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Abstract

Omni Large Language Models (Omni-LLMs)
have demonstrated impressive capabilities in
holistic multi-modal perception, yet they con-
sistently falter in complex scenarios requiring
synergistic omni-modal reasoning. Beyond un-
derstanding global multimodal context, effec-
tive reasoning also hinges on fine-grained cross-
modal alignment, especially identifying shared
referents across modalities, yet this aspect has
been largely overlooked. To bridge this gap,
we formalize the challenge as a cross-modal
coreference problem, where a model must lo-
calize a referent in a source modality and re-
identify it in a target modality. Building on
this paradigm, we introduce CROSSOMNI, a
dataset comprising nine tasks equipped with
human-designed reasoning rationales to evalu-
ate and enhance this capability. Experiments on
13 Omni-LLMs reveal systematic weaknesses
in cross-modal coreference, which we attribute
to the absence of coreference-aware thinking
patterns. To address this, we enhance cross-
modal alignment via two strategies: a training-
free In-Context Learning method and a training-
based SFT+GRPO framework designed to in-
duce such thinking patterns. Both approaches
yield substantial performance gains and gen-
eralize effectively to collaborative reasoning
tasks. Overall, our findings highlight cross-
modal coreference as a crucial missing piece
for advancing robust omni-modal reasoning.

1 Introduction

Omni Large Language Models (Omni-LLMs) have
demonstrated impressive capabilities in holistic
multi-modal perception, yet they consistently falter
in complex scenarios requiring synergistic omni-
modal reasoning (Liu et al., 2025b; Yao et al., 2024;
Liu et al., 2024b). Most prior work attempts to im-
prove it by aggregating information from multiple
modalities, such as expanding data coverage (Ye
et al., 2025; Gong et al., 2025) or refining train-
ing objectives (Yang et al., 2025b; Zhong et al.,
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Figure 1: The comparison between collaborative reason-
ing and cross-modal coreference alignment. The former
focuses on coarse aggregation, whereas the latter targets
fine-grained alignment of corresponding referents.

2025). However, effective reasoning requires not
only modeling global multimodal context but also
performing fine-grained cross-modal alignment (Li
et al., 2025). Models must bind the same referent
across modalities and align its evolving state to
compose evidence into coherent reasoning. While
aggregation-oriented methods can enhance over-
all perception, they often underemphasize such
alignment and fail to reliably link corresponding
content across modalities. Consequently, current
Omni-LLMs struggle to maintain referential con-
sistency (Alonso et al., 2025), which severely con-
strains their reasoning performance.

To bridge this gap, we formalize the challenge as
a cross-modal coreference problem, which we view
as a fundamental capability for Omni-LLMs. Mov-
ing beyond the collaborative reasoning focused on
coarse aggregation in prior work, our approach tar-
gets a critical intermediary step: precisely locating
a referent in a source modality and re-identifying it
within a target modality (Figure 1). We introduce
CROSSOMNI, a comprehensive dataset designed
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Datasets # Videos # QA Pairs Modality w. Cross-Modality Cross-Modal Coreference w. Training Data
Pano-AVQA (2021) 5,400 51,700 AV X - v
AVQA (2022) 57,015 57,335 ANV X - v
Music-AVQA (2022) 9,288 45,867 A,V X - v
OmniBench (2025) - 4,555 Al X - X
WorldSense (2025) 1,662 3,172 AV X - X
DailyOmni (2025) 684 1,197 A,V X - X
AVUT (2025c¢) 2,662 11,609 AV v A—V X
CROSSOMNI 4,147 39,726 AV, T v AV, AT, VeT v

Table 1: Comparison of CROSSOMNI with representative omni-modal datasets. Cross-modality denotes questions
that require information transfer across modalities. A/I/V/T denote audio, image, video, and text.

to evaluate and elicit this capability. CROSSOMNI
encompasses three single-modality and six cross-
modality coreference tasks spanning text, audio,
and video. Crucially, it provides human-annotated
reasoning rationales that supervise step-wise align-
ment, facilitating both granular evaluation and ef-
fective model tuning.

Benchmarking 13 leading Omni-LLMs reveals
a persistent performance gap between single- and
cross-modal coreference, highlighting a systemic
deficiency. Through Chain-of-Thought (CoT)
prompting, we observe that models often lack the
necessary “thinking patterns” to transfer informa-
tion reliably between modalities. Motivated by this,
we explore two strategies to induce coreference-
aware thinking: a training-free In-Context Learn-
ing approach and a training-based method com-
bining SFT with Group Relative Policy Optimiza-
tion (GRPO). Both methods yield significant gains
across all coreference tasks. Furthermore, our
ablation studies demonstrate that these improve-
ments generalize to broader collaborative reasoning
benchmarks, suggesting that cross-modal corefer-
ence is a foundational “missing piece” in the evolu-
tion of Omni-LLM intelligence.

The main contributions can be summarized as:

* Cross-Modal Coreference Alignment. We
formulate cross-modal coreference alignment,
where the model must identify information in
a target modality by first locating it in a source
modality. This paradigm shifts the focus for
improving Omni-LLMs from coarse modal-
ity aggregation to fine-grained cross-modal
coreference alignment.

* Rationale-Augmented Multi-Task Dataset.
This dataset comprises 9 diverse task types en-
riched with human-designed rationales, specif-
ically developed to facilitate the training and
evaluation of Omni-LLMs in complex cross-
modal coreference alignment.

* Coreference-aware Thinking Patterns. We

introduce both novel training-free and
training-based methods to elicit structured
thinking patterns. We show that these pat-
terns significantly boost performance on both
coreference-specific tasks and general collab-
orative reasoning benchmarks.

2 CROSSOMNI Dataset

2.1 Dataset Overview
2.1.1 Data Principles

The CROSSOMNI dataset is designed to evalu-
ate and support training for cross-modal coref-
erence alignment over three modalities in Omni-
LLMs. Unlike existing omni benchmarks that
simply fuse information from different modalities
and aggregate various cues to answer a question,
CROSSOMNI emphasizes cross-modality corefer-
ence among audio, visual, and textual data, as il-
lustrated in Figure 2. Specifically, CROSSOMNI
pairs single-modality coreference tasks with cross-
modality coreference tasks, allowing unimodal per-
formance to serve as a baseline for directly assess-
ing and highlighting cross-modal evidence transfer
within a unified framework.

Concretely, we construct a diverse set of videos
with comprehensive annotations, providing train-
ing sets and test splits for cross-modality align-
ment, consisting of 4,147 videos and 39,726 ques-
tion—answer pairs (Table 2). All videos are sampled
from TVQA' and come from six long-running TV
shows with multi-person conversations and com-
plex visual scenes, which pose significant chal-
lenges for cross-modality coreference alignment.
For each modality, we perform detailed annota-
tion and automatic verification, followed by human
checking to ensure data quality. We also provide ex-
plicit step-by-step rationales for each instance, of-
fering effective thinking patterns that enable more

1ht’cps: //nlp.cs.unc.edu/data/jielei/tvqa/tvqa_
public_html/index.html
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Figure 2: Overview of the CROSSOMNI dataset. The top section illustrates the annotation pipeline, including pre-
process, data annotation, modality alignment, and QA generation. The bottom section presents example instances

and the distribution of the test set.

Type # Train # Test # Total
Videos 2,725 1,422 4,147
QA pairs 37,266 2,460 39,726

Table 2: Statistics of the CROSSOMNI dataset.

precise analysis and training of cross-modal coref-
erence alignment.

2.1.2 Task Definition

We model each instance as a source-to-target coref-
erence alignment problem. Given a question g,
a source modality ms € {Au, Vi, Te}, and a tar-
get modality m; € {Au, Vi, Te}, the model is re-
quired to: (1) identify the referent in the source
modality that is needed to answer ¢, and (2) re-
trieve the aligned information in the target modal-
ity to produce the final answer a. Single-modality
coreference corresponds to ms = m;, while cross-
modality coreference corresponds to mg # my.

2.1.3 Task Classification

Under task definition, we define nine task types:
three single-modality coreference tasks and six
cross-modality coreference tasks over audio, video,
and text. Table 3 presents representative examples
for each type. The information available in each
modality is summarized below, and more details
are provided in Appendix B.1.

» Audio: Speech content and audio characteristics.

