure, absolute-agreement Intraclass Correlation Coefficient–ICC(2,
1) (Koo & Li, 2016):

ICC(2,1) =
MSR −MSE

MSR + (K − 1)MSE +
K
N
(MSC −MSE)

, (S6)

where MSR, MSC , and MSE denote between-modality token, between-response token, and resid-
ual mean squares, respectively. A high ICC(2,1) indicates that token-level differences in TMA are
stable across sampled responses.

We assign each visual or audio token to the same low/mid/high TMG tiers used for masking. We then
quantify the stability of their low/mid/high tier assignments across the K independent resamples
using Fleiss’ κ (Fleiss, 1971), κ = P̄−Pe

1−Pe
, where P̄ is the mean pairwise tier agreement per token and

Pe is the chance agreement implied by the marginal tier frequencies.

F ADDITIONAL RESULTS

TMA robustness. Table S5 reports ICC(2,1) for visual, audio, and random-text tokens and
pooled κ for visual+audio tokens across K = 5 independently sampled responses and up to
N = 300 OmniBench samples. TMA shows high consistency across response samples, with
ICC(2,1) of 0.76, 0.73, and 0.67 for visual, audio, and random-text tokens, respectively, in
gemma-4-e2b-it, accompanied by κ = 0.61 for low/mid/high TMA tier agreement. The
consistency is further improved for larger models, reaching ICC(2,1) = 0.99, 0.98, and 0.92
and κ = 0.93 for Qwen3-Omni-30B. Although k∗ in Eq. 1 depends on the sampled re-
sponse under the argmax formulation, these results indicate that the resulting TMA scores are
largely stable across independently sampled responses rather than being driven by response-
specific variation. In contrast, random-text tokens exhibit lower consistency, particularly for
Qwen2.5-Omni-7B (ICC(2,1) = 0.54), as their TMA is unrelated to multimodal content
and therefore depends more strongly on incidental lexical overlap with the sampled response.

Model Vis. Aud. Txt. κ ↑

gemma-4-e2b-it 76.4 72.7 67.3 60.8
Qwen2.5-Omni-7B 81.9 75.8 53.8 59.9
Qwen3-Omni-30B 98.9 97.9 92.4 93.0

Table S5: Robustness of TMA to re-
sponse sampling. Omni-LLMs overall
show low variation across K sampled
responses, indicated by Vis./Aud./Txt.
ICC(2,1) (↑) and κ, or agreement of
low/mid/high TMA tier across the K re-
sponses (all scaled by 100).

Modality gap. Figure S12 compares three measures of
modality alignment, expressed as modality gaps: centroid
distance (CD), local 1-CKNNA, and 1-TMA. The com-
parison shows that existing mitigation methods do not
consistently reduce all three measures simultaneously. In
particular, randomly inserted text can reduce centroid dis-
tance and 1-TMA despite being semantically unrelated
to the response, illustrating that representation proxim-
ity alone does not guarantee semantic correspondence. In
contrast, its higher 1-CKNNA reflects the absence of se-
mantically aligned neighboring samples.
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Figure S12: Modality gap across mitigation methods. We compare global CD, local 1-CKNNA,
and 1-TMA without (top) and with (bottom) random descriptions. Dotted lines show the correspond-
ing gap for randomly inserted text inputs. Prior modality-mitigation methods do not consistently re-
duce the gap across all three measures, highlighting that improved representational alignment under
one measure does not necessarily imply alignment under others.

Figure S13 further relates modality gap to downstream performance. Across existing modality-gap
mitigation methods, lower 1-CKNNA is associated with incremental performance improvements.
Together, Figures S12 and S13 highlight the distinction between representational alignment and
accessibility to generation.
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Figure S13: Modality gap and performance. Existing modality gap mitigation methods yield
incremental performance gains as the modality gap, measured by (1-CKNNA), decreases.

