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Abstract

Multimodal Emotion Recognition (MER) is
critical for interpreting real-world interac-
tions. While Multimodal Large Language Mod-
els (MLLM) have shown promise in MER,
their internal decision-making mechanisms un-
der modality conflict and missingness remain
largely underexplored. In this paper, to sys-
tematically investigate these behaviors, we in-
troduce EmoMM, a comprehensive benchmark
featuring modality-aligned, conflict, and miss-
ing subsets. Through extensive evaluation, we
uncover a Video Contribution Collapse (VCC)
phenomenon, where MLLM marginalize video
evidence due to high token redundancy and
modality preferences. To address this, we pro-
pose Conflict-aware Head-level Attention Steer-
ing (CHASE), a lightweight mechanism that de-
tects modality conflicts and performs inference-
time attention steering, effectively mitigating
decision bias without retraining the backbone.
Experimental results demonstrate that CHASE
consistently improves performance across vari-
ous settings, significantly enhancing the relia-
bility of MLLM in complex affective scenarios.

1 Introduction

Multimodal Emotion Recognition (MER)(Lai et al.,
2023; Yin et al., 2024) aims to infer affect by
jointly modeling text, visual behaviors, and acous-
tic prosody to better capture emotions in real-world
interactions, supporting a wide range of applica-
tions such as education(Yan et al., 2025; Li et al.,
2025), mental health(Sadeghi et al., 2024; Xu et al.,
2025b), and conversational systems(Kovacevic¢
et al., 2024; Fu et al., 2025b). Real-world multi-
modal signals are often incomplete and sometimes
contradictory, Figure 1(a) illustrates a conflict sam-
ple: the text conveys an affectionate sentiment and
the vocal cues are subdued, while the speaker’s
reddened eyes and trembling lips clearly reveal
sadness and distress.
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Figure 1: Overview of modality conflict in MER and our
study. (a) A conflict sample. (b) The Video Contribution
Collapse (VCC) phenomenon and our Conflict-aware
Head-level Attention Steering (CHASE).

Recently, the multimodal large language model
(MLLM) (OpenAl, 2024; Gemini Team, 2024; Chu
et al., 2024; Xu et al., 2025a; Fu et al., 2025a;
Zhang et al., 2023) paradigm has advanced rapidly,
enabling unified cross-modal reasoning over video,
speech, and text, and showing strong potential on
MER (Cheng et al., 2024a; Lian et al., 2025; Fang
et al., 2025; Zhang et al., 2025). Recent work
has begun to study robustness under conflict and
missing-modality settings, by developing targeted
evaluations and mitigation strategies that diagnose
and reduce modality bias in MLLM(Han et al.,
2025; Guo et al., 2024; Pipoli et al., 2025). Modal-
ity missingness and modality conflict share a com-
mon abstraction as two complementary degrada-
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tion axes of imperfect multimodal inputs: missing-
ness removes evidence, while conflict introduces
contradictory evidence. When modality evidence
is imperfect, models should dynamically estimate
modality trust and reweight evidence, which is
why we study modality missingness and modality
conflict together. However, current work remains
largely descriptive, while leaving unclear which
internal evidence drives failures or when the deci-
sion process drifts from truly informative cues, so
mechanistic analyses of these behaviors are still
underexplored.

To systematically explain the decision-making
mechanisms of MLLM in MER under modality
conflict and missingness, this paper investigates
three research questions:

*RQ1: To what extent can current MLLM ef-
fectively integrate multimodal evidence to make
decisions under conflict and missing conditions?

*RQ2: Does MLLM exhibit stable modality
preference in MER?

*RQ3: How can such preference be mitigated
to enable more reliable sentiment judgments under
modality conflict and missingness?

To answer RQ1 and RQ2, we first introduce
EmoMM, a multimodal sentiment benchmark with
modality aligned, conflict, and missing subsets, en-
abling a comprehensive evaluation of MLLMs’ ca-
pability and internal mechanisms under modality
conflict and missingness (see Sec. 3). Then, we
evaluate multiple MLLMs on EmoMM and un-
cover a Video Contribution Collapse (VCC) phe-
nomenon (see Sec. 4.2), where video contribution
declines sharply in conflict, as illustrated in Figure
1(b) left. Combining metric-based evidence with
attention analysis, we attribute VCC to the larger
scale and higher redundancy of video tokens, to-
gether with the model’s stable modality preference
(see Sec. 4.3).

To answer RQ3, we propose CHASE
(Conflict-aware Head-level Attention Steering),
a lightweight, conflict-aware router that detects
modality conflicts and then performs inference-
time attention steering, ensuring that three
modalities achieve an ideal attention distribution
via inter-bias while putting more attention on
critical visual tokens via intra-bias (see Sec.5), as
sketched in Figure 1(b) right. Experimental results
show that this mechanism improves overall accu-
racy by 5.43%. Notably, on challenging settings
such as EmoMM-Conflict and EmoMM-Missing,

it achieves accuracy gains of 5.16% and 6.03%
respectively, substantially strengthening sentiment
judgment under modality conflict and missingness.

Our main contributions are summarized as fol-
lows.

¢ A Benchmark: We introduce EmoMM, a
multimodal sentiment benchmark with modality-
aligned, conflict, and missing subsets for compre-
hensive evaluation of MLLM under conflict and
missingness.

* Analysis and Findings: We identify VCC
and relate it to video-token redundancy, low evi-
dence density, and MLLM’s stable modality prefer-
ence.

* Method: We propose CHASE, a lightweight,
conflict-aware router that detects modality conflicts
and performs head-level, inference-time attention
steering.

2 Related Work

2.1 Multimodal Emotion Recognition

Multimodal emotion recognition aims to fuse lin-
guistic, acoustic, and visual signals to understand
emotion. Early approaches predominantly relied on
explicit fusion strategies, such as feature-level and
tensor-level fusion (Baltrusaitis et al., 2019; Lai
etal., 2023; Ngiam et al., 2011; Zadeh et al., 2017).
With the rapid advancement of deep learning, re-
search has gradually shifted toward attention-based
fusion paradigms, among which cross-modal inter-
action modeling with Multimodal Transformers has
emerged as a mainstream solution (Lai et al., 2023;
Tsai et al., 2019). Most recently, this line of work
has been further propelled by MLLM. General-
purpose omni models enable unified audio—video—
text interaction, such as GPT-5 (OpenAl, 2025),
Qwen2.5-Omni (Xu et al., 2025a), VITA-1.5 (Fu
et al., 2025a), and MiniCPM-o 2.6 (OpenBMB,
2025).

Beyond general-purpose capabilities in MER,
the robustness and reliability of MLLM under
modality conflict and missingness remains under-
explored. MoSEAR introduces a conflict-aware
benchmark (CA-MER), diagnoses systematic au-
dio over-reliance in conflict cases, and proposes
modality-specific experts with inference-time atten-
tion reallocation for rebalancing (Han et al., 2025).
For missingness, prompt and retrieval augmented
approaches have been explored, and MissRAG fur-
ther improves robustness via multimodal retrieval
and modality-aware prompting (Guo et al., 2024;
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Figure 2: Overview of the EmoMM benchmark. Left: subset split of EmoMM into EmoMM-Align, EmoMM-
Conflict, and EmoMM-Missing. Right: example instances illustrating the three subsets

Fan et al., 2024; Pipoli et al., 2025). To bridge
the gap that a comprehensive understanding of
how MLLM behaves under modality conflicts and
missingness in MER remains limited, we propose
EmoMM, which provides a unified benchmark for
systematically evaluating and analyzing MLLM
under modality conflict and missingness.