» Vision: Visual understanding, including actions,
attributes, spatial reasoning, and counting.

» Text: Factual information from text, such as
birthplace, career, and related attributes.

2.2 Data Construction

Our data construction pipeline consists of four
stages: pre-processing, data annotation, modality
alignment, and question—answer pair generation, as
summarized in Figure 2. We describe it below.

2.2.1 Pre-Processing

TVQA provides rich video and subtitle annotations,
but their coverage and quality are uneven. Since our
goal is cross-modal alignment that links each utter-
ance to a speaker identity and synchronizes it with
the corresponding visual evidence and text informa-
tion, reliable human-labeled subtitles with accurate
timestamps are essential. Therefore, we restrict our
data to clips with manually annotated transcripts
and discard segments that lack human subtitles or
contain temporally discontinuous timestamps. Fi-
nally, we split each video into subtitle-aligned clips,
which serve as the basic unit for the subsequent
modality-specific annotation and question-answer
pair construction.

2.2.2 Data Annotation

We annotate each video with visual, audio, and tex-
tual information. For the visual modality, we use
Qwen2.5-VL-7B (Bai et al., 2025) to caption rep-
resentative frames and then use Qwen3-8B (Yang
et al., 2025a) to summarize them into clip-level
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Single-modality Coreference Tasks

Audio-only (Au)

What is the emotion in the sentence “why would she do that”?
A.calm B.excited C.angry D.sad

Where does the third woman enter from?

A. front side  B. back side

Text-only (Te) A. the weight of silence

C. left side

D. right side

What was beckett’s first screenplay?
B. silent echoes

C. the weight of words ~ D. echoes of the past

Cross-modality Coreference Tasks

What facial expression does the person who spoke with aversion emotion exhibit?

Audio— Vision (Au— Vi)

A.nurse B. officer

A.sadness B. excitement

A. april 5, 1985

A. disoriented look  B. calm expression
C. serious or concerned expression

What is the occupation of the person who said “when did he get out of prison”?
C. sergeant

What does the person’s emotion in voice who has wide eyes and open mouth in the video?
C. happiness

What is the birthdate of the person wearing brown pants and a black t-shirt?
B. january 1, 1985

D. attentive look

D. detective

D. fear

C. march 12, 1985 D. march 12, 1984

What does the person say who joined the princeton-plainsboro teaching hospital?

A. I"d be too nervous. Couldn’t be objective.
C. here’s what happens when doctors care too much.

B. I need to know everything about you.
D. She’s mine. Stay away.

Where is the Vision space of the person who led a drug trafficking investigation?

Text— Vision (Te— Vi)
C. in the left of the woman

A. in the vicinity of the second man
D. in the background

B. in front of the woman

Table 3: Examples of single-modality and cross-modality coreference tasks. In all cases, the model receives an

audio-visual video and a textual biography as input.

descriptions, as well as to produce person-centric
descriptions with external knowledge from sub-
titles (e.g., role cues explicitly mentioned in the
subtitle). For audio, we treat the human-provided
subtitles with speaker identities and timestamps as
the ground truth for speech content. We addition-
ally label basic voice characteristics (e.g., quality,
pitch, emotion) using Qwen3-Omni-30B-A3B (Jin
et al., 2025) through structured binary questions.
Finally, we use Qwen3-8B (Yang et al., 2025a) to
generate text biographies for people in the videos,
including key attributes such as place of origin, im-
portant events, and production details. All descrip-
tions are verified by cross-comparing annotations
across different samples to ensure consistency and
correctness. Prompts are provided in Table 13 and
Table 14 in Appendix D.

223

To align information across different modalities,
we use visual features as the anchor. In particular,
we treat each person as a bridge that links visual,
audio, and textual information, thereby enabling
tri-modal alignment. For visual-audio alignment,
we use speaker names as anchors. The same name
appearing in person-centric visual descriptions and
human-labeled transcripts is used to associate the
corresponding visual and audio segments. For vi-

Modality Alignment

Model Base model Procedure
Baichuan-Omni (2024) Qwen2.5-7B P+SFT
HumanomniV2 (2025b) Qwen2.5-Omni-7B SFT+RL
M2-Omni (2025) Llama3.1-8B P+SFT
Ming-Omni (2025) Ling-moe P+SFT
Minicpm-o (2024) Qwen2.5-7B P+SFT+RL
Ola (2025b) Qwen2.5-7B P+SFT
Omni-rl (2025) Qwen2.5-Omni-7B SFT+RL
OmniVinci (2025) Qwen2.5-7B SFT
Qwen2.5-Omni (2025) Qwen2.5-3B/7B P+SFT
Qwen3-Omni-Cap (2025) Qwen3-30B-A3B P+SFT+RL
Qwen3-Omni-Ins (2025) Qwen3-30B-A3B P+SFT+RL
Qwen3-Omni-Thk (2025) Qwen3-30B-A3B P+SFT+RL

Table 4: Model statistics of different omni models. The
P, SFT, and RL denote the pre-training, supervised fine-
tuning, and reinforcement learning stages, respectively.

sual-textual alignment, we integrate person-centric
universal descriptions into textual biographies so
that the biographies can be grounded in visual cues.

2.2.4 Question—Answer Pair Construction

We construct QA pairs in two steps: generation and
verification. We use Qwen3-8B (Yang et al., 2025a)
to generate questions based on the visual descrip-
tions, subtitles, audio characteristics, and biogra-
phies, following the unified source-to-target format.
For each question type, we enforce a fixed coref-
erence transfer structure: locating the referent in a
source modality and then selecting the correspond-
ing information in a target modality. We then verify
each candidate instance by checking (i) source-side
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Model Audio-centric Text-centric Visual-centric Overall
Au Au—Te Au—Vi Te Te—Au Te—Vi Vi Vi—+Au Vi—Te Single Cross Overall

Baichuan-Omni 34.19 29.31 21.09 51.63 20.94 24.24 30.13 15.65 22.78 37.81 22.69 27.39
HumanomniV2 28.75 39.08 45.37 44.65 24.06 38.53 46.44 29.13 37.84 38.72 3579 36.71
M2-Omni 45.69 35.92 29.39 75.35 26.56 45.89 56.49 33.04 51.35  57.37 3620 42.83
Ming-Omni 45.05 45.98 55.91 73.49 41.88 56.71 64.44 37.39 49.81 59.06 4791 51.38
Minicpm 36.74 38.51 29.07 73.02 23.12 36.80 45.19 16.52 4749 4954 3197 3748
Ola 46.33 46.26 42.49 49.30 39.38 46.75 54.81 29.57 37.07 49.80 40.70 43.52
Omni-rl 49.20 46.84 45.69 83.26 38.44 54.11 66.11 3391 61.00 64.02 46.37 51.90
OmniVinci 51.76 55.17 56.23 55.35 39.69 47.62 59.83 32.17 4479 5528 46.75 49.39
Qwen2.5-Omni-3B  45.05 44.54 39.62 57.21 39.06 50.65 63.18 33.04 44.02  54.11 41.79 45.62
Qwen2.5-Omni-7B  48.88 45.11 40.26 83.26 37.19 52.81 64.44 33.91 59.85 63.37 4443 50.36
Qwen3-Omni-Cap  55.14 50.75 36.93 52.09 40.00 49.44 53.47 38.26 50.12 53.76 44.19 47.19
Qwen3-Omni-Ins 60.58 53.05 44.92 64.65 44.69 55.06 58.91 43.48 5629  61.20 4942 53.10
Qwen3-Omni-Thk  62.17 67.13 56.10 73.49 52.19 63.29 62.26 47.39 69.42 6537 59.40 61.29
Average 46.89 45.97 41.77 64.36 35.94 47.84 55.82 32.58 48.60 54.57 42.12 46.01

Table 5: Performance of different models across modalities. Au, Te, and Vi denote Audio, Text, and Vision,
respectively; X—Y denotes source to target modality (e.g., Au—Te: Audio to Text). Single and Cross denote the
average performance on single-modal and cross-modal tasks, respectively. In each row, the best is in bold and the

second-best is underlined.

uniqueness of the referent and (ii) target-side an-
swerability from the annotations. Prompts are pro-
vided in Table 15 in Appendix D.