Modality preference. Table S6 reports the detailed modality preference distributions for each
model. Consistent with the main results, OMNI-CATALYST generally produces a more distributed
modality preference than prior modality-gap mitigation methods, as reflected by higher normalized
preference entropy.

Additional Omni-LLMs. Table S7 extends the main evaluation to additional Omni-
LLMs. OMNI-CATALYST consistently improves performance across these models, with par-
ticularly large gains for OmniVinci (+11.5 percentage points on average). The larger
Qwen3-Omni-30B-A3B-Instruct also benefits from OMNI-CATALYST, although the gain is
smaller than that observed for the smaller models. These results indicate that the method is not
limited to a particular model scale or architecture.

Training ablation. Table S8 reports per-model results for the different training strategies. Apply-
ing training-free OMNI-CATALYST at inference time improves trained models’ performance, while
incorporating modality-description generation into training provides additional gains. This com-
parison separates the benefit of the inference-time mechanism from that of learning the description
capability.
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Qwen2.5-Omni-3B Qwen2.5-Omni-7B gemma-4-e2b-it gemma-4-e4b-it Avg.

Condition T I A Ĥ T I A Ĥ T I A Ĥ T I A Ĥ T I A Ĥ
Ideal 33.3 33.3 33.3 1.000 33.3 33.3 33.3 1.000 33.3 33.3 33.3 1.000 33.3 33.3 33.3 1.000 33.3 33.3 33.3 1.000

Baselines
No augmentation 23.4 56.1 20.5 0.900 8.6 59.1 32.3 0.807 24.8 51.1 24.1 0.939 21.3 61.3 17.4 0.849 19.5 56.9 23.5 0.892
MG 10.1 60.6 29.3 0.814 1.7 58.9 39.4 0.681 12.0 70.2 17.8 0.737 11.4 64.9 23.7 0.791 8.8 63.7 27.5 0.780
IoT 72.8 22.1 5.1 0.652 78.3 16.2 5.5 0.587 41.6 19.9 38.5 0.959 68.3 19.6 12.1 0.761 65.3 19.4 15.3 0.805
Self-CoT 22.5 45.1 32.5 0.965 9.2 58.8 32.0 0.816 20.4 53.8 25.8 0.917 20.1 62.5 17.3 0.837 18.1 55.0 26.9 0.902

Single-modality masking with its description
Mask image 1.1 87.7 11.2 0.372 0.5 92.1 7.4 0.269 1.8 85.0 13.2 0.436 3.4 80.7 15.9 0.528 1.7 86.4 11.9 0.409
Mask audio 1.9 7.7 90.5 0.329 3.0 9.4 87.6 0.405 7.5 39.7 52.8 0.818 12.6 31.1 56.2 0.863 6.3 22.0 71.8 0.678

Oracle descriptions
GT text only 33.3 48.4 18.3 0.936 11.7 59.6 28.7 0.835 38.8 39.7 21.5 0.969 29.2 58.8 12.0 0.844 28.2 51.6 20.1 0.930
GT image only 5.2 86.8 8.0 0.436 2.1 86.3 11.6 0.417 3.7 92.5 3.8 0.290 4.7 92.4 3.0 0.292 3.9 89.5 6.6 0.369
GT audio only 12.0 27.1 60.8 0.829 1.5 26.0 72.5 0.589 13.5 38.4 48.1 0.902 12.7 35.6 51.8 0.883 9.9 31.8 58.3 0.827
GT all 4.2 57.3 38.4 0.747 0.4 53.0 46.6 0.651 5.1 72.3 22.6 0.658 5.6 65.1 29.3 0.728 3.8 61.9 34.2 0.718