2.2 Multimodal Emotion Recognition
Datasets

Progress in multimodal emotion recognition has
been driven by a series of benchmark datasets. In
English, mainstream datasets include IEMOCAP
for dyadic dialogue emotion recognition (Busso
et al., 2008); CMU-MOSI focusing on video-level
subjective sentiment intensity (Zadeh et al., 2016)
and its large-scale extension CMU-MOSEI, which
covers a richer set of speakers and content (Zadeh
et al., 2018); and MELD, which targets multimodal
emotions in multi-speaker conversations (Poria
et al., 2019). In Chinese, CH-SIMS innovatively
provides independent single-modality annotations
that enable the study of cross-modality inconsis-
tency (Yu et al., 2020; THUIAR, 2022; Liu et al.,
2022). Overall, mainstream datasets are predomi-
nantly English, cross-lingual settings remain lim-
ited. To fill the gap that there is a lack of bench-
marks specifically designed for modality conflict
and modality missingness, EmoMM is designed to
systematically evaluate the robustness of MLLM.

3 EmoMM Benchmark

Multimodal affective signals are inherently hetero-
geneous, and real-world applications frequently
encounter both cross-modal conflicts and modal-
ity missingness (BaltruSaitis et al., 2019; Lai et al.,
2023). However, most existing multimodal senti-

ment datasets only provide a unified multimodal an-
notation for each multimodal segment and mainly
assume full-modality inputs (Zadeh et al., 2016,
2018; Poria et al., 2019), making it difficult to sys-
tematically investigate conflict and missingness sce-
narios. To fill this gap, we introduce the multimodal
emotion recognition benchmark EmoMM, which
provides both unimodal and multimodal emotion
annotations, and supports evaluation under both
full-modality and missing-modality inputs.

3.1 Benchmark Construction

EmoMM is built upon two classic datasets, the
Chinese CH-SIMS v2.0 and the English CMU-
MOSI (Liu et al., 2022; Zadeh et al., 2016). We
sample 2,000 instances from each dataset to form
a balanced Chinese—English bilingual benchmark.
CH-SIMS v2.0 natively contains independent uni-
modal and multimodal sentiment labels (Liu et al.,
2022); we adopt its five-class scheme (Nega-
tive (N), Weakly Negative (WN), Neutral (Neu),
Weakly Positive (WP), Positive (P)) (Yu et al.,,
2020), and use stratified sampling to cover typi-
cal cases. The original CMU-MOSI dataset only
provides multimodal sentiment labels (Zadeh et al.,
2016). To unify the annotation format, we map its
labels into the same five-class scheme and select
2,000 samples with a relatively balanced distribu-
tion. Then, to obtain independent unimodal labels
aligned with CH-SIMS v2.0, we recruit five trained
annotators to label each sample under a unimodal-
only visibility setting in the order of Text, Audio,
and Video, to avoid cross-modal information con-
tamination; each annotator assigns -1 (negative),
0 (neutral), or 1 (positive) to each modality, and
we average the five scores and map them to the
five-class labels.
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3.2 Subset Construction

To evaluate MER under varying cross-modal con-
ditions, we partition EmoMM into three subsets
based on the polarity relationship between each
modality and the multimodal label (GT): EmoMM-
Align (all modalities’ polarities are consistent with
the GT), EmoMM-Conflict (at least one modal-
ity’s polarity conflicts with the GT), and EmoMM-
Missing (missing-modality samples constructed by
controlled masking on full-modality samples). Fur-
thermore, EmoMM-Missing is split into EmoMM-
Missing-Align and EmoMM-Missing-Conflict ac-
cording to whether the remaining observed modal-
ities are all aligned with the GT or still contain
conflicts. We visualize the detailed statistics and
provide concrete examples for each subset in Fig-
ure 2.

3.3 Data Statistics and Analysis

We summarize label distributions for GT, Text (T),
Audio (A), and Visual (V) over the five ordered
emotion classes, and quantify pairwise consistency
between any two sources i,j € {GT,T,A,V}
using mapped integer labels y € {0, ...,4}:

1 n n
Cij =1- = Z/E)—yj()

N : (1)
n=1

where N is the number of samples, and ygn) de-
notes the n-th label value in source 7. Cjj = 1
implies perfect agreement, while values closer to 0
indicate larger average ordinal deviations.

From the C;; matrix (see Appendix A.4), we
observe the strongest agreement between GT and
text, suggesting that lexical cues often provide the
most direct signal. The weakest agreement appears
between text and video, which aligns with prior
findings that visual affect can be subtle and context-
dependent (Liu et al., 2022).

4 Understanding Decision-Making
Mechanisms of MLLM under Modality
Conflicts

4.1 Metrics

Performance Shapley Modality Value (PSMYV).
To measure the average marginal contribution of
each modality across all possible modality combi-
nations, we define PSMV inspired by the Shapley
value (Shapley, 1953). Let M = {T, A, V'} be the
full modality set. For any modality subset S C M,

let V(S) denote the model accuracy when only
modalities in S are provided.

PSMV(m) = > ws(V(S)—V(S\{m})>a
meSCM
(IS| = D (M| — |SP!

IM]! '

2
where S\ {m} is the modality subset obtained by
removing modality m from S.

Ground-Truth Aligned Rate (GTAR). To quan-
tify how often the model prediction agrees with the
ground-truth-aligned modality under conflict cases,
we define GTAR. For sample z, let M, C M be
the set of available modalities, 2! be the polarity
of modality m, 27 the ground-truth polarity, and
Z, the model prediction. We first introduce two
binary variables to represent modality alignment
(al') and prediction correctness (cz):
if m € M, and 27" = 257,
otherwise,

3)

if 2, = 257,

L,
Cpx = .
0, otherwise.

We focus on the target-conflict set Sy includ-
ing samples where exactly one available modality
disagrees with the ground truth. Then, for each
modality m € M, GTAR is defined as

>, aycy
TESte

GTAR,, = S 4)
€St
Normalized Mean Attention Score (nMAS).
Let K, denote the token set of modality m. For a
decision query position g, we measure how much
head h at layer £ attends to modality m by

1 h
nMASS = o k;}; AL (5)
where Afl’z is the (softmax-normalized) attention
weight from the query token ¢ to key token k in
head h of layer ¢ (More details about metrics in
Appendix C.1).

4.2 Video Contribution Collapse (RQ1)

To evaluate the multimodal integration ability of
current MLLM under semantic conflict, we con-
duct a differential analysis on EmoMM-Align and
EmoMM-Conflict subsets. In Figure 3 left, the
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Figure 3: Analyses of VCC. Left: Acc of different modality combinations. Medium: PSMV share under the Acc

metric. Right: correlation between nMAS and GTAR.

results show that in EmoMM-Conflict, unimodal
video performance degrades most significantly,
with a drop of 16.0% clearly larger than that of text
(10.4%) and audio (9.8%), suggesting that video
tends to become a weak signal or noise under con-
flicting contexts, making it difficult for the model to
stably extract visual evidence relevant to emotion
recognition. Further, in Figure 3 medium, we ob-
serve that contributions are approximately balanced
across three modalities in EmoMM-Align, whereas
EmoMM-Conflict exhibits a Video Contribution
Collapse (VCC) phenomenon, where the contri-
bution distribution shifts markedly toward text and
audio and the video contribution proportion drops
significantly (from 33.3% to 20.8%). Overall, the
model calls complementary cues from the three
modalities relatively evenly in consistent contexts,
but under conflicts it behaves more like adopting
an evidence-availability strategy: prioritizing more
stable evidence sources, rather than actively mining
explainable arbitration cues from video to correct
other modalities.