2.3 Chain-of-Thought Rationales for Training

For the training split, we provide structured ratio-
nales to support both analysis and training. Each
rationale follows a four-step template aligned with
our task format: (1) identify the source and target
modalities from the question; (2) locate the referent
in the source modality; (3) find the aligned referent
in the target modality; and (4) extract the answer
from the target modality. We generate these ratio-
nales with Qwen3-8B (Yang et al., 2025a) condi-
tioned on the annotations and ground-truth answers,
and verify them for consistency with both the ev-
idence and the intended reasoning path. Prompts
are provided in Table 16 in Appendix D.

2.4 Quality Control and Human Verification

We perform human verification to assess annotation
quality and QA validity. For audio characteristics,
we randomly sample 1,000 clips and re-label qual-
ity, pitch, and emotion, comparing human labels
with those from the automatic pipeline and obtain-
ing 93.1% agreement. For video descriptions, we
inspect 1,000 descriptions and obtain a correctness
rate of 96.8%. For textual biographies, we sample
1,000 cases and verify that there is no inappropri-
ate or illegal content. For questions, we sample
1,000 instances and evaluate whether each ques-
tion is answerable given the provided information,
obtaining an answerability rate of 98.3%. These
results suggest that CROSSOMNI meets the quality

requirements for reliable training and evaluation.
More details are provided in Appendix B.4.

3 Evaluation Experiment

To examine the performance of coreference align-
ment across modalities, we evaluate Omni-LLMs
on CROSSOMNI, which consists of single-modality
questions and cross-modality counterparts under a
coreference alignment task format.

3.1 Experimental Details

To comprehensively examine performance on cross-
modal coreference alignment, we evaluate 13 main-
stream Omni-LLMs with varying sizes, architec-
tures, and training strategies. The model details are
summarized in Table 4. For all experiments, we
use the prompt “Answer this question based on the
video and text information in A/B/C/D.” and report
accuracy as the evaluation metric.

3.2 Main Evaluation Results

The main results across different tasks are shown
in Table 5. On average, cross-modality coreference
tasks are about 21% worse than single-modality
coreference tasks. For almost all models, the top
two results are obtained on single-modality coref-
erence tasks, indicating that current Omni-LLMs
have strong unimodal perception but do not consis-
tently carry it over to cross-modal settings. There-
fore, improving omni-modal reasoning calls for di-
rectly strengthening cross-modal coreference align-
ment, which appears to be a key missing compo-
nent in current Omni-LLMs.
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Figure 3: Average performance on fixed-source and
fixed-target cross-modal questions.

3.3 Controlled Cross-modal Experiments

To disentangle the effect of information content
from that of cross-modal coreference alignment,
we construct two controlled settings. For fixed-
source questions, we select 150 questions from
each single-modality coreference task and convert
them into cross-modality coreference questions by
changing only the target modality while keeping
the source information fixed. For fixed-target ques-
tions, we follow a similar process but keep the
target modality fixed and vary the source modality.
As shown in Figure 3b and Figure 3a, performance
consistently drops once the source modality differs
from the target modality, even though the infor-
mation in the fixed modality remains unchanged.
This indicates that current models struggle to iden-
tify the correct referent in the source modality and
transfer it reliably to the target modality, further
demonstrating the necessity of improving cross-
modal coreference alignment.

4 Analysis and Improvements

To better understand and improve cross-modal
coreference alignment in Omni-LLMs, we con-
duct a systematic analysis of model failures and
develop targeted remedies. We first diagnose why
models perform well when evidence is contained
within a single modality but fail when the answer
requires transferring a referent across modalities.
Our analyses indicate that a central bottleneck is
the lack of explicit coreference-aware thinking pat-

terns for cross-modality reasoning. We then present
two complementary approaches to induce such
procedures: a training-free In-Context Learning
method and a training-based framework via SFT
and GRPO. Experimental results show that enhanc-
ing it effectively improves overall reasoning perfor-
mance.

4.1 Diagnosing Failures Cause

To pinpoint the sources of cross-modal coreference
failures, we adopt Chain-of-Thought (CoT) prompt-
ing to make the model explicitly reveal its corefer-
ence alignment process by prepending “Let’s think
step by step.” to the default prompt. This setting al-
lows us to inspect the resulting reasoning rationales
of the whole process for systematic errors.

Importantly, we find that models rarely establish
explicit and correct links between entities across
modalities, as illustrated in Figure 4. This sug-
gests that current models lack coreference-aware
reasoning patterns, namely, the ability to explic-
itly and step-by-step establish and coordinate ref-
erential correspondences across modalities. Fur-
thermore, as shown in Figure 5 and Table 6,
Chain-of-Thought prompting yields only modest
gains, with an overall relative improvement of
1.7%. These limited improvements further sug-
gest that current models do not possess sufficiently
strong cross-modal coreference reasoning capabil-
ities on their own, and that simply eliciting more
detailed reasoning is far from sufficient to close the
gap. Consequently, improving cross-modal corefer-
ence alignment likely requires explicitly fostering
coreference-aware reasoning patterns for reference
alignment.

4.2 Improving Cross-Modal Coreference

Building on the above experiments, which show
that cross-modality coreference performance lags
far behind single-modality coreference and model-
internal thinking patterns yield only marginal gains,
we regard the lack of coreference-aware thinking
patterns as the main bottleneck. Therefore, we ex-
plore two approaches to enhance the coreference-
aware thinking patterns for modality coreference
alignment: a training-free approach based on In-
Context Learning (ICL), and training-based ap-
proaches using Supervised Fine-Tuning (SFT) and
Group Relative Policy Optimization (GRPO).
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Speech ]|u1]:n
- Do you hurt anywhere else?
- Not right now.

- But you used to hurt?

Text Information

Chase ......2015,

Iris ....When Chase was involved in the car accidé"r.\},
she was by his side every step of the way. ...

Figure 4: CoT case study on text—audio task. The

Question

What are the voice attributes of the person who
experienced the car accident?

A. male voice, sad, raspy, and quiet

B. female voice, calm, quiet, and soft

C. male voice, calm, deep, and loud

D. female voice, loud, and emotional

Response

... From the additional context, Chase is the character
who suffered a car accident. In the video, the patient
in the hospital bed (representing Chase's experience)
engages in dialogue with others. ..... Answer: B

denotes important information, the blue denotes the right

choice, and the red denotes the error rationales. The model fails to establish the correct bridge between the textual
information (the person who experienced the car accident is a man) and the visual information (the man is sitting on
the chair), and therefore cannot answer the question correctly. The full case is provide in Figure 6 in Appendix C.

— CoT

Te—Au —--- Default

Vi-Te Te

Vi Te—-Vi

Vi—Au Au—Te

Au—-Vi Au

Figure 5: Accuracy comparison of 13 models under
default and Chain-of-Thought prompting.

4.2.1 Training-free: In-Context Learning

Given that existing models can correctly extract
information within a single modality but struggle
to align it across modalities, we design a dedicated
prompt to guide step-by-step cross-modal coref-
erence alignment via In-Context Learning (ICL),
as shown in Table 17 in Appendix D. As reported
in Table 6, applying ICL yields substantial per-
formance gains, particularly on cross-modal coref-
erence tasks, with a 21% relative improvement.
The performance gap between single-modality and
cross-modality coreference shrinks from 24.37%
to 11.01% under ICL. These results are consis-
tent with our diagnosis that the primary limita-
tion in cross-modal alignment lies in coreference-
aware thinking patterns, indicating that future work
should focus on explicitly learning and refining
these thinking patterns.

4.2.2 Training-based: SFT and GRPO

Training Details. We use both SFT-based and
GRPO-based training methods to enhance cross-
modal coreference capability. For SFT, we perform
LoRA fine-tuning and then apply GRPO on top of

Method Single-modality  Cross-modality Overall
Default 55.69 42.12 46.01

CoT 55.52(-0.30%) 43.56 (+3.42%) 46.83 (+1.78%)
ICL 57.29 (+2.87%) 50.98 (+21.04%) 52.63 (+14.39%)

Table 6: Average performance of 13 models with CoT
and ICL on CROSSOMNI.

the SFT checkpoint using 982 training instances
balanced across modalities, with Qwen3-Next-80B-
A3B-Instruct (Yang et al., 2025a) as the reward
model. More details are provided in Appendix B.2.