OMNI-CATALYST (two-pass)
Text only 32.4 49.6 18.0 0.930 13.6 56.9 29.5 0.867 44.6 35.5 19.9 0.955 32.0 54.7 13.3 0.877 30.6 49.2 20.2 0.942
Image only 15.7 66.0 18.3 0.797 7.5 64.1 28.4 0.761 12.1 64.0 23.9 0.804 13.0 73.1 13.9 0.700 12.1 66.8 21.1 0.777
Audio only 25.4 43.6 30.9 0.977 4.5 45.9 49.6 0.768 30.6 47.1 22.3 0.957 23.5 56.8 19.7 0.894 21.0 48.4 30.7 0.948
All 13.9 52.4 33.7 0.892 2.1 54.6 43.3 0.705 14.9 59.3 25.8 0.858 13.7 65.6 20.7 0.796 11.1 58.0 30.9 0.841

OMNI-CATALYST (single-pass)
Text only 27.0 41.6 31.4 0.985 10.9 46.2 42.9 0.875 20.6 49.4 30.1 0.942 25.2 55.9 18.9 0.898 20.9 48.3 30.8 0.948
Image only 23.9 47.9 28.1 0.957 8.2 61.7 30.1 0.787 11.3 46.0 42.7 0.881 30.5 51.9 17.5 0.917 18.5 51.9 29.6 0.922
Audio only 25.6 32.2 42.2 0.981 7.4 35.4 57.2 0.802 10.5 44.2 45.4 0.870 36.0 41.2 22.8 0.974 19.9 38.2 41.9 0.959
All 26.1 42.7 31.2 0.981 9.6 63.7 26.7 0.786 13.2 48.1 38.7 0.899 32.6 48.0 19.4 0.943 20.4 50.6 29.0 0.936

Table S6: Modality preference distributions and balance. For each model, we report the softmax-
normalized preference mass over Text (T), Image (I), and Audio (A), together with the normalized
entropy Ĥ = H/ log2 3, where Ĥ = 1 denotes perfectly balanced preference. Bold and underline
mark the highest and second-highest Ĥ per column among non-oracle conditions.

Method Music Sound
Event Speech Avg.

Qwen3-Omni-30B-A3B-Instruct 53.8 60.0 48.4 51.6
OMNI-CATALYST 53.8+0.0 58.9-1.1 50.3+1.9 52.6+1.0
omnivinci 44.3 38.1 35.3 36.8
OMNI-CATALYST 57.6+13.3 48.3+10.2 47.0+11.7 48.3+11.5
MiniCPM-o-2 6 50.0 40.0 37.6 39.1
OMNI-CATALYST 48.1-1.9 45.7+5.7 39.8+2.2 42.0+2.9

Table S7: OmniBench performance on additional Omni-LLMs. OMNI-CATALYST improves
performance across additional Omni-LLMs, with particularly large gains for omnivinci.

Method gemma-2B gemma-4B Qwen-3B Qwen-7B Avg.

Baseline 21.4 27.1 43.8 46.5 34.7
OMNI-CATALYST 32.6+11.2 40.5+13.4 49.6+5.8 51.7+5.2 43.6+8.9

Infer-only 22.0 32.1 44.7 48.1 36.7
OMNI-CATALYST 32.0+10.0 39.8+7.7 46.2+1.5 52.8+4.7 42.7+6.0

Infer+Perceive 22.8 32.6 45.1 48.4 37.2
OMNI-CATALYST 32.1+9.3 40.3+7.7 44.0-1.1 53.0+4.6 42.4+5.1

STaR (Zelikman et al., 2022) 22.6 31.7 44.9 48.9 37.0
OMNI-CATALYST 32.2+9.6 40.1+8.4 48.2+3.3 52.1+3.2 43.2+6.1

R3V (Cheng et al., 2025) 22.6 32.0 45.5 48.2 37.1
OMNI-CATALYST 32.1+9.5 40.2+8.2 47.0+1.5 52.2+4.0 42.9+5.8

SD-Zero (He et al., 2026) 22.6 32.2 45.2 49.1 37.3
OMNI-CATALYST 31.5+8.9 40.4+8.2 46.9+1.7 52.4+3.3 42.8+5.5