4.3 Modality Preference (RQ2)

To investigate the potential causes of VCC, we
further analyze GTAR on EmoMM-Conflict and
EmoMM-Missing-Conflict. The results show a con-
sistent ordering of 7" > A > V (see Figure9(a) in
Appendix C.1), indicating a “cross-context stable”
modality preference. In conflict samples, video
has the lowest GTAR, indicating that even when
video is consistent with the overall emotion and
carries correct emotional cues, the model still tends
not to follow the video modality.

To explore attention-level causes, we introduce
nMAS and analyze its correlation with GTAR. In
Figure 3 right, the results show a significant posi-
tive correlation: when a modality receives higher
attention density per token, it is more likely to be

adopted by the model when serving as the correct
evidence source. Therefore, improving GTAR is
not about simply increasing a modality’s total at-
tention, but rather about enhancing the attention
density and utilization efficiency of its effective
evidence.

However, attention analysis shows that because
the number of video tokens is much larger than
that of text and audio, even if video receives a non-
trivial amount of total attention, its mean attention
density per token (nMAS) remains far lower than
the other two modalities (see Figure 10 and Figure
9(b) in Appendix C.1). In addition, statistics on
the spatial distribution of video attention in con-
flict samples show that attention is often dispersed
across many regions of frames, whereas the truly
critical visual evidence for emotion recognition is
mostly concentrated in local regions such as fa-
cial micro-expressions, gaze, and head pose. Many
video tokens correspond to background or static
areas; such redundant visual tokens consume the
attention budget and reduce effective evidence den-
sity, and are more likely to become noise sources
under conflicting contexts. In summary, we at-
tribute the key factors of VCC to: the larger
scale and higher redundancy of video tokens, which
keeps video at a persistent disadvantage in atten-
tion competition, together with the model’s stable
modality preference.

To validate this hypothesis, we use MediaPipe
to localize the person region and mask background
tokens outside the person, reducing the number of
video tokens to the same order of magnitude as
audio and improving video evidence density. The
results show that the marginal gain of video on
the final prediction turns from negative to positive,
validating the hypothesis (see Appendix C.2).

20355



‘ Output

f

3%  MLLM Backbone

N O
é' - é — Router

Steering Module

——> Router

D plg!
T ﬁ Router

- layer Ir

— Router

% router feature at
layer ¢

shared parameters

P’ conflict probability layer 1

g’ - modality gate over
(TAV)

T

tokens| T A A V V V V

Figure 4: Illustration of the CHASE framework, where
a router identifies conflicts and reallocates attention via
inter- and intra-modality steering.

S CHASE

To mitigate the performance degradation of MLLM
under modality conflict and missingness (RQ3),
we propose CHASE (Conflict-aware Head-level
Attention Steering). CHASE inserts lightweight
modules into a frozen MLLM and reallocates atten-
tion budgets at inference time to reduce decision
bias under modality conflicts.

5.1 Conflict Detection Router

We deploy a lightweight Router on layers ¢ €
{ly,..., L} and tie (share) its parameters across
layers. Let M = {T, A,V} be the full modal-
ity set and M, C M the modalities available for
input z.

Based on the head-wise normalized Modality
Attention Score (nMAS; Eq. (5)), we compute the
per-head modality preference %" (x):

wbh(z) = softmax([nMASﬁ;h(x)]mgM +E(1:)),

(6)
where E(x) serves as a masking term to handle
modality missingness, defined as E,,(z) = 0 if
m € M, and E,,(x) = —oo otherwise. Then
we derive the layer-level preference as 7/(x) =
7 Sy W ().

The input to the Router, denoted as x¢, is de-
signed to capture both the semantic content and
the model’s current attention distribution. At each
layer ¢, the Router takes a feature vector x! =
[hY; h%; h'); hi, ; o], where h{ is the query-

token hidden state and h’, is a mean-pooled modal-
ity summary. For missing modalities m ¢ M, we
seth! = 0.

The Router consists of two lightweight projec-
tion heads (MLPs) that predict:

e Conflict Probability (pf): A scalar estimate
p’ € (0,1) indicating the likelihood that the cur-
rent sample contains cross-modal conflicts at layer
¢

p'=a(wyx' +1b,), (7

where o (-) denotes the sigmoid activation function.

e Predicted Gate (g‘): A probability distribution
over available modalities that reflects the Router’s
estimated trustworthiness:

gl = softmax(ngg + by + E), ®)

where E,,, = 0if m € M, and E
wise.

The conflict label p* is set to 1 if any one uni-
modal label disagrees with the multimodal label
(GT), and 0O otherwise. To teach the Router which
modality to trust, we construct a soft target distri-
bution g*(z). We define the correctness of modal-
ity m as rp, = I(ym = yg). Forall m € M,,
the target weight is computed by normalizing over
available modalities:

= —oo other-

g* _ Tm + €
T Y ke, (T €)

where € > 0 is a smoothing term to prevent zero
probabilities. For missing modalities, g7, is set to 0.
For instance, if audio conflicts with the GT while
text and video align, g* is constructed to suppress
audio and upweight the others.

We freeze the MLLM and optimize only the
Router using a combined objective of binary cross-
entropy for conflict detection and KL-divergence
for gate fitting over layers ¢ € {l,,...,L}:

®

L

£=3 (N Dalg’ &) + 2 BCEG, 1))
0=l
(10)

where A1 and )\ balance the two loss terms.

5.2 Inference-time Attention Steering

We intervene on the mid-to-late layers ¢ €
{ly,..., L}. Atinference time, we run the shared
Router at each layer to obtain (p’,g’) and se-
lect layers by a conflict threshold: £ = {¢ €
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{l,,...,L} | p* > 7}, where 7 is a hyperparame-
ter. For each selected layer £ € £, we further select
conflict-critical heads by

H — TopK,, JSD (wf»h I gf) . an
where JSD(+||-) measures the discrepancy between

the head preference and the Router gate (see Ap-
pendix D.1).

¢ Inter-modality Bias (bfhh): For each selected
head (¢, h) with £ € £ and h € H’, calculate the
target attention distribution mhh by interpolating
the original head preference 7% with the Router
gate g’, using np’ as the effective steering strength:

7= (1 —mp) el 2)

where 7 € [0, 1] is a hyperparameter controlling
the maximum steering magnitude. We then convert
the change in modality preference into an additive
logit bias:

~l,h

T, + €q 13
—h (13)
Tm T+ €q

(4
boh = log

where €, > 0 is a smoothing term.

¢ Intra-modality Bias ((55’;): While the Router
handles inter-modality conflict, we put more atten-
tion on critical visual tokens to address the problem
that redundant visual tokens consume the attention
budget.

First, we compute the importance score [ for
each token and normalize it to I}, (see Appendix
D.2). We then define the significant visual token set
Sy, containing the indices of the most informative
video patches: S, = {k: € Ky | I > TP}, where
Ky is the token set, 7p is the score threshold at the
P-th percentile.

During the inference phase, our goal is for the
attention mass allocated to the significant visual
set .S, to reach the target attention mass 1Z For a
query ¢, we calculate the current attention mass
V(@) = D pes, AS}?. If ¢ (q) < 1, we compute a

compensatory bias (55}? to bridge the gap:
i {108 S, k€ Sy and ¢(g) < 9,
e 0, otherwise.

(14)
where v is a hyperparameter, €; > 0 is a smoothing
term.

e Unified Attention Reallocation: Let sf;’,f be the
original pre-softmax attention score between query

q and key k and we define the steered attention
score 55’,? as:

Sgh = Sge + bl + B0 (15)
where m(k) denotes the modality of the key token
k, v and (8 are hyperparameters controlling the
strength of bias.

By using fsf.f’h) for the final softmax, CHASE en-
sures the decision is conditioned on reliable modal-
ities (via bf,ah) while putting more attention on criti-
cal visual evidence (via 55}?).

6 Experiments

In this section, we evaluate the effectiveness of
CHASE on the proposed EmoMM benchmark.