Experimental Results. To further enhance
coreference-aware thinking patterns for cross-
modal alignment, we conduct experiments on
Qwen2.5-Omni-3B and Qwen2.5-Omni-7B using
SFT and GRPO training methods. To establish
the coreference-aware thinking patterns, we ap-
ply CoT supervision during SFT and introduce
a thinking-pattern reward during GRPO. Specif-
ically, the GRPO objective combines rewards for
output format, reasoning accuracy, contextual con-
sistency, and logical coherence. The details are
provided in the Table 18 in Appendix D. As shown
in Table 7, both SFT and GRPO yield substan-
tial performance gains, with GRPO achieving the
largest improvements, particularly on cross-modal
coreference tasks. We further present two represen-
tative cases in Figure 7 and Figure 8 in Appendix C,
which illustrate the effectiveness of these patterns.
Overall, these results demonstrate that explicitly
training coreference-aware thinking patterns is cru-
cial for improving cross-modal performance.

Necessity of Explicit Coreference-aware Think-
ing Patterns. To further isolate the contribution
of the coreference-aware thinking patterns in the
SFT and GRPO stages, we conduct ablations that
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Audio-centric

Text-centric Visual-centric

Model Method Overall
Au Au—Te Au—Vi Te Te—Au Te—Vi Vi Vi—Au Vi—Te

Default 45.05 44.54 39.62 57.21 39.06 50.65 63.18 33.04 44.02 45.62

Qwen2.5-Omni-3B CoT 44.09 42.53 42.81 50.23 37.81 48.92 66.11 33.91 39.38 44.57 (-2.30%)
SFT 39.62 50.28 52.72 76.74 38.75 54.54 58.99 40.00 51.35 50.45 (+1059%)
GRPO 46.33 60.34 56.55 87.44 46.25 62.34 69.04 43.48 65.25 58.59 (+28.43%)
Default 48.88 45.11 40.26 83.26 37.19 52.81 64.44 33.91 59.85 50.36

Qwen2.5-Omni-7B CoT 43.77 46.26 37.70 83.26 36.56 55.84 63.18 37.39 58.69 49.84 1.03%)
SFT 50.48 56.90 54.63 80.46 47.19 60.61 59.83 45.65 59.83 56.65 (+12.49%)
GRPO 57.19 62.93 61.02 88.84 51.56 63.64 67.36 56.48 64.86 62.56 (+24.23%)

Table 7: Performance of Qwen2.5-Omni models across modalities and training methods. Au, Te, and Vi denote
Audio, Text, and Visual, respectively. X—Y denotes source-to-target modality (e.g., Au—Te: Audio-to-Text).

Method Single-modality  Cross-modality Overall
Qwen2.5-Omni-3B

Defaalt _ ____355%15______ 4182 __ 4562

SFT 58.45 (+5.98%) 47.94 (+14.63%)  50.45 (+10.59%)

SFT w/o CoT ~ 50.15 (-9.06%) 42.55 (+1.75%) 45.22 (-0.88%)
Qwen2.5-Omni-7B

Default 6552 _ __ __ 448 __ 5036 _ _ .

SFT 63.59 (—2.95%) 54.39 (+21.24%)  56.65 (+12.49%)

SFT w/o CoT  52.42(-19.99%)  46.30 (+3.21%) 48.70 (—3.30%)

Table 8: Ablation study of SFT on Qwen2.5-Omni.

Method Single-modality  Cross-modality Overall
Qwen2.5-Omni-3B

SET ________ 5845 4194 5045

GRPO 67.60 (+15.65%) 55.70 (+16.19%) 58.59 (+16.13%)

GRPO w/o T-R 58.98 (+0.91%) 50.03 (+4.36%) 52.67 (+4.40%)
Qwen2.5-Omni-7B

SET ________ 659 5439 5665

GRPO 71.13 (+11.86%) 59.58 (+9.54%) 62.56 (+10.43%)

GRPO w/o T-R 67.60 (+6.31%) 57.55 (+5.81%) 59.72 (+5.42%)

Table 9: Ablation study of GRPO on Qwen2.5-Omni.
T-R denotes the thinking-pattern reward.

remove them from each training process. Specif-
ically, we perform SFT without CoT supervision
and GRPO without thinking patterns rewards. Ta-
bles 8 and 9 report consistent performance drops
under both ablations, showing that CoT supervi-
sion and thinking-pattern rewards are effective for
establishing coreference-aware reasoning. These
results further indicate that explicitly modeling
coreference-aware thinking patterns is crucial for
effective cross-modal reasoning.

Generalization to OOD Benchmarks. To ex-
amine whether the cross-modal coreference align-
ment ability learned on CROSSOMNI generalizes,
we evaluate the trained models on three out-of-
distribution (OOD) benchmarks for collaborative
reasoning and cross-modal alignment. As reported
in Table 10, both training strategies achieve con-

Method  Daily-Omni WorldSense AVUT Average
Qwen2.5-Omni-3B

Default 40.52 43.50 48.10 44.04

SFT 47.45(+17.10%) 39.24(-9.79%)  48.79 (+1.43%) 45.16 (+2.54%)

GRPO  54.55(+34.62%) 4445(+2.18%) 57.79(+20.14%)  52.26 (+18.67%)

Qwen2.5-Omni-7B

Default 4745 45.40 48.90 47.25
SFT 55.97 (+17.96%) 41.36(—8.90%)  49.77 (+1.78%) 49.03 (+3.77%)
GRPO  57.89(+22.00%) 49.08 (+8.11%) 57.96 (+18.52%)  54.98 (+16.35%)

Table 10: Performance on Daily-Omni, WorldSense,
and AVUT dataset. The details about these datasets are
provided in Appendix B.3.

sistent gains on almost all benchmarks, with espe-
cially great improvements on collaborative reason-
ing tasks in the Daily-Omni and WorldSense bench-
marks, highlighting the importance of coreference-
aware reasoning for both cross-modal alignment
and omni-modal collaborative reasoning. On
WorldSense, SFT alone slightly degrades perfor-
mance because of a mismatch in video scenarios be-
tween WorldSense and CROSSOMNI, whereas sub-
sequent GRPO not only recovers this drop but also
yields clear gains, indicating that GRPO is essential
for coreference-aware training, as it learns robust
cross-modal coreference alignment instead of over-
fitting to the CROSSOMNTI distribution. Overall,
these results demonstrate that cross-modal coref-
erence alignment learned from our dataset gener-
alizes to OOD settings and constitutes a critical
capability for advancing Omni-LLMs.

5 Conclusions

To advance the reasoning capabilities of Omni-
LLMs, we focus on cross-modal coreference align-
ment and introduce the CROSSOMNI dataset for
evaluating and training this capability. Across
13 Omni-LLMs, we observe that unimodal com-
petence does not directly translate into reliable
cross-modal evidence transfer. Our analyses sug-
gest that a key failure factor is the absence of
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coreference-aware thinking patterns for aligning
referents across modalities. Motivated by this,
we propose a training-free In-Context Learning
method and a training-based SFT+GRPO frame-
work to induce such patterns, substantially improv-
ing performance on CROSSOMNI and generalizing
to broader collaborative reasoning tasks. These re-
sults highlight cross-modal coreference as a crucial
missing piece for improving the reasoning capabili-
ties of Omni-LLMs and provide a concrete pathway
toward more reliable omni-modal understanding.

Limitations

There are several limitations in this work. First,
performance on audio-based tasks remains weaker
than that on text- and visual-based tasks. Beyond
multi-speaker interference, this gap may also be
related to speech quality, understanding of clean
single-speaker speech, and speaker discrimination
across conversational turns. More fine-grained
analysis is needed to identify whether the main
bottleneck lies in auditory perception, speaker dis-
crimination, or reasoning. Second, our annotation
pipeline currently relies on human-provided subti-
tles, which limits automation, scalability, and ex-
tension to larger real-world corpora.