Perceive-only 22.9 31.5 46.2 49.3 37.5
OMNI-CATALYST 31.6+8.7 40.2+8.7 48.5+2.3 53.2+3.9 43.4+5.9

Perceive + STaR 22.2 33.0 45.9 49.1 37.6
OMNI-CATALYST 31.6+9.4 40.4+7.4 44.8-1.1 51.3+2.2 42.0+4.5

Table S8: Adaptability across training strategies. Training-free OMNI-CATALYST consistently
improves models trained with different objectives applied with our perceive → infer paradigm.

Table S9 further examines modality-description configurations for Omni-LLMs trained with the
single-pass formulation across target modalities. Single-pass training generally improves the ef-
fectiveness of inference-time descriptions across trained modalities and description types. Among
the two-turn configurations, audio descriptions provide the most consistent improvement, regard-
less of whether the model was trained with audio, visual, or all-modality descriptions. Visual or
all-modality descriptions produce smaller or occasionally negative gains. This pattern is consistent
with the main observation that audio is often the less accessible modality and therefore benefits
particularly from an explicit textual description.

Transfer to audio captioning. Table S10 evaluates trained models on an out-of-distribution audio-
captioning task. Perceive + STaR improves captioning performance for both Gemma and Qwen
compared with both the baseline and perceive-only training. The improvement suggests that the
learned ability to generate modality descriptions can transfer beyond the multiple-choice reasoning
tasks used for training.

External description models. Table S11 evaluates descriptions generated by larger external Omni-
LLMs. Using these external descriptions increases average performance from 34.2 to 39.8, indi-
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Method Trained Modality Desc +Modality Desc gemma-2B gemma-4B Qwen-3B Qwen-7B Avg.

ST OMNI-CATALYST Audio - 15.1 27.5 44.8 49.8 34.3
ST OMNI-CATALYST Audio Audio 29.3+14.2 36.1+8.6 47.7+2.9 55.9+6.1 42.3+8.0
ST OMNI-CATALYST Audio Visual 30.1+15.0 38.9+11.4 42.2-2.6 52.9+3.1 41.0+6.7
ST OMNI-CATALYST Audio All 29.3+14.2 35.7+8.2 43.7-1.1 53.9+4.1 40.7+6.4
ST OMNI-CATALYST Audio Audio (two turns) 19.3+4.2 26.4-1.1 48.1+3.3 51.0+1.2 36.2+1.9
ST OMNI-CATALYST Audio Visual (two turns) 15.8+0.7 23.8-3.7 41.7-3.1 47.3-2.5 32.2-2.1
ST OMNI-CATALYST Audio All (two turns) 18.4+3.3 22.9-4.6 43.4-1.4 48.7-1.1 33.4-0.9

ST OMNI-CATALYST Perceive→Audio - 2.2 3.9 45.4 50.3 25.5
ST OMNI-CATALYST Perceive→Audio Audio 18.0+15.8 21.1+17.2 42.3-3.1 54.0+3.7 33.9+8.4
ST OMNI-CATALYST Perceive→Audio Visual 18.5+16.3 26.3+22.4 38.2-7.2 53.7+3.4 34.2+8.7
ST OMNI-CATALYST Perceive→Audio All 12.9+10.7 25.0+21.1 39.6-5.8 53.1+2.8 32.7+7.2
ST OMNI-CATALYST Perceive→Audio Audio (two turns) 8.5+6.3 11.0+7.1 47.0+1.6 51.8+1.5 29.6+4.1
ST OMNI-CATALYST Perceive→Audio Visual (two turns) 1.5-0.7 3.2-0.7 41.9-3.5 49.4-0.9 24.0-1.5
ST OMNI-CATALYST Perceive→Audio All (two turns) 6.3+4.1 7.6+3.7 43.6-1.8 49.7-0.6 26.8+1.3