6.1 Experimental Setup

Datasets and Metrics. We conduct all eval-
uations on the EmoMM benchmark, covering
3 subsets: EmoMM-Align, EmoMM-Conflict,
and EmoMM-Missing. We adopt a speaker-
independent split strategy, partitioning the dataset
into training, validation, and test sets with a ratio of
7:1:2. Furthermore, we use stratified sampling to
ensure consistent label and category distributions
across splits. We report Accuracy (Acc), Macro
F1-score (F1), and Mean Absolute Error (MAE) be-
tween predicted and ground-truth discrete emotion
scores.

Model Configurations. We use official pre-
trained weights for all baselines, including
Video-LLaMAZ2.1-7B-AV (Cheng et al., 2024b),
MiniCPM-o 2.6-8B (OpenBMB, 2025) and Video-
SALMONN 2-7B (Sun et al., 2024). We evalu-
ate Gemini 3 Pro (Google DeepMind, 2025) as a
closed-source API baseline via the Gemini API. To
test universality, we apply CHASE to two target
MLLM backbones: Qwen2.5-Omni-7B (Xu et al.,
2025a) and VITA-1.5-8B (Fu et al., 2024).

Implementation Details. We integrate the
shared Router starting from layer [,=13, imple-
mented as a lightweight 2-layer MLP with a hidden
dimension of 128, while the MLLM backbone re-
mains entirely frozen. For training, we employ
the AdamW optimizer with a learning rate of le-
4, a weight decay of 0.01, and a batch size of 32
for 10 epochs. The loss balancing coefficients are
set to A;=1.0 and A\y=1.0. During inference, we
apply CHASE with a fixed set of steering hyper-
parameters: the conflict detection threshold 7 is
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EmoMM (Overall) EmoMM-Align EmoMM-Conflict EmoMM-Missing
Model Ace? F1© MAE| | Acet F1t MAE| | Acet F11t MAE| | Acet F11 MAE]
Open-source Baselines
Video-LLaMA2.1-7B-AV | 22.46 21.33 0.579 | 2394 21.12 0.611 | 25.84 20.60 0.527 | 21.55 21.52 0.587
MiniCPM-o 2.6-8B 26.09 15.06 0.781 | 27.59 15.61 0.723 | 26.37 1447 0.751 | 25.86 15.13 0.794
Video-SALMONN 2-7B | 41.47 3830 0.380 | 49.05 4394 0318 | 41.25 37.70 0.367 | 40.65 37.78 0.390
Target Backbones & Ours
Qwen2.5-Omni-7B 44.53 3624 0384 | 52.09 44.28 0.270 | 46.47 39.76 0356 | 43.27 3455 0.403
+ CHASE (Ours) 49.96 39.87 0326 | 5323 39.61 0.256 | 51.32 46.47 0302 | 49.30 3842 0.339
VITA-1.5-8B 4448 43.83 0327 | 53.05 53.47 0277 | 47.80 47.18 0319 | 42.80 4199 0.335
+ CHASE (Ours) 49.56 48.44 0.291 | 53.82 54.23 0.274 | 5296 51.53 0.292 | 48.34 47.12 0.293
Closed-source API
Gemini 3 Pro | 5641 5358 0236 | 59.85 59.07 0.191 |56.23 51.16 0236 | 56.06 53.47 0.241

Table 1: Main results on EmoMM and its subsets. CHASE consistently improves performance across both
backbones, with the most significant gains observed in Conflict and Missing subsets.

set to 0.7, and the maximum inter-modality steer-
ing coefficient 7 is set to 0.6. We intervene on the
top- K =4 attention heads. The inter-modality steer-
ing strength -y is set to 1.4, and the intra-modality
visual enhancement strength [ is set to 0.5. All ex-
periments are conducted on NVIDIA A100 GPUs.

Variant (Qwen2.5-Omni) ‘ Acct  F1T MAE]
Full CHASE 51.32 4647 0.302
w/o Router (Random Steering) | 45.63 41.13  0.362
w/o Inter-modality Bias (b5) | 48.10 43.15  0.320
w/o Intra-modality Bias (d;") | 50.15 4650  0.298
Original Baseline ‘ 46.47 39.76  0.356

Table 2: Ablation study on the EmoMM-Conflict subset.
We measure the impact of removing key components
from the full CHASE framework.

6.2 Main Results

Robustness under Modality Conflict. CHASE
enhances the robustness of MLLMs when facing
contradictory semantic cues. As shown in Table 1,
the improvements are particularly pronounced for
Qwen2.5-Omni, which achieves an accuracy gain
of 4.85% on the EmoMM-Conflict subset. VITA-
1.5 also benefits from our approach with a 5.16%
improvement. This confirms that our method effec-
tively detects semantic conflicts and steers attention
toward reliable modalities, thereby mitigating deci-
sion bias.

Overall Performance and Missingness. On
the aggregated test set (Overall), Qwen2.5-Omni
equipped with CHASE achieves an accuracy of
49.96%, representing a 5.43% absolute improve-
ment over the baseline. Moreover, Qwen2.5-Omni
exhibits recoverability in the EmoMM-Missing

subset, where its accuracy rises by 6.03%. This
confirms that the Router’s gating mechanism suc-
cessfully suppresses noise from missing modalities.
Notably, on the EmoMM-Align subset, CHASE
slightly improves performance (1.14%), validating
that our conflict detection mechanism has a low
false-positive rate and preserves the model’s rea-
soning capabilities when modalities are consistent.

6.3 Ablation Study

To validate the effectiveness of each module, we
conduct an ablation study on the EmoMM-Conflict
subset using Qwen2.5-Omni (Table 2).

Necessity of the Router: Replacing our learned
Router with random steering drops performance to
45.63%. This confirms that precise conflict detec-
tion is essential, whereas blind intervention disrupts
semantic processing.

Impact of Inter-modality Steering: Removing
modality re-weighting (bfﬁh) causes a 3.22% de-
cline. This indicates that simply enhancing visual
tokens is insufficient without explicitly correcting
the head-level modality hierarchy.

Benefit of Intra-modality Bias: Removing token
densification (65}?) decreases accuracy by 1.17%.
This module complements steering by filtering
background noise to focus on emotion-relevant re-
gions.

7 Conclusion

In this paper, we systematically investigated the
decision-making mechanisms of Multimodal Large
Language Models (MLLM) under realistic condi-
tions of modality conflict and missingness. We
introduced EmoMM, a comprehensive benchmark
that facilitated the discovery of the Video Contribu-
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tion Collapse (VCC) phenomenon, where models
marginalize visual evidence due to token redun-
dancy and stable modality preferences. To address
this, we proposed CHASE, a lightweight mech-
anism that detects conflicts and steers head-level
attention at inference time to rebalance multimodal
evidence. Experimental results demonstrate that
CHASE effectively mitigates decision bias and sig-
nificantly enhances the robustness and reliability
of MLLM in complex affective scenarios without
the need for backbone retraining.

Limitations

Despite the promising results, our study has sev-
eral limitations. First, CHASE is evaluated mainly
on multimodal emotion recognition, and its ef-
fectiveness on other multimodal reasoning tasks
with different conflict patterns remains to be val-
idated; moreover, as an inference-time interven-
tion, it depends on the frozen backbone’s rep-
resentational quality and cannot fundamentally
repair cases where the base model fails to cap-
ture subtle cues. Second, CHASE requires white-
box access to internal model signals (layer-wise
hidden states and attention-related statistics) to
estimate preferences and apply steering, which
prevents direct deployment on purely black-box,
API-only MLLMs. Third, the Router is trained
with supervision derived from unimodal labels
aligned with multimodal ground truth; extending
CHASE to datasets with only multimodal labels is
left for future work, potentially via pseudo-labels
from modality-specific teachers, weak supervision
from self-consistency under modality dropout, or
confidence-based distillation signals.
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A Elaboration on Benchmark
Construction and Analysis

A.1 Data Curation and Labeling

The EmoMM benchmark is constructed by in-
tegrating and standardizing two widely acknowl-
edged datasets: the English CMU-MOSI and the
Chinese CH-SIMS v2.0. A primary challenge in
this unification is the discrepancy in original anno-
tation schemes and score distributions.