Ethical Considerations

All videos in our dataset are sampled from TVQA,
which is publicly available for academic use. We
follow its license terms, use the data solely for re-
search, and do not redistribute raw video content.
All models in our pipeline and evaluation are open-
source, and our processing does not introduce addi-
tional personally identifiable information beyond
what is present in TVQA, we only release derived
annotations. College students provided human rat-
ings without collecting personal characteristics or
identifiers. We also used large language models
as writing assistants for editing and polishing the
paper. Overall, we believe our work poses mini-
mal additional ethical or privacy risks beyond those
already present in the underlying TVQA dataset.
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A Related Works

Omni-LLMs Omni-LLMs are designed to
jointly process textual information, auditory fea-
tures, and visual content, and to generate accurate
responses based on integrated omni-modal under-
standing and reasoning (Liu et al., 2024d; Chen
et al., 2024; Ye et al., 2025; Meituan et al., 2025;
Liu et al., 2026). However, compared with holis-
tic multi-modal perception, effectively leveraging
omni-modal information in complex scenarios re-
mains a central challenge (Liu et al., 2024c; In-
clusion et al., 2025; Liu et al., 2024a). For ex-
ample, Baichuan-Omni (Li et al., 2024) adopts a
specialized audio—visual alignment procedure via
SFT, and Qwen3-Omni (Jin et al., 2025) applies
GRPO to enhance collaboration among the three
modalities. These models, however, mainly focus
on aggregating multiple modalities and largely ig-
nore fine-grained cross-modal alignment, which
severely limits their overall reasoning performance.
To bridge this gap, we formulate cross-modal coref-
erence alignment as a core problem, requiring mod-
els to establish correct correspondences for the
same referent across modalities and offering a new
perspective for improving the overall performance
of Omni-LLMs.

Omni-Modal Dataset The omni-modal dataset
aims to enhance the capabilities of Omni-LLMs
across diverse modalities. From a broader per-
spective, however, mainstream evaluation of Omni-
LLMs still predominantly relies on single-modality
benchmarks (Rein et al., 2024; Wang et al., 2025;
Liu et al., 2025a), such as MMMU (Yue et al.,
2024) for image understanding and MMLU (Wang
et al., 2024) for text comprehension. In paral-
lel, many works have been proposed to probe uni-
modal reasoning capabilities (Yizhi et al., 2025;
Xing et al., 2025). For example, DailyOmni (Zhou
et al., 2025) targets audio and visual reasoning in
everyday scenarios, and WorldSense (Hong et al.,
2025) focuses on assessing collaborative under-
standing and reasoning over omni-modal inputs.
While these datasets are effective for measuring
overall unimodal or holistic omni-modal perfor-
mance, they typically do not isolate the key step of
cross-modality coreference alignment, which lim-
its their ability to diagnose why unimodal success
does not translate into reliable omni-modal reason-
ing. To fill this gap, we introduce CROSSOMNTI, a
dataset that explicitly targets source-to-target coref-
erence alignment, enabling systematic analysis of

cross-modal coreference failures, as well as provid-
ing training data to improve cross-modal corefer-
ence alignment.

B Experimental Details

B.1 Task Classification Details

We construct three single-modality coreference
tasks and six cross-modality coreference tasks. For
cross-modality coreference tasks that involve audio
and text, we use the visual modality as an anchor to
ground the referent and connect modalities through
person-centric alignment. The details of each task
are as follows:

Single-Modality Coreference Tasks.

» Audio-only (Au). Understanding speech con-
tent and audio characteristics.

» Visual-only (Vi). Visual understanding, includ-
ing actions, attributes, spatial reasoning, and
counting.

» Text-only (Te). Factual information from text,
such as birthplace, career, education, and re-
lated attributes.

Cross-Modality Coreference Tasks.

» Audio— Vision (Au— Vi). Identify the person
from the audio and answer about their visual
information.

» Audio—Text (Au—Te). Identify the person
from audio, ground via a visual anchor, then
answer textual facts.

» Vision—Audio (Vi—Au). Identify the person
from visual cues and answer about speech tran-
scription or audio characteristics.

» Vision—Text (Vi—Te). Identify the person
from visual cues and answer textual facts.

» Text—Audio (Te—Au). Identify the person
from the text, ground via a visual anchor, then
answer speech transcription or audio character-
istics.

» Text— Vision (Te—Vi). Identify the person
from the text and answer about the visual infor-
mation.

B.2 Training Details

We use both SFT and GRPO training to enhance
cross-modal coreference capability. For SFT, we
perform LoRA fine-tuning with rank 16 and o =
32, using a learning rate of 1 x 107>, a batch size of
32, and 1 training epoch. For GRPO, we initialize
the policy from the SFT checkpoint and sample
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982 instances from the training set, ensuring that
each modality has a similar number of examples.
We use a learning rate of 5 x 1075, a batch size
of 16, a rollout number of 4, and 1 GRPO epoch,
with Qwen3-Next-80B-A3B-Instruct (Yang et al.,
2025a) as the reward model.

B.3 Datasets on Ablation Study

‘We conduct ablation studies on three omni datasets,
and the detailed descriptions are as follows:

Daily-Omni: Daily-Omni (Zhou et al., 2025) is
an audio-visual multiple-choice QA benchmark tar-
geting temporally aligned cross-modal reasoning
in daily-life scenarios. It contains 684 videos and
1,197 QA pairs, with clips segmented into 30 s or
60 s to probe temporal understanding under differ-
ent context lengths. The questions are grouped into
six task types, all designed to require integrating
audio and visual evidence rather than relying on a
single modality.

WorldSense: WorldSense (Hong et al., 2025) is a
real-world omni-modal video understanding bench-
mark that evaluates models with jointly provided
video and audio, emphasizing strong audio-visual
coupling such that removing either modality de-
grades answerability. It contains 1,662 audio-visual
synchronized videos with 3,172 multiple-choice
QA pairs spanning 26 distinct tasks.

AVUT: AVUT (Yang et al., 2025¢) is an audio-
centric video understanding benchmark designed to
evaluate auditory understanding and audio-visual
interactions, while containing sufficient audio-
visual cross-modality tasks. It includes 2,662
YouTube videos covering 18 audio-centric domains
and 11,609 QA pairs over 8 tasks, with an aver-
age duration of 67.8 seconds. We choose the AV-
Human as the test set.

B.4 Human Verification

We provide details of the human verification pro-
cedure used in data construction. Five college stu-
dents are recruited to verify the quality of the an-
notations. For audio characteristics, each clip is
annotated with a set of labels (e.g., voice quality,
pitch, emotion), and we treat human labels as the
reference. We treat a label as an error if it is pre-
dicted by the auto-labeling system but absent from
the human annotations, and we measure agreement
as the proportion of automatically predicted labels
that are also present in the human-labeled set. For

video descriptions, we check whether the generated
descriptions are inconsistent with the video content
using a binary label (True/False). For textual bi-
ographies, we verify whether there is any inappro-
priate or illegal content, again with a binary label.
For questions, we verify each question against the
answer that is supported by the evidence, also using
a binary label.

B.5 Further Discussion on the Main Results

From Table 5, we draw the following observations:

1. Model size helps, but is not sufficient.
Larger models generally perform better, but
scale alone does not determine performance.
For example, a smaller model can outperform
a larger one (e.g., Qwen2.5-Omni-3B vs. Ola-
7B), suggesting that training data and model
design are at least as important as parameter
count.

2. Architecture, especially the audio encoder,
is critical. Models equipped with stronger
Whisper variants tend to achieve substan-
tially better results. This is consistent with
the fact that MiniCPM-o builds on Whisper-
medium, whereas Qwen2.5-Omni adopts
Whisper-large-v3.

3. The training paradigm also matters.
“Thinking”-enhanced omni variants (e.g.,
Qwen3-Omni-Thinking) exhibit stronger rea-
soning ability and better cross-modal align-
ment, indicating the value of explicit
reasoning-oriented training.

4. Data scaling is essential. Increasing
alignment-focused training data consistently
improves both SFT and GRPO in our experi-
ments, underscoring the importance of suffi-
cient and well-curated supervision signals.

Overall, strong cross-modal alignment appears to
require not only sufficient model capacity, but also
a high-quality audio front-end, explicit reasoning
training, and adequate training data.

B.6 Detailed Results on CoT and ICL

The detailed results of Chain-of-Thought prompt-
ing and In-Context Learning are reported in Ta-
ble 11 and Table 12. Most models benefit from
In-Context Learning, with only two exceptions:
Qwen2.5-Omni-3B shows degraded performance,
potentially due to limited instruction-following
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ability, and Qwen3-Omni-Thinking also underper-
forms, likely because it relies more heavily on its
internal thinking patterns rather than externally pro-
vided demonstrations. The consistent advantage of
in-context exemplars over a model’s native “think-
ing” behavior further suggests that the primary bot-
tleneck of current omni-LLMs lies in the lack of
effective coreference-aware thinking patterns for
cross-modality coreference alignment.