ST OMNI-CATALYST Visual - 18.6 27.4 44.5 48.2 34.7
ST OMNI-CATALYST Visual Audio 25.6+7.0 36.3+8.9 47.0+2.5 53.6+5.4 40.6+5.9
ST OMNI-CATALYST Visual Visual 26.8+8.2 37.7+10.3 41.4-3.1 50.2+2.0 39.0+4.3
ST OMNI-CATALYST Visual All 20.5+1.9 34.8+7.4 42.3-2.2 50.4+2.2 37.0+2.3
ST OMNI-CATALYST Visual Audio (two turns) 20.0+1.4 27.3-0.1 46.2+1.7 51.1+2.9 36.2+1.5
ST OMNI-CATALYST Visual Visual (two turns) 16.0-2.6 22.6-4.8 43.2-1.3 45.6-2.6 31.9-2.8
ST OMNI-CATALYST Visual All (two turns) 18.3-0.3 23.7-3.7 44.8+0.3 48.4+0.2 33.8-0.9

ST OMNI-CATALYST Perceive→Visual - 19.9 21.1 44.5 49.6 33.8
ST OMNI-CATALYST Perceive→Visual Audio 21.1+1.2 32.1+11.0 44.8+0.3 54.0+4.4 38.0+4.2
ST OMNI-CATALYST Perceive→Visual Visual 24.5+4.6 36.0+14.9 39.5-5.0 50.9+1.3 37.7+3.9
ST OMNI-CATALYST Perceive→Visual All 17.2-2.7 33.3+12.2 42.5-2.0 51.2+1.6 36.1+2.3
ST OMNI-CATALYST Perceive→Visual Audio (two turns) 17.7-2.2 22.9+1.8 46.9+2.4 50.5+0.9 34.5+0.7
ST OMNI-CATALYST Perceive→Visual Visual (two turns) 9.5-10.4 18.0-3.1 41.9-2.6 47.5-2.1 29.2-4.6
ST OMNI-CATALYST Perceive→Visual All (two turns) 13.7-6.2 15.7-5.4 44.3-0.2 46.8-2.8 30.1-3.7

ST OMNI-CATALYST All - 22.9 23.2 47.6 49.7 35.9
ST OMNI-CATALYST All Audio 30.5+7.6 30.3+7.1 45.7-1.9 52.1+2.4 39.7+3.8
ST OMNI-CATALYST All Visual 30.5+7.6 30.2+7.0 40.0-7.6 48.4-1.3 37.3+1.4
ST OMNI-CATALYST All All 28.7+5.8 26.1+2.9 42.7-4.9 46.9-2.8 36.1+0.2
ST OMNI-CATALYST All Audio (two turns) 22.1-0.8 27.4+4.2 47.6+0.0 49.8+0.1 36.7+0.8
ST OMNI-CATALYST All Visual (two turns) 18.5-4.4 26.2+3.0 45.2-2.4 47.1-2.6 34.3-1.6
ST OMNI-CATALYST All All (two turns) 21.3-1.6 26.4+3.2 45.9-1.7 47.5-2.2 35.3-0.6

ST OMNI-CATALYST Perceive→All - 18.6 21.0 46.6 50.5 34.2
ST OMNI-CATALYST Perceive→All Audio 24.3+5.7 34.0+13.0 43.3-3.3 53.2+2.7 38.7+4.5
ST OMNI-CATALYST Perceive→All Visual 29.1+10.5 29.9+8.9 44.8-1.8 49.0-1.5 38.2+4.0
ST OMNI-CATALYST Perceive→All All 21.5+2.9 35.1+14.1 42.8-3.8 48.3-2.2 36.9+2.7
ST OMNI-CATALYST Perceive→All Audio (two turns) 26.4+7.8 23.7+2.7 47.8+1.2 49.0-1.5 36.7+2.5
ST OMNI-CATALYST Perceive→All Visual (two turns) 16.9-1.7 23.5+2.5 46.0-0.6 45.8-4.7 33.1-1.1
ST OMNI-CATALYST Perceive→All All (two turns) 21.5+2.9 25.3+4.3 46.2-0.4 46.1-4.4 34.8+0.6

Table S9: Self-trained (ST) OMNI-CATALYST ablation results. Performance of self-trained
OMNI-CATALYST under different trained and inference-time modality-description configurations.
Bold and underline denote the best and second-best results, respectively, for each +Modality Desc
setting across trained modalities.