CH-SIMS v2.0 natively provides annotations
in the range of [—1.0,+1.0]. We adopt its orig-
inal five-class definition as the reference stan-
dard for our benchmark: Negative ({—1.0, —0.8}),
Weakly Negative ({—0.6,—0.4,—0.2}), Neutral
({0.0}), Weakly Positive ({0.2,0.4,0.6}), and Pos-
itive ({0.8,1.0}).

CMU-MOSI originally provides continuous sen-
timent intensity scores in the range of [—3, +3].
To unify the formats, we first linearly scaled these
scores to [—1, 41| and discretized them to the near-
est grid points with a step of 0.2. However, simply
applying the exact CH-SIMS thresholds to CMU-
MOSI resulted in a significant class imbalance due
to differences in the underlying data distributions.
To ensure that the five-class label distribution of
the English subset remains quantitatively similar to
that of the Chinese subset, we adjusted the mapping
boundaries slightly for CMU-MOSI. Specifically,
the values +0.6 were shifted to the extreme classes.
The final aligned mapping for CMU-MOSI is:
Negative ({—1.0, —0.8, —0.6}), Weakly Negative
({—0.4, —0.2}), Neutral ({0.0}), Weakly Positive
({0.2,0.4}), and Positive ({0.6,0.8,1.0}). This
rigorous alignment process guarantees that both
subsets share comparable granular sentiment def-
initions while maintaining balanced sample sizes
across categories. Regarding the human annotation
quality for the unimodal labels on CMU-MOSI,
the five annotators achieved substantial consistency,
with a Fleiss’ Kappa score of approximately 0.54.

To foster a comprehensive evaluation of mul-
timodal robustness, particularly under conflicting
scenarios, we employed a stratified sampling strat-
egy rather than random selection. For the CH-
SIMS subset, we select 1,000 Conflict samples
(where at least one modality opposes the ground
truth polarity), 500 Equal samples (full agreement
across modalities), and 500 Same-Polarity-Not-
Equal samples (consistent polarity but differing
intensity). For the CMU-MOSI subset, we selected
2,000 samples to maintain a balanced distribution

across the five classes after the aforementioned la-
bel mapping. The detailed label statistics for the
textual, acoustic, and visual modalities, along with
the multimodal ground truth, are summarized in
Table 3.

A.2 Human Annotation Protocol and Ethical
Considerations

Annotator Guideline

Annotators will label sentiment for 2,000
aligned samples, where each instance con-
tains three modalities (T/A/V) matched by the
same seq identifier (video in Video/, audio in
Audio/, and transcript in the spreadsheet text
column; always verify seq matches the clip
name). Use exactly one label from {—1,0,1}
for each target modality, where —1 indicates
negative, 0 neutral, and 1 positive. To avoid
cross-modal anchoring, complete one modality
column per pass (label all T first, then all A,
then all V) and do not label T/A/V consecu-
tively for the same seq. For Text (T), judge
from lexical content and translate if needed for
accurate understanding; for Audio (A), focus
on prosody such as intonation and speaking
style and avoid using the transcript as the pri-
mary cue; for Video (V), mute the audio and
judge sentiment only from facial expression,
gesture, and visible actions. All materials are
confidential: do not redistribute media/text, do
not attempt identification, and do not copy con-
tent outside the secured workspace.

For CMU-MOSI, we obtained independent uni-
modal sentiment labels through manual annotation
(CH-SIMS v2.0 already provides unimodal labels).
Each instance contains aligned Text (T), Audio (A),
and Video (V) linked by a unique seq identifier
(video in Video/, audio in Audio/, and transcript
in the spreadsheet), and annotators were instructed
to complete labeling one modality per pass (fin-
ish an entire column before switching) to reduce
cross-modal anchoring and avoid information leak-
age across modalities. Annotators were recruited
from a university student pool via lab announce-
ments, completed standardized training plus a short
calibration round, worked in teams of five with
seg-range assignments for traceability, and were
compensated at a reasonable hourly rate (about
USD $12/hour equivalent) based on time/comple-
tion rather than label outcomes. All annotators
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CMU-MOSI CH-SIMS v2.0
Modality | N WN Neu WP P | N WN Neu WP P
GT 408 491 232 462 407 | 431 433 304 433 399
T 290 419 298 510 483|321 442 472 462 303
A 78 498 483 775 166 | 373 449 378 556 244
v 77 385 738 503 297|372 411 404 399 414

Table 3: Five-class emotion distributions on CMU-MOSI and CH-SIMS v2.0 (each N = 2000).
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Figure 5: Overview of the EmoMM construction pipeline: data curation for CH-SIMS v2.0 and CMU-MOSI,
single-modality human labeling for independent unimodal annotations on CMU-MOSI (CH-SIMS v2.0 provides
unimodal labels), followed by statistical analysis and subset partitioning under sentiment conflicts and modality

missingness.

provided consent and followed confidentiality re-
quirements: access was restricted to project storage,
redistribution and any attempt to identify individ-
uals were prohibited, and we store/release only
anonymized identifiers (seq and clip name) with
labels while minimizing potentially identifying in-
formation. Since the work involves minimal-risk la-
beling of existing benchmark data without new data
collection from subjects, formal IRB approval is
often not required under many institutional frame-
works, and we adhere to standard research-ethics
and data-protection practices.

A.3 Detailed Construction of
EmoMM-Missing

To construct the EmoMM-Missing subset, we em-
ploy a controlled single-modality masking strategy.
To avoid split leakage, we first split the original
full-modality clips by grouping samples with the
same original sample id, and then perform the one-
to-three expansion within each split. Specifically,
for each full-modality sample consisting of Text
(T), Audio (A), and Video (V), we generate three
distinct incomplete instances by masking exactly
one modality at a time (yielding input combina-
tions: {7, A}, {T,V'}, and {A, V'}). This one-to-
three expansion ensures that the model’s robust-
ness is systematically evaluated against all possible
single-modality missingness scenarios for every
data point.

10
1400 GT- 1000 0813 0806 0764
1200 ! 09
1000 T- 0813 1000 0792 0719
800

600 A- 0806 0792 1000 0794
400 07

200 V- 0764 0.719 0.794 1.000

N WN Neu WP 3 GT T A v o

Figure 6: EmoMM statistics: five-class label distribu-
tions (left) and cross-modal agreement coefficients C;;
(right), where larger C;; values indicate stronger agree-
ment.
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600 T- 07998 10000 07620 06771
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A- 07265 07620 1.0000 07386
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V- 06541 06771 07386  1.0000
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Figure 7: CMU-MOSI distributions and cross-modal
agreement coefficients C;;. The left and right panels
correspond to those in Figure 6.