C Case Study

To illustrate the effect of coreference-aware think-
ing patterns of training, we provide a CoT case in
Figure 6 and two cases after training in Figure 7
and Figure 8.

D Prompts Details

For reproducibility, we show the prompts in Ta-
ble 13-Table 18, which consist of data annotation,
in-context learning, and GRPO.
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Audio-centric Text-centric Visual-centric

Model Overall
Au Au—Te Au—Vi Te Te—Au Te—Vi Vi Vi—+Au Vi—Te
Baichuan-Omni 37.70  29.60 26.20 56.28  26.25 27.71 3222 21.74 27.80 31.24
Humanomni 33.23  41.09 46.96  54.88  31.56 45.45 56.07  31.30 39.00 41.53
M2-Omni 44.73  37.36 3291  73.02 28.12 46.32 53.14  31.30 54.05 43.19
Ming-Omni 33.87  41.09 48.24  64.65 36.88 53.68 60.25  36.52 48.26 45.95
MiniCPM 36.42  37.93 28.11 76.28  28.44 35.50 49.79  24.35 51.35 39.67
Ola 49.52  48.56 44.73  56.74  40.94 48.92 54.39  37.39 47.88 47.41
Omni-rl 40.26  44.25 37.38 86.98  36.25 55.41 63.60  39.57 64.86 50.20
OmniVinci 53.04  56.03 56.55  56.28  42.50 47.62  60.67 34.35 42.47 50.20
Qwen2.5-Omni-3B 44.09  42.53 42.81  50.23  37.81 4892 66.11  33.91 39.38 44.57
Qwen2.5-Omni-7B 43.77  46.26 37.70 83.26  36.56 55.84 63.18  37.39 58.69 49.84

Qwen3-Omni-30B-Cap 51.95  53.05 44.60  52.56  46.25 48.14  50.13  44.78 49.34 49.01
Qwen3-Omni-30B-Ins  55.46  53.33 4748  64.65 45.31 50.74  54.31  45.65 59.38 52.58
Qwen3-Omni-30B-Thk  63.77  69.14 59.62  74.88  57.50 62.86 63.10  52.17 69.42 63.52

Average

- 45.22  46.17 42.56  65.44  38.03 48.24 5592  36.19 50.15 46.83

Table 11: Performance of different models across modalities via Chain-of-Thought. The Au, Te, and Vi are
the abbreviations of Audio, Text, and Visual, respectively; X—Y denotes source-to-target modality (e.g., Au—Te:
Audio-to-Text).

Audio-centric Text-centric Visual-centric

Model Overall
Au  Au—Te Au—Vi Te Te—Au Te—Vi Vi Vi—Au Vi—Te
Baichuan-Omni 36.42  50.29 46.65 64.65  43.12 45.45 45.61  41.74 49.81 46.64
Humanomni 42.17  44.25 58.47  60.47  38.44 46.75 61.92  41.30 49.03 48.62
M2-Omni 42.49  48.28 53.04 7256  45.94 48.92  52.72  47.39 53.67 50.93
Ming-Omni 45.69  54.60 58.47 81.86 41.88 59.74 67.36  47.39 54.44 55.71
MiniCPM 45.05  52.87 49.84 80.47 39.38 52.38 47.70  37.39 54.83 50.36
Ola 47.28  55.17 48.56  58.60  45.00 51.08 52.30  39.57 51.35 49.80
Omni-rl 47.92  65.23 60.06 94.88  43.75 61.47 62.34  44.78 69.50 60.09
OmniVinci 48.56  53.45 52.72 51.63  46.56 55.41 56.07  38.70 41.70 49.51
Qwen2.5-Omni-3B 35.46  39.08 38.98 67.44 28.44 36.80 37.66 31.30 40.54 38.78
Qwen2.5-Omni-7B 43.77  58.05 53.35  78.14  40.00 53.68 57.32  40.43 62.55 53.40

Qwen3-Omni-30B-Cap 59.94  64.83 55.14  63.26  50.94 54.63  51.80  52.17 64.40 57.60
Qwen3-Omni-30B-Ins  61.53  65.11 56.74  66.98  55.94 60.26  53.47  50.00 66.72 59.75
Qwen3-Omni-30B-Thk  59.30  68.56 64.73  68.37  55.62 61.99 63.10 55.65 69.81 62.99

Average

- 47.35  55.37 53.60 69.95 44.23 52.97  54.57 43.68 56.03 52.63

Table 12: Performance of different models across modalities via In-Context Learning. The Au, Te, and Vi are
the abbreviations of Audio, Text, and Visual, respectively; X—Y denotes source-to-target modality (e.g., Au—Te:
Audio-to-Text).
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>
Speech | I
- Do you hurt anywhere else? - Not right now. - But you used to hurt?
Text Information
Chase was born in 1985 in a small, rural town in Vermont. ...... 2015, he was involved in a serious car accident
that left him with a severe spinal injury...... Iris was born in 1987 in a bustling urban neighborhood in
Chicago. ...... When Chase was involved in the car accident, Iris was by his side every step of the way. She
became his primary caregiver......
Question
what are the voice attributes of the person who experienced the car accident?
A. male voice, sad, raspy, and quiet
B. female voice, calm, quiet, and soft
C. male voice, calm, deep, and loud
D. female voice, loud, and emotional

Answer

To solve this problem, we analyze the voice attributes of the person who experienced the car accident (Chase)
using the video, text, and provided options.

Step 1: Identify the Subject

From the additional context, Chase is the character who suffered a car accident (leading to a spinal injury). In the
video, the patient in the hospital bed (representing Chase’s experience) engages in dialogue with others.

Step 2: Analyze Voice Characteristics in the Video

The most relevant audio segment involves a patient in the hospital bed speaking. Key observations:

Gender: The voice is distinctly female (higher pitch, softer tonal quality typical of a young girl struggling to
communicate).

Tone: The delivery is calm and quiet, not agitated, loud, or emotionally charged. The tone is measured and gentle,
reflecting vulnerability without distress.

Intensity: The speaker’s volume is quiet and soft, with no harshness or raspiness, aligning with her physical and
psychological state (post-accident recovery).

Step 3: Evaluate the Options

Option A: Male voice, sad, raspy, and quiet -> Incorrect (voice is female, not male).

Option B: Female voice, calm, quiet, and soft -> Matches exactly (female gender, calm tone, quiet volume, and
soft delivery).

Option C: Male voice, calm, deep, and loud -> Incorrect (voice is female, not male; volume is quiet, not loud).
Option D: Female voice, loud, and emotional -> Incorrect (voice is quiet, not loud, and lacks overt emotion).
Conclusion

Based on the video’s audio and contextual clues, only Option B accurately describes the voice attributes of the
person who experienced the car accident.

Answer: B

Correct Alignment Process

<Reasoning Details>:

1.The question refers to the person who experienced a car accident, which the biography explicitly identifies as
Chase. His accident in 2015 left him with a spinal injury, altering his physical and psychological state.

2. Two individuals are present in the scene: a woman lying on the bed and a man seated in a chair. Chase
corresponds to the man seated in the chair.

3. Chase asks, “Do you hurt anywhere else?” and “But you used to hurt?”, a calm, measured inquiries.

<Final Answer>:

male voice, calm, deep, and loud.

Figure 6: Case study on text—audio task via Qwen3-Omni-30B-A3B-Thinking via CoT. The green denotes
important information, the blue denotes the right choice, and the red denotes the error rationales. The model fails to
establish the correct bridge between the textual information (the person who experienced the car accident is a man)
and the visual information (the man is sitting on the chair), and therefore cannot answer the question correctly. The
correct process should first identify Chase in the text and extract that this person is a man, then locate his position in
the video, and finally link his speech in the audio.

26445



Speech |||'||'|'

I remember you, Detective Raglan.

Listen, I..

We need to talk about your mother's case.

There's something you don't know.

Text Information

Beckett was born in 1985 in the coastal city of Wilmington, North Carolina, to a family of
artists and educators. ...... Raglan was born in 1972 in the bustling city of Mumbeai, India, to
a family of modest means. ......