Model Method BLEU METEOR ROUGE-L CIDEr

gemma Baseline 12.8 8.1 23.0 4.4
gemma Perceive-only 12.7-0.1 8.1-0.0 23.0-0.0 4.4-0.0
gemma Perceive + STaR 13.0+0.3 8.2+0.1 23.1+0.1 4.6+0.2
Qwen Baseline 28.2 15.8 34.9 35.6
Qwen Perceive-only 28.7+0.5 16.0+0.2 35.7+0.8 36.5+0.9
Qwen Perceive + STaR 31.4+3.2 16.3+0.5 36.0+1.1 37.1+1.5

Table S10: Out-of-distribution audio captioning. Audio-captioning performance of models
trained with different description objectives. Perceive + STaR improves over both the baseline and
perceive-only training for both Gemma and Qwen.

cating that OMNI-CATALYST benefits from higher-quality modality descriptions. This experiment
also separates the utility of the textual modality representation from the identity of the model that
generates it.

Model No Description Qwen2.5-Omni-7B Qwen3-Omni-30B

gemma-4-e2b-it 23.0 29.0+6.0 29.3+6.3
gemma-4-e4b-it 32.0 35.0+3.0 37.7+5.7
Qwen2.5-Omni-3B 39.3 45.3+6.0 44.3+5.0
Qwen2.5-Omni-7B 42.3 44.0+1.7 48.0+5.7

Avg. 34.2 38.3+4.2 39.8+5.7

Table S11: External model usage for modality description generation in OMNI-CATALYST.
The final omni-modal reasoning performance does not significantly differ when using modality de-
scriptions generated by external models (spanned across columns) for the two-call scheme.

Thinker mode. Table S12 evaluates OMNI-CATALYST with thinker mode enabled for Gemma.
Although the main Gemma experiments use non-thinker mode for consistency with Qwen, OMNI-
CATALYST improves performance in both settings. Thus, the benefit of modality descriptions com-
plements the model’s internal thinking mode rather than depending on a particular decoding config-
uration.
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No Thinker Mode Thinker Mode
Model Baseline OMNI-CATALYST Baseline OMNI-CATALYST

gemma-4-e2b-it 23.7 28.3+4.6 36.1 37.3+1.2
gemma-4-e4b-it 34.0 42.0+8.0 42.0 42.3+2.3

Table S12: Effect of thinker mode on the Gemma family. OMNI-CATALYST improves perfor-
mance in both thinker and non-thinker modes, indicating that its benefit complements the model’s
thinking mode.

Hidden-state visualization. Figures S14a and S14b visualize PCA projections of token repre-
sentations before and after attention in the final layer. For both Qwen-7B and Gemma-4B, the
self-generated audio-description representations occupy a representation space closer to the audio
and answer representations than to the image representations. This qualitative pattern is consistent
with the description’s role as a textual medium that makes audio information more accessible to the
language-generation pathway.
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Figure S14: PCA projections of token representations before and after attention in the last
layer for (a) Qwen-7b and (b) gemma-4b. Each point per plot corresponds to a token of the
image, audio, answer, and self-generated audio description. In both models, the audio description
representations share the same PCA coordinate space as the audio and answer representations, unlike
the image.