A.4 Detailed Data Analysis

Table 3 summarizes the count distributions of the
five sentiment classes across all modalities (Text,
Audio, Video) and the multimodal ground truth
(GT) for both datasets. As illustrated in Figure 6
(left) and the detailed histograms in Figure 7 (left)
and Figure 8 (left), the distributions reveal distinct
characteristics between modalities. The Audio and
Video modalities tend to exhibit a higher frequency
of Neutral labels compared to Text and GT, sug-
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CMU-MOSI CH-SIMS v2.0
GT T A \% GT T A v
GT | 1.0000 0.7998 0.7265 0.6541 GT | 1.0000 0.8260 0.8854 0.8735
T |0.7998 1.0000 0.7620 0.6771 T |0.8260 1.0000 0.8219 0.7602
A | 0.7265 0.7620 1.0000 0.7386 A | 0.8854 0.8219 1.0000 0.8494
VvV 10.6541 0.6771 0.7386 1.0000 VvV |0.8735 0.7602 0.8494 1.0000

Table 4: Cross-modal agreement coefficients Cj;.
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300
A- 08854 08219 10000  0.8494
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100

V- 08735 07602 08494 moon\\
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Figure 8: CH-SIMS v2.0 distributions and cross-modal
agreement coefficients C;;. The left and right panels
correspond to those in Figure 6.

gesting that unimodal non-verbal signals are often
more subtle than lexical content.

We quantify the pairwise consistency between
annotations using the metric C;; defined in Eq. 1 of
the main text. Table 4 reports the full cross-modal
agreement matrices for CMU-MOSI and CH-SIMS
v2.0. Additionally, we visualize these relationships
via heatmaps in Figure 6 (right) for the combined
benchmark, and individually in Figure 7 (right) and
Figure 8 (right). A higher C;; indicates stronger
agreement.

As shown in Table 4 (right), all unimodal labels
in the Chinese subset show high agreement with
the multimodal Ground Truth (GT), demonstrat-
ing high annotation quality. Specifically, the Au-
dio modality exhibits the smallest difference with
GT, suggesting that acoustic cues play a significant
role in Chinese sentiment expression in this dataset.
Conversely, the largest divergence is observed be-
tween Visual and Text modalities. This aligns with
the conclusions of the original paper, highlighting
the frequent presence of incongruence between text
and video.

For the English subset (Table 4, left), the Text
modality shows the highest correlation with GT,
reinforcing the dominance of lexical cues in tradi-
tional sentiment analysis datasets. Similar to the
Chinese subset, the agreement between audio and
video is relatively lower, reflecting the heteroge-
neous nature of multimodal signals.

A.5 Benchmark Comparison

Table 5 provides a capability-level comparison be-
tween EmoMM and three recent, closely related
benchmarks/suites (CA-MER, MER-UniBench,
and MissRAG). The goal is to clarify what is sup-
ported by each canonical benchmark design and its
released evaluation setting, rather than what could
be reproduced by substantial re-engineering.

The “Unified MLLM Evaluation Protocol” row
indicates that the benchmark/suite provides a re-
producible procedure to evaluate MLLMs under a
consistent interface. “Explicit Modality-Conflict
Split” and “Explicit Modality-Missingness Split”
refer to whether conflict cases or missing-modality
conditions are curated as dedicated, named stress-
test settings, instead of appearing only incidentally.
“Joint Missingnessx Conflict Setting” is stricter:
missingness and conflict co-occur by design, en-
abling diagnosis under the hardest real-world con-
ditions. “Attention-level Mechanism Diagnosis”
is used in a narrow sense: the benchmark work
reports attention/head-level analyses or attention-
level interventions to explain model behavior under
its stress tests. Finally, “Quantitative Modality Con-
tribution / Reliance” refers to quantitative reporting
that exposes modality reliance beyond a single ag-
gregate score.

B Detailed Explanation of Metrics

In this section, we provide a comprehensive break-
down of the three core metrics used in our analy-
sis: Performance Shapley Modality Value (PSMV),
Ground-Truth Aligned Rate (GTAR), and Normal-
ized Mean Attention Score (nMAS). For each met-
ric, we detail its mathematical formulation and pro-
vide a concrete example to illustrate its calculation
and physical meaning.

B.1 Performance Shapley Modality Value
(PSMYV)

The Performance Shapley Modality Value (PSMV)
is derived from cooperative game theory. It quan-
tifies the average marginal contribution of a spe-
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Benchmark Capability

MER-UniBench CA-MER MissRAG EmoMM (Ours)

Unified MLLM Evaluation Protocol

Explicit Modality-Conflict Split

Explicit Modality-Missingness Split

Joint Missingness x Conflict Setting
Attention-level Mechanism Diagnosis
Quantitative Modality Contribution / Reliance

x X X X X N

NN X X% NN
N X% X% N\ %x SN
NSNS NS

Table 5: Capability comparison of EmoMM against recent related benchmarks/suites for multimodal emotion

understanding.

cific modality to the model’s overall performance
across all possible modality coalitions. By treating
modalities as players in a cooperative game and the
model’s accuracy as the payout, PSMV provides
a fair distribution of the "credit" for the prediction
performance.

Formally, let M = {T', A, V'} be the set of all
modalities. For a specific modality m € M, its
PSMV is calculated by averaging its marginal con-
tribution—defined as the performance gain when
adding m to a subset S—weighted by the probabil-
ity of that subset occurring. The weight ws ensures
that coalitions of different sizes are balanced effec-
tively.

Example (PSMYV for Visual Modality). Consider
calculating the contribution of the visual modal-
ity (V). The possible subsets (coalitions) of M
that do not strictly contain V' are & (no modal-
ity), {T'}, {A}, and {T', A}. Adding V to these
subsets yields the coalitions {V'}, {T,V'}, {4, V},
and {T, A,V'}. Accordingly, the PSMV for V is
computed as:

PSMV (V) =

/N

V{VH - V(@)
VT, V}) - V{T))
VAV - V({4))

(VT AV} - VT, A}),

(16)
where V (-) represents the model’s accuracy on that
specific subset. The coefficients (weights) reflect
the number of permutations: for instance, there
are fewer ways to form full-modality or single-
modality sets compared to two-modality sets in
a larger combination space. This metric reveals
whether the visual modality consistently adds value
(positive PSMV) or acts as noise (negative PSMV)
across different contexts.

+ wim

_|_
W=D = =

/N N

_.|_

B.2 Ground-Truth Aligned Rate (GTAR)

While accuracy measures general performance, it
does not reveal the model’s decision-making pref-
erence under conflicting information. The Ground-
Truth Aligned Rate (GTAR) is designed to assess
the model’s reliability in such scenarios. It specif-
ically measures the conditional probability that
the model makes a correct prediction given that
a specific modality is trustworthy (aligned with the
ground truth).

We consider a sample x with available modali-

ties M. We define the Target-Conflict set, denoted
as Syc, which consists of samples where the seman-
tic cues are contradictory. Specifically, S;. includes
samples where exactly one available modality con-
tradicts the ground truth (e.g., in a {7", V'} sample,
Text is Positive, Video is Negative, and Ground
Truth is Negative). To formalize this, we utilize two
indicator variables: a}', which equals 1 if modal-
ity m is both present and aligned with the ground
truth; and c,, which equals 1 if the model’s final
prediction matches the ground truth.
Example (GTAR for Visual Modality). To cal-
culate GTARy, we focus on the subset of conflict
samples where the visual modality is the "correct"
one. In these cases, a) = 1 because the video po-
larity matches the ground truth (2} = 2G7), while
at least one other modality provides conflicting in-
correct information. The metric is then computed
as:

|4
ZmEStC aiv " Cx

ZxGStc a¥

The denominator counts all conflict scenarios
where the video provides the correct evidence.
The numerator counts how many of those times
the model actually predicted correctly. A high
GTARy implies that when the video is the reliable
source of information amidst conflict, the model
correctly identifies and utilizes it. Conversely, a
low score suggests the model ignores the video
even when it holds the truth.

GTARy = (17)
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Figure 9: (a) GTAR on EmoMM-Missing-Conflict (left) and EmoMM-Conflict (right). (b) nMAS on EmoMM-

Conflict.