Question

What are the voice attributes of the person with blonde hair?

A. female voice, calm, thick, and loud volume

B. male voice, calm, thick, and soft volume

C. female voice, calm, hoarse, and soft volume.

D. male voice, calm, hoarse, and soft volume

Answer

<think>

The question asks about the voice attributes of the person with blonde hair. From the text, the
dialogue reveals a conversation between two individuals: one with blonde hair and another
with gray hair. The blonde-haired individual is the one speaking the first line, "I remember
you, Detective Raglan." This line is delivered in a calm, soft voice, as indicated by the
question description of the voice as "calm, soft volume." The blonde-haired person is a
woman, as the text biography for Beckett states she was born in 1985 in Wilmington, North
Carolina, and was the eldest of three siblings. Her mother, a former schoolteacher, and her
father, a sculptor, shaped her into a thoughtful and introspective individual. Beckett’s
personality is described as someone who listens more than she speaks, with a serious
expression during conversations, reflecting her thoughtful nature.

So, the voice attributes of the person with blonde hair are:

- Female voice - Calm - Soft volume

Therefore, the final answer is: C. female voice, calm, soft volume

</think>

<answer>

The final answer is: C

</answer>

Figure 7: Case study on visual—audio task via Qwen2.5-Omni-7b after training. The blue option denotes the right
choice.
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Video

Speech l||'||'|'

Sorry, we were just about to hit the floor.

Thank you.

Your leg?

I'm okay, as long as you don't expect rhythm.

You remember the last time we danced

Med school. The week we met.

Text Information

Dr. Gregory House was born in 1960 in New York City ....... His education at Princeton
University and later at the University of Chicago Medical School solidified his reputation as a
brilliant but socially awkward physician....... Jordan: Born in 1985 in Tokyo, Japan, Jordan
grew up in a modest family where her parents worked in the fashion industry. From an early

Question
what medical school did the person attend who said 'med school. the week we met'?

A. university of tokyo medical school
B. university of mumbai medical school
C. princeton university medical school
D. university of chicago medical school

Answer

<think>

Based on the video and text information, the person who said \"med school the week we met\"
is Dr. Gregory House, as indicated by the text. House is described as a character from the
video who is wearing a white wig and a black coat, and he is interacting with a woman in a
blue dress. The text also mentions that House attended the University of Chicago Medical
School, which aligns with the information provided. Therefore, the correct answer is D.
university of chicago medical school.

</think>

<answer>

D

</answer>"

Figure 8: Case study on audio—text task via Qwen2.5-Omni-3b after training. The blue option denotes the right
choice.
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Audio Annotation

Is the voice smooth?
Is the voice rough?
Is the voice nasal?
Is the pitch high-pitched?
Is the pitch low-pitched?
Does the speech sound happy?
Does the speech sound angry?
Does the speech sound calm?

Single Video Frame Annotation
Describe the sequence of images in a detailed and continuous narrative, focusing on the following key aspects:
1. People: a.Describe the individuals in each image (clothing, appearance, expressions, body language). b.Track any changes
in their appearance or actions across images.

2.Background and Environment: a.Include detailed descriptions of the setting (e.g., buildings, nature, objects). b.Provide
spatial context (left, right, foreground, background). c.Mention any visible objects and their interaction with people.

3.Sequence and Time: a.Follow a chronological order, indicating how the scene evolves. b.Ensure the narrative flows
naturally, showing changes over time. c.Do not descibe this image by image.

Make sure the description is rich in detail, including both human and environmental elements, while maintaining clarity and
coherence

Multiple Video Frames Combination
You will receive an overall description of a video along with descriptions of individual segments of the video. Your task is to
integrate these into a comprehensive and detailed description. Follow the rules below:
1. **QOverall Video Description**: This description provides the general background, theme, and main content of the video.

2. **Segment Descriptions**: These provide detailed descriptions of each segment of the video, which may contain specific
events or scenes.

Please generate the final, complete description as follows:

- Integrate the overall description with the individual segment descriptions, ensuring the final output covers all aspects of the
video.

- If there are any inconsistencies between the overall description and the segment descriptions, ignore the inconsistent parts
and only retain the consistent and accurate information.

- The final description should be coherent, and events should be presented in chronological order, ensuring a logical flow
throughout.

Person Description

There is a video with one person is speaking. Please describe the {external knowledge} in detail who is speaking, including
characteristics and clothing.

1.Do not describe the background.
2.0nly output the {external knowledge}.
3.Use ’{external knowledge}’ as the beginning.
4.If there is no person speaking, directly output <failure>.

Text Biography Generation
Please generate detailed biographies for the following characters based on their provided background information (name +
apparel). For each character, create a unique and detailed life story, highlighting their experiences, relationships, challenges,
and achievements, including but not limited to:
1. **Place of birth and upbringing**: Where they were born and raised, family environment, education background, etc.
2. **Significant life events**: Major life events or turning points that shaped their life.
3. **Career and achievements**: Their career path, important achievements, and contributions.
4. **Relationships**: Key relationships with others, such as family, friends, enemies, or partners.
5. **Personality and psychological development**: Their personality traits and any psychological or emotional growth.
Ensure the biography covers all provided background details, and the name used in the biography must match the one
provided.
The format is: Name + Biography.
<background information>:

Table 13: Prompt for modality annotation.
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Audio Double Check

Analyze the descriptions and identify any audio that stands out due to unique features such as:
1.Gender: Unusually male or female voice.
2.Emotion: Distinct emotional tone (e.g., anger, sadness).
3.Audio Quality: Notable differences in speed, pitch, or volume.
4.0Other Unusual Traits: Background noise, interruptions, etc.
If there are any audio is different, output this name(s) with the distinct feature and briefly explain what makes it different.
The format is: <name + order> + <distinct feature> + <reason>.
If all the descriptions are similarly, output <failure>.

Video Double Check: Video Description
Describe the video in a detailed and continuous narrative, focusing on the following key aspects:

1. People: a.Describe the individuals in each image (clothing, appearance, expressions, body language). b.Track any changes
in their appearance or actions across images.

2.Background and Environment: a.Include detailed descriptions of the setting (e.g., buildings, nature, objects). b.Provide
spatial context (left, right, foreground, background). c.Mention any visible objects and their interaction with people.

Make sure the description is rich in detail, including both human and environmental elements, while maintaining clarity and
coherence

Video Double Check: Double Check

You are a strict Video Description Consistency Checker. You will be given two texts, description] and description2, which
are upposed to describe the same video. Your job is to determine whether they are consistent at the core factual level. If
there is any fundamental mismatch, output exactly failure. Otherwise output exactly pass.

Definition of Fundamental Conflict (any one = failure):

1) People conflicts: significantly different number of main people; clearly contradictory identity/type (e.g., adult man vs.
child girl); mutually exclusive key actions/events (e.g., driving vs. cooking at a desk).

2) Background conflicts: clearly different main scene type (e.g., kitchen vs. highway); strongly contradictory environment
(e.g., heavy rain outdoors vs. quiet indoor office); incompatible main objects/interactions.

3) Narrative conflicts: overall story/sequence cannot reasonably align as the same video; descriptions refer to different
scenarios/storylines.

Allowed Differences (do NOT count as fundamental conflicts):
1) Different level of detail (one richer, one concise).
2) Minor omissions or reordering without contradicting main events.

3) Small secondary-detail differences (e.g., unmentioned background object, ambiguous colors/positions) when core
people/setting/actions match.

Person Double Check
Analyzes the consistency of descriptions for each name and outputs whether they are correct or not.
Rules:

1. If the same name has multiple completely different descriptions, choose the description that appears most frequently as
the final description.

2. If any description contains terms like 'failed’, ’cannot describe’, or anything that indicates the description is not valid,
directly output <Failed>.

3. If different names have the same description (roughly similar), directly output <Failed>.
4. If there no failed casess, output the name and its description. The format is: name + description.