Qualitative results. Figure S15 shows an example from trained OMNI-CATALYST. The knowledge-
extraction stage places greater emphasis on audio evidence, which subsequently affects the refined
answering stage. The resulting attention pattern is more balanced between visual and auditory ev-
idence, illustrating how learned modality descriptions can alter the information available to down-
stream generation.
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Straight answering Knowledge extracting Refined answering

Figure S15: Probe of how Omni-LLM attention changes using our TMA filter. The knowledge-
extraction step in trained OMNI-CATALYST enables the model to “hear” better, which in turn affects
the refined answering stage, showing more balanced “seeing” and “hearing.”

Figures S16 and S17 present additional successful and unsuccessful examples of training-free
OMNI-CATALYST, together with the corresponding decoded TMA. In each panel, we highlight the
image and audio tokens with the highest TMA values in red and the lowest in green, using bounding
boxes on video frames and vertical markers on audio waveforms. We also report their TMA values
and the response tokens closest to them in embedding space. In the successful examples (Fig-
ure S16), the lowest-TMA tokens consistently correspond to background image regions or silent
audio segments, whereas the highest-TMA tokens correspond to visual regions or speech segments
relevant to the correct answer. These include the newspaper and crossword-related speech in the first
example, and the pedestrian walking behind the others and the dialogue identifying the target in the
second. This spatial and temporal alignment suggests that token-level TMA reflects the relevance
of the input evidence to the generated response. In the unsuccessful examples (Figure S17), this
correspondence is less apparent. When a question requires reasoning beyond directly observable
evidence, such as inferring off-screen sounds, intentions, or future events, the highest-TMA token
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corresponds to a region or temporal segment with limited relevance to the answer. Examples include
the wall or shirt rather than the man, and the bartender’s sleeves or the man’s hat rather than the cup.
These cases illustrate the limitations of relying on a single maximally aligned token as sufficient
evidence, as some questions require integrating information across multiple regions or modalities.

Audio: Two people talking: A: Four letters, "circle or hoop." B: Ring! Damn it, 
ring! A: Thanks.

Image: A cozy TV-show apartment scene — a man in a dark jacket/jeans holds 
a newspaper and pencil doing a crossword; a woman in a purple top beside 
him reads a newspaper. In the background, a man rests his head on his arms 
at a dining table, and another person cooks in the kitchen.

Q: "What are the men doing?

(1) man in jeans taking notes from newspaper
(2) man in purple reading newspaper
(3) man in jeans playing a crossword puzzle
(4) man on table doing a crossword puzzle.

Audio: Two people talking + footstep sound — A: "Diane Hanson. Grew up in 
Detroit. Moved to the city after law school. Single." B: "She have any 
enemies?" A: "One or two. She's an assistant district attorney." B: "And she is 
the target?”

Image: A busy urban street (NYC-like) packed with yellow taxis. Pedestrians 
walk the sidewalk holding umbrellas, suggesting rain. A black car sits in traffic 
on the left; storefronts with bright lighting appear in the background.

Q: What is the man in brown jacket doing?

A. He and his friend are going to the restaurant across the street for dinner.
B. He and his partner are tracking the woman in black.
C. He and his partner are tracking the woman in khaki in front of them.
D. He is accelerating his pace back home because it's raining. 

Audio: Female voice: "That's right. Fran's dead. And you just confessed to her 
murder.”

Image: Two men in a library/bookshelf-filled room. The man on the left, in a 
dark leather jacket, holds a smartphone showing a timer/stopwatch; the man 
on the right in a dark suit looks at the screen with him. Both appear 
concerned/focused; warm lamp lighting.

Q: Why is this man holding the phone?

A. Because he needs to show the important documents inside it.
B. Because the phone is a stolen item he found.
C. Because the man in the suit uses it to record audio.
D. Because the man in the leather jacket uses it to record audio.

Audio: A: "What's her name?" B: "You know, we layin' down the groundwork 
right now." A: "You know about the shoulder touch?" B: "'Course I do. But tell 
me anyway." A: "Tomorrow, find that girl. You walk up to her and be like: Hey.”