B.3 Normalized Mean Attention Score
(nMAS)

To investigate the internal mechanism driving the
model’s choices, we analyze the attention distri-
bution. However, direct summation of attention
weights is biased by modality length; video inputs
typically contain significantly more tokens than
text or audio, naturally diluting the attention weight
per token. The Normalized Mean Attention Score
(nMAS) addresses this by calculating the average
attention density received by the tokens of a spe-
cific modality.

For a specific decision-making step (e.g., the
generation of the first sentiment token), let ¢ be
the query token. The nMAS for modality m in
a specific attention head ([, k) is the mean of the
raw attention weights assigned to all tokens K,
belonging to that modality.

C Evidence on Video Contribution
Collapse

C.1 Analysis of GTAR and nMAS

In this section, we first examine the GTAR pre-
sented in Figure 9(a). The quantitative results
across both EmoMM-Missing-Conflict (left) and
EmoMM-Conflict (right) reveal a rigid hierarchy
of modality preference: Text (T") > Audio (A4) >
Vision (V). Specifically, in the missing-conflict set-
ting where the target modality is the sole provider
of correct emotional cues, the model adopts text
evidence with a high probability of 0.806, whereas
the adoption rate for vision drops significantly to
0.578. This disparity is even more pronounced
in the full conflict setting, where text dominance
rises to 0.857 compared to vision’s 0.706. These
figures confirm that the model exhibits a systemic
"distrust" towards the visual modality, consistently
treating it as a secondary information source even
when it carries the ground truth.

To uncover the attention-level mechanism be-
hind this preference, we further analyze the nMAS.
Figure 10 illustrates the pairwise attention com-
petition in the missing-conflict scenario. In the
interactions involving text and audio (left), we ob-
serve a competitive dynamic where text gradually
establishes dominance in the deep layers (layers
14-27), reflecting the model’s reliance on textual
representations for high-level semantic reasoning.
In stark contrast, whenever the visual modality is
involved (center and right plots), it remains con-
sistently suppressed. The nMAS for vision (green
line) hovers at a negligible level (< 0.2) across al-
most all layers, failing to gain significant attention
weight against either text or audio.

This trend is corroborated by the three-way com-
petition dynamics shown in Figure 9(b) for the
EmoMM-Conflict setting. Here, the text modality
(blue line) ascends rapidly in the middle-to-deep
layers, securing the majority of the attention budget,
while the audio modality (orange line) maintains a
moderate presence. The visual modality, however,
stays at the bottom of the attention distribution
throughout the network depth.

C.2 Additional Validation: Person-region
Masking Improves Video Evidence
Density

In Sec.4.3, we hypothesize that VCC on the con-
flict subset is partially caused by the large scale
and redundancy of raw video tokens: background
and irrelevant patches dilute informative evidence,
leading to suboptimal attention allocation and a
non-positive marginal gain when adding video to
TA.

To validate this hypothesis, we localize the per-
son region using MediaPipe and suppress back-
ground tokens outside the person/face ROI. The
intervention only changes the video input/embed-
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Figure 10: nMAS on EmoMM-Missing-Conflict.
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Figure 11: Marginal gain of video on the conflict subset.

dings while keeping prompts, decoding, and evalu-
ation pipeline unchanged.

We report the marginal gain of video on the con-
flict subset:

AV = Perf(TAV) — Perf(TA), (18)
where Perf(-) is ACC-5, ACC-2, or F1. Fig-
ure 11 shows that AV flips from negative (Original)
to positive (Person-only), indicating that increas-
ing video evidence density leads to significantly

improved video attention utilization and restores
video utility under modality conflicts.

D Additional Implementation Details of
CHASE

D.1 Formula Details

Kullback-Leibler divergence. For two discrete
distributions P = (P, )mem and Q = (Qm)mem
over the modality set M (where P, > 0, Q,, > 0,

and Y v P =D em @m = 1), we define

P,
Qm"‘ﬁ’

DkL(P|Q) = ) Pnlog

meM

19)

where log(+) is the natural logarithm, ¢ > 0 is
a small constant for numerical stability, and we
follow the convention that 0log0 = 0. In our
Router loss (Eq. (10)), we use Dk, (g*|/g").

Binary cross-entropy (BCE). Given a binary
label y € {0, 1} and a predicted probability p €
(0,1), we define

BCEQAP):f—(ybg@Hf%Hl—yﬂogﬂ—p+d),
(20)

where € > 0 avoids numerical issues when p is

close to 0 or 1. In Eq. (10), y = p* and p = p’.

Jensen—Shannon divergence (JSD). For two
distributions P, Q over M, let M = (P + Q),
ie., M,, = %(Pm + Qm). We define

ISD(PIQ) = 5 Dt (PIIM) + 3 Dt QM)

21
In head selection (Eq. (11)), we set P = 7t and

Q=g"
D.2 Calculation of Token Importance Score

In this section, we provide the detailed formulation
for the token importance score [, which is used to
identify the Significant Visual Token Set S, in the
Intra-modality Bias module.

To determine which input tokens are most criti-
cal for the sentiment classification decision, we con-
struct an importance metric based on the model’s
generative process. We treat the sentiment classifi-
cation task as the first step of a generative decoding
process. Specifically, when the model predicts the
sentiment label, it computes the probability distri-
bution over the vocabulary. We focus on the logits
corresponding to the candidate sentiment labels
L£L={AB,C,D,E}.

Let 24(¢)(X) denote the logit value for a label
character £ € £ given the input X. The model’s
predicted label ¢* is determined by the maximum
logit among the candidates:

=

arg max 2ig(s) (X)- (22)

tef{A,....E}
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Figure 12: Heatmap of attention on the video frame (The facial images displayed in this figure are sourced from the

CH-SIMS v2.0 dataset).
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Figure 13: Importance Score of video tokens.

We define the target scalar output y(X) as the logit
of this predicted label:

Y(X) = zig(e) (X). (23)
To quantify the contribution of each token to this
prediction, we adopt a gradient-based saliency ap-
proach. We utilize the Gradient x Input method,
which combines the sensitivity of the output with
respect to the input and the activation strength. This
is a standard and computationally efficient baseline
in interpretability research.

Let hy, represent the hidden state (or embedding
vector) of the k-th token. The importance score I,
is calculated as the magnitude of the dot product
between the gradient of the target output y(X) with
respect to hy and the hidden state hy, itself:

()

ohy,
This score reflects the magnitude of the k-th token’s
influence on the final logit y(X). To ensure the
scores are comparable and valid for probability-
like masking, we normalize the raw importance
scores across all tokens in the sequence to obtain

(24)

fkt
A Ik
I, = =Ky 5 |
Zj:l I +e

where € is a small constant for numerical stabil-
ity, and Ky represents the set of visual tokens.
These normalized scores I, are subsequently used
to threshold and select the Significant Visual Token
Set S, as described in the main text.

(25)

D.3 CHASE Algorithm

Algorithm 1 presents the core procedure of CHASE.
It consists of two stages: (i) training a shared
Router to predict conflict probability and modal-
ity gate targets, and (ii) performing inference-time
dynamic layer/head steering based on the Router
outputs.
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Algorithm 1: CHASE: Conflict-aware Head-level Attention Steering

1

2
3
4

N S W

10

11

13
14
15
16
17
18
19
20
21
22
23
24

25

26

Stage 1: Shared Router Training

Input: Training set Dyin; Frozen MLLM M with L layers and H heads; Start layer [,.;
Hyperparameters Aq, As.