Table 14: Prompt for modality annotation double check.
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QA Generation
Design a question where the model infers **factual description** from **visual actions**, using the following information:
- **Qverall Descriptions**
- **person biography**
- **object biography**
Consider these aspects:
1. **Visual Actions**:
- These include body language, gestures, and facial expressions.
2. **Factual description**:
- These refer to stated details such as names, dates, locations, occupations, and major life events (e.g., education, career
milestones, relationships).
Design a question to infer **factual description®** from **visual actions**.
If you cannot design an appropriate question, directly output “<failure>".
QA Double Check: Unique

Task: Read the Question, the text biography. The Question ask somethings about a person or a object. Your job is to find the
exact name(s) of the character(s) in the visual description who satisfy the description.
Input:
Question: {question}
Visual description: {video des}
Person description: {person des}
Output whether only one the person or object who match the description in the Question.
Output: yes or no

QA Double Check: Answerable
Task: Read the Question, the Answer, the text biography, the Person description, the Visual description. Your job is to
determine whether this Answer is correct based only on the provided Context.
Input:
Question: {question}
Answer: {answer}
text biography: {person biography}
Visual description: {video des}
Person description: {person des}
Rules:
(1) You should first indentify the person or object according to the question, visual description.
(2) Secondly, you should extract the name of the person according to the person description or object according to the visual
description.
(3) Thirdly, you should find this person in text biography or object in object biography.
(4) Then, you should answer this question based on the biography.
(5) Finally, you should compare the similarity between two answers and determine whether the answer can be correct to this
quesiton.
Output:
correct or non-correct.

Option Generation

Task: Read the Question, the Answer, the text biography, the Person description, the Visual description. Your job is to
determine whether this Answer is correct based only on the provided Context.
Input:
Question: {question}
Answer: {answer}
text biography: {person biography}
Visual description: {video des}
Person description: {person des}
Rules:
(1) You should first indentify the person or object according to the question, visual description.
(2) Secondly, you should extract the name of the person according to the person description or object according to the visual
description.
(3) Thirdly, you should find this person in text biography or object in object biography.
(4) Then, you generate other three <incorrect answer>, the answer can be obtained from the biography or not from.
(5) Finally, you should ensure the <incorrect answer> are wrong for this question.
Output:
<incorrect answer>: Xxx
<incorrect answer> XXx
<incorrect answer> XXx

Table 15: Prompt for QA generation. We use the visual—text questions in visual actions as a case study.
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QA Generation
Task:
You will produce detailed step-by-step reasoning (“Reasoning Details”) that explains and leads to the correct Answer.
Very important constraints:
- You must pretend that ALL useful information comes ONLY from:
(a) what is seen in the video (visual content), and
(b) what is known from the biographies (person biography and object biography).
- You may explicitly refer to the Question and to the person/object biographies.
- You may internally use the Visual description and Person description to help you reconstruct what could be seen in the
video
and how it connects to the biographies, but you MUST NOT mention or imply that you used any descriptions, text, metadata,
or annotations as special inputs.
- You MUST NOT say that the Answer was given to you in advance.
- You secretly know the correct Answer from the input, and your reasoning must naturally lead to exactly this Answer,
but it should look like you inferred it only from watching the video and reading the biographies.
Inputs:
- Question: {question}
- Answer: {answer}
- text biography: {biography}
- Visual description: {video des}
- Person description: {person des}
Interpretation Rules:
1) You MUST act as if all visual information (who/what appears, appearance, position, actions, environment, etc.) comes
directly from watching the video. 2) You MUST act as if all background/identity information about people comes from the
person biography.
3) You MUST act as if all background/identity information about objects comes from the object biography.
4) The Visual description and Person description are only internal tools to help you reconstruct what WOULD HAVE BEEN
seen in the video and how it connects to the biographies. Do not mention or allude to them.
5) In your reasoning, always frame information as observations from:
- watching the video, and
- reading the relevant biography (person or object).
Reasoning Details Rules:
1) First, determine whether the Question is about a person or an object, and identify which specific person or object it refers
to, as if you are using only the video content (internally you may rely on the Visual description, but never mention it).
2) Second, if the Question is about a person, infer their name and identity as if you know it from the person’s biography
(internally using the Person description + person biography); if it is about an object, infer its identity/type as if you recognize
it from the video and the object biography.
3) Third, match this person to the person biography, or this object to the object biography, and explain how their background
or properties are relevant to the Question.
4) Then, using the relevant biography information (person or object) together with what is seen in the video, logically derive
and justify the correct Answer step by step. Make the reasoning explicit and multi-step, not just one short sentence.
5) Your final conclusion MUST exactly match the hidden Answer above, but you MUST NOT reveal that this Answer was
given to you.
6) The Reasoning Details must be entirely in English.
Output format:
<Reasoning Details>:
Your step-by-step reasoning here
<Final Answer>:
State the final answer here, matching the hidden Answer

Table 16: Prompt for CoT generation. We use the visual—text questions as a case study.
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In-Context Learning
Answer the question based on the video and the text information in options A/B/C/D.
You are REQUIRED to first think step by step and write out your reasoning, and THEN give the final answer.
You MUST strictly follow this output format:
<think>
Your detailed step-by-step reasoning in natural language. Explain how you identify the person or object from the question
and video, describe its visual appearance, find the Additional Information using that description, and then use the Additional
Information to choose the correct option.
</think>
Final answer only: A/B/C/D
Here are the rules you MUST follow:
(1) Carefully read the question and observe the video. First, use them to identify the person or object mentioned in the
question.
(2) Secondly, describe the visual appearance of this person or object in the video.
(3) Thirdly, find the Additional Information about this person or object according to the visual description.
(4) Then, answer the question based on the Additional Information.
(5) All identification, description, retrieval of Additional Information, and reasoning steps MUST be written ONLY inside
the <think> section.
(6) Outside the <think> tags, you MUST output ONLY the final answer (for example, just “A”, “B”, “C”, or “D”) with no
extra words, no explanation, and no additional text.
(7) Do not output anything before <think> or after the final answer. Follow exactly this structure:
<think> ... </think>
A/B/C/D
If you do NOT follow this format, your answer will be considered incorrect.

Table 17: Prompt for in-context learning. We use the visual—text questions as a case study.
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Contextual Consistency
You are assessing how well the "hypothesis’ text covers the key information from the 'reference’ text. Differences in wording
or extra details in the "hypothesis’ are fine if the "reference’s” main points are included.:
Score based on this coverage:
5 points : Hypothesis clearly and accurately reflects significant core themes or key aspects of the reference. It demonstrates
a good understanding of a substantial part of the reference material.
4 points : Hypothesis reflects some important themes or aspects of the reference. The connection is evident, though perhaps
not as comprehensive or central as a 5.
2 points : Hypothesis shows a recognizable connection to themes or aspects of the reference, but it might be more superficial,
focus on less central points, or only partially grasp a key aspect.
1 points : Hypothesis has a tenuous or very limited connection to the reference. It might touch on a peripheral detail or a
heavily reinterpreted aspect, but largely misses the main substance.
0 points : Hypothesis does not reflect any significant themes or key aspects of the reference, or is on a completely different
topic.
Example analysis process:
Identify main themes and key aspects in 'reference’. Determine if "hypothesis’ connects to or discusses any of these
themes/aspects from ’reference’.
Judge the strength and relevance of this connection. Is a core part of the 'reference’ reflected?
Differences are expected; evaluate if the hypothesis’ still meaningfully reflects some key part of the 'reference’.
Assign score based on how well a significant aspect is reflected.
reference: {reference}
hypothesis: {hypothesis}
only return the score number:

Logical Coherence

Please evaluate whether the reasoning path performs effective cross-modal reasoning from visual video content to text
(Additional Information), and give a score from O to 3.
Scoring criteria (1 point for each satisfied item):
1. Question-guided visual localization (1 point): The reasoning interprets the question and uses it to identify and localize the
relevant person/object in the video, including describing its visual appearance, rather than directly searching the text.
2. Text retrieval via visual description (1 point): Using this visual description, the reasoning explicitly finds the corresponding
Additional Information about this person/object in the text (e.g., matching name or described appearance), clearly linking
video appearance to a specific text entry.
3. Answer grounded in retrieved text (1 point): The reasoning then uses the retrieved textual Additional Information as
the key evidence to select the final option A/B/C/D, with the answer clearly supported by that text and without major
unsupported assumptions or contradictions.
Scoring rule:
- Award 1 point for each criterion that is clearly satisfied.
- The final score is an integer from O to 3.
reasoning path: {hypothesis}
Only return the score number (an integer from O to 3):

Table 18: Prompt for GRPO. We use the visual—text questions as a case study.
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