Image: An animated-show scene — a young boy with dark hair in a green 
jacket/red hoodie sits on a red couch holding a notebook and pen, listening to 
an older bald man with a goatee in a gray t-shirt, who leans in while talking. 
Background has a brick wall with a graffiti-style screen and a coffee table with 
popcorn/water bottle.

Q: What is happening to the two guys?

A. The brothers are catching up on their recent studies.
B. The bald man is offering some encouragement to the boy in the jacket.
C. The brothers are sharing some tips on social skills.
D. The fashionable boy is teaching the man in the short-sleeved shirt how to 

talk to girls.

(a) Benchmark question (b) gemma-4b (c) Qwen-7b

Figure S16: Successful qualitative samples. While the lowest-TMA tokens fall on background or
silence, the highest-TMA image and audio tokens land on the visual regions and speech segments
the answer depends on.
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Audio: A: "And as or what Dyatlov did do, the man doesn't deserve prison." B: 
"He deserves death." + clatter/snap sound

Image: A vintage kitchen scene — a man in glasses and a dark sweater sits at a 
table, facing away, writing or reading. A stove with pot/strainer is on the left; 
the table has a small container and possibly a notebook, with dim, nostalgic 
lighting.

Q: What are man doing?

A. Preparing dishes.
B. Having a meal. ß Selected for both gemma-4b and Qwen-7B 
C. Calling somebody.
D. Listening to the radio. 

Audio: A: "Who wants the ball?" B: "Me! I want it! Me! I do! I want the ball! 
Give it to me!" A: "Then go get it!" B: "I'm gonna get there first! Getting the 
ball! I got it! Oh—" (a bang sound)

Image: An animated train-corridor scene — two dogs (a large brown-and-
white one and a smaller gray one) face down the corridor. An elderly white-
haired man in glasses and a vest appears to be moving quickly toward the 
viewer at the end of the corridor.

Q: Why does the man throw the ball?
A. Because he wants to see a bunch of dogs challenge for the ball.

ß Selected for both gemma-4b and Qwen-7B 
B. Because he wants to lock up the dogs.
C. Because he wants to exercise the dog's strength.
D. Because he wants to chase the dogs outside.

Audio: A: "What about it?" B: "Well, it ain't doing any good sitting in that 
bottle."

Image: A vintage bar/saloon scene — a man in a dark hat faces away in the 
foreground; in the background, a mustached bartender in a white shirt/black 
vest holds a glass and cloth, examining it. Moody, tense atmosphere with 
bottles/glasses on the counter.

Q: What is likely to happen next?

A. The man with a beard drinks a glass of wine.
B. The man with a hat takes the cup.
C. The man with a beard takes the bottle. ß Selected for both gemma-4b 

and Qwen-7B 
D. The man with a hat leaves his seat.

Audio: Male voice: "Hachi, Hachi. Ball, ball, ball, ball! See the ball. You take it."

Image: An outdoor backyard/garden scene — a man kneels on the ground 
wearing a brown jacket, jeans, and a dark cap with "N," seemingly gardening 
or searching for something. A wooden shed in the background has a dog 
sitting on a green mat inside.

Q: Why is the man in this posture?

A. Because the man wants to beg for mercy from the gang boss.
ß Selected for both gemma-4b (no valid answer for Qwen-7B) 

B. Because the man wants to show the puppy how to bite the blue ball.
C. Because the man wants to show the puppy how to bite the yellow ball.
D. Because the man wants to search for something he had lost.

(a) Benchmark question (b) gemma-4b (c) Qwen-7b

Figure S17: Unsuccessful qualitative samples. When the answer requires reasoning beyond direct
perception, such as off-screen sounds, intent, or future events, the highest-TMA tokens spread onto
weakly related regions and segments. In other words, the evidence is too diffuse to capture with a
single most-aligned token.
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