Initialize Router parameters 6, (shared across layers) for conflict head and gate head;

while not converged do

Sample batch (x, y) from Diyin;

Construct conflict label p* and target gate g* from unimodal/multimodal labels (Eq. (9));
for ¢ < [, to L do

Extract layer features and modality summaries to form Router input x;
Compute head-wise modality preference %" (Eq. (6)) and layer preference 7;
Predict p* and g! using shared Router 6,.;

L+ L+ M\ Dxp(g*||lg’) + A\2BCE(p*, p);

| Update 6, to minimize £ while keeping M frozen;

Output: Trained shared Router parameters ;..

Stage 2: Inference-time Dynamic Layer/Head Steering
Input: Test input ; Frozen MLLM M; Trained shared Router 6,.; Threshold 7; Top-K heads K;
Steering hyperparameters 7, v, 3.
for { < 1to L do
Compute attention logits {52£}th1 in layer /;
if / > [, then
Form Router input x and compute (p?, g*) using shared Router 6,;
Compute 7l for all heads (Eq. (6));
if p* > 7 then
Compute head scores s, 5, = JSD(m%"||g");
Select conflict-critical heads H* < TopKyeqi,....my Sens
foreach h € H do
Compute target preference abh (Eq. (12));
Derive inter-modality bias b5 (Eq. (13));
Compute intra-modality bias 55’: (Eq. (14));

L,h,
qk >

Update logits: §§: — 55’,? +y- bi’jzk) +8-9

| Apply softmax on logits and proceed to next layer;
Output: Model prediction g.

Split  Conflict Detection Recall =~ Target-Modality Top-1 on Steered Layers  Joint Success Rate

Valid 0.9024 0.7716 0.7018
Test 0.8965 0.7790 0.7055

Table 6: Conflict detection and target-modality identification results on true conflict samples at 7 = 0.7.
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D.4 Conflict Detection and Target-Modality
Identification

As shown in Table 6, we further report the con-
flict detection and target-modality identification
performance of the Router in CHASE on true
conflict samples. Conflict Detection Recall mea-
sures whether true conflict samples successfully
trigger conflict-related steering. Target-Modality
Top-1 on Steered Layers measures, among sam-
ples that trigger steering, whether the gate assigns
its top-1 preference to the target modality on the
layers where steering is actually applied. Joint Suc-
cess Rate measures whether conflict detection and
target-modality identification succeed simultane-
ously on true conflict samples. Under the thresh-
old used in our main experiments (7 = 0.7), the
Router achieves high conflict-detection recall on
both the validation and test splits, reaching 0.9024
and 0.8965, respectively; among true conflict sam-
ples that trigger steering, the target-modality top-1
accuracy reaches 0.7716 on validation and 0.7790
on test.

Furthermore, the joint success rate reaches
0.7018 on validation and 0.7055 on test, indicating
that in about 70% of true conflict cases, CHASE
not only detects the conflict but also assigns its
primary gate preference to the target modality on
the layers where steering is actually applied. These
results suggest that the gains of CHASE are not
merely black-box improvements in final prediction
accuracy, but are consistent with its intended mech-
anism: the Router can reliably trigger steering in
most true conflict samples and provide effective
target-modality guidance for subsequent attention
reallocation.

E Baseline Prompting & Output-to-Label
Mapping

System prompt.

You are a multimodal sentiment analysis

< assistant.

You may receive any subset of modalities

— (video, audio, transcript text).

Do not assume missing modalities or fabricate
— details not supported by the evidence.
Follow the required output format exactly and
— output nothing else.

User message content order.

(1) {video file} (if VIDEO is present)

(2) {audio file} (if AUDIO is present)

(3) Transcript (may contain ASR errors):
<TRANSCRIPT_TEXT> (if TEXT is present)

(4) <INSTRUCTION BELOW>

Instruction.

Task: Based on the provided modalities
< (<PRESENT_MODALITIES>), assign a
< sentiment label and score.
Requirements:
Decision process:
1) First decide the Sentiment LETTER (A-E)
< based on all available modalities.
2) Then choose ONE Score from the allowed
— set of that LETTER that best reflects
< the sentiment intensity.
A (Negative) = <SET_A>, B (Weakly
< Negative) = <SET_B>,
C (Neutral) = <SET_C>, D (Weakly Positive)
< = <SET_D>, E (Positive) = <SET_E>
Output format (exactly):
<ONE LETTER: A or B or C or D or E>
Score: <one value from the allowed set
— matching the letter>

Score policy for CH-SIMSv2.

-0.8}
-0.4, -0.2}

0.6}

mooO >

{_
{_
{
{
{

[SEGS GRS

.0,
.6,
.0}
.2,
.8,

0.4,
1.0}

Score policy for CMU-MOSIL.

A: {-1.0, -0.8, -0.6}
B: {-0.4, -0.2}

c: { 0.0}

D: { 0.2, 0.4}

E: { 0.6, 0.8, 1.0}

F Show-case: Qualitative Case Studies

This section provides qualitative case studies to
illustrate model behavior under modality conflict
and joint missingness—conflict. All examples are
drawn from EmoMM. We present each example in
a unified case-card layout (see the case-card tables/-
figures) to enable clean side-by-side comparison
between the baseline and CHASE. The case-card
visually summarizes the multimodal evidence (text,
audio cue, and representative video frames), the
ground-truth and unimodal label, as well as the
model predictions and attention-budget snapshots
across layers, followed by a brief interpretation.
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Conflict Case Analysis

Text: “Hey, got a cigarette?”

Audio: The audio implies a desire for
cigarettes, but also a somewhat casual or

relaxed tone.

Ground-Truth: label=P(1.0)
T= Neu(0.0) A= WP(0.4) V= P(1.0)

Frame-1 Frame-2 Frame-3
Item Baseline CHASE
Prediction label=N (-0.8) X label=P (1.0) vV
Attention L3 (1o 7436, A=0.2319, V=0.0245) L1310 7060, A=0.2470, V=0.0461)
budget L7 I (g 8304, A=0.1584, V=0.0092) L17 BB 1 7875 A=0.1802, V=0.0323)
™ |V Lo1 B (1o 8555, A=0.1356, v=0.0089) L21 I (1_(,8039, A=0.1633, V=0.0328)
Loe L W 17032, A=02842, V=00126) L26 HEEE (1. 6580 A=0.3047, V=0.0370)
L28 B 17— 8300, A=0.1481, V=0.0220) L28 B 7ss, A=0.1751, V=0.0495)
Interpretation  The unimodal labels indicate a conflict pattern (V matches GT, while T and A conflicts). The baseline

increasingly concentrates attention on audio at late layers, coinciding with the incorrect prediction. CHASE
re-balances the late-layer attention budget, recovering the GT-aligned positive prediction.

Table 7: Conflict case analysis.

Missing Case Analysis

Text: “I won’t give up.”

Audio: [missing]

Ground-Truth: label= N(-1.0)
T= P(0.8) V= N(-1.9)

Frame-2
Item Baseline CHASE
Prediction label=P (1.0) X label=N (-0.8) v/
Attention L13 /T (T=0.9809, A=0.0000, V=0.0191)  L13 /T, (T=0.9347, A=0.0000, V=0.0653)
budget L7 T (7m09861, A=0.0000, v=0.0139) L17 B (10,9389, A=0.0000, V=0.0611)
R L21 ] (T=0.9895, A=0.0000, V=0.0105)  L21 1 (T=0.9415, A=0.0000, V=0.0585)
L26 e (T=0.9641, A=0.0000, V=0.0359) L26 S (T=0.9216, A=0.0000, V=0.0784)
L28 B (T=0.9888, A=0.0000, V=0.0112) L28 B (T=0.9515, A=0.0000, V=0.0485)
Interpretation ~ With missing audio, the decision relies on the TV pair. The baseline predicts P(misaligned with GT=N),

while CHASE shifts the attention budget toward more reliable visual evidence at late layers, recovering the

GT-aligned negative prediction.

Table 8: Missing case analysis with missing audio.

20371



