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ABSTRACT

Emotion understanding is essential for building socially intelligent agents. Al-
though recent multimodal large language models (MLLMs) have shown strong
performance on this task, two key challenges remain: (i) spurious associations be-
tween emotions and irrelevant audiovisual cues (reasoning errors) and (ii) halluci-
nation of audiovisual cues (perception errors) driven by text priors in the language
model backbone. To quantify and understand these issues, we introduce EmoRe-
AlIM, a benchmark designed to evaluate MLLMs for cue—emotion associations,
hallucinations and modality agreement. We then propose AVEm-DPQO, a pref-
erence optimization technique that aligns model responses with both audiovisual
inputs and emotion-centric queries. Specifically, we construct preferences over (i)
responses exhibiting spurious associations or hallucinations and (ii) audiovisual
input pairs guided by textual prompts. We also include a regularization term that
penalizes reliance on text priors, thereby mitigating modality-specific cue hallu-
cinations. Experimental results on DFEW, RAVDESS and EMER demonstrate
that our method significantly improves the performance of the reference baseline
models (6-19% of relative performance) in zero-shot settings. By providing both a
rigorous benchmark and a robust optimization framework, this work enables prin-
cipled evaluation and improvement of MLLMs for emotion understanding and
social Al. Code, models and benchmark at our project page - avere-iclr.github.iol

1 INTRODUCTION

Emotion understanding is essential for social Al agents to generate tailored responses and fos-
ter meaningful human—machine interactions (Chaturvedi et al.l 2023; Kolomaznik et al.l 2024;
Elyoseph et al., 2024). Emotion perception also finds applications in domains such as health (Bal-
combe & De Leo, [2022; [Litendahl et al.,|2025) and education (Salloum et al.| 2025)), where appro-
priately responding to affective states can improve therapeutic alliance and learning outcomes.

Traditional multimodal emotion recognition methods (Sun et al.l [2023; [Wang et al., 2023} |Chen
et al., |2024) lack interpretability, as they only perform classification without grounding responses
in audiovisual cues. Moreover, emotion is a complex and multi-componential construct that ex-
tends beyond the basic emotion labels that can be assigned by supervised learning methods (Ekman
& Friesen, |1978}; |Scherer], [2005)). To address these challenges, recent approaches leverage multi-
modal large language models (MLLMs) to generate detailed emotion descriptions for interpretabil-
ity (Cheng et al.| 2024; |[Huang et al.l |2025a) and to output emotion-related keywords that cover a
broader spectrum of emotional states (Lian et al.| 2024} 2025a)).

However, audiovisual MLLMs are susceptible to hallucinations, frequently generating inaccurate or
fabricated responses (Li et al.l 2023} |Sahoo et al.l |2024). In the context of emotion understanding,
they face two critical bottlenecks, as illustrated in Fig. [T} First, these models often ground emo-
tion predictions on irrelevant cues (e.g., attire color, ambient noise) — reasoning errors. Second,
they tend to hallucinate additional cues in their responses to justify emotions — perception errors.
Such hallucinations are largely driven by text priors in the language model backbone, which bias
the model to include cues that commonly co-occur with specific emotions (e.g., associating tears
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Figure 1: Existing MLLMs (i) include spurious associations between AV cues and emotieas —
soning errors(blue highligh) and (ii) hallucinate AV cues to explain emotionperception errors
(red highligh). AV: audiovisual.

with the sound of crying). The scarcity of high-quality, emotion-speci c instruction tuning datasets
(Cheng et all, 2024, Lian et gl., 2025a) further aggravates these issues. Addressing these challenges
is essential, as they compromise the reliability of MLLM agents in social interactions and complex
emotion reasoning scenarios.

Existing emotion reasoning benchmarks (Lian €t|al., 2023b;|2024) lack the diverse and complex
samples needed to fully evaluate these issues. Additionally, current audiovisual hallucination bench-
marks (Sung-Bin et al., 2025; Leng et al., 2025) predominantly focus on object-level hallucinations
in audio or video, rather than on emotion-speci c reasoning. Moreover, many existing MLLMs
(Cheng et al!, 2024; Lian et Al., 2025a) rely on two-stage evaluation pipelines involving an external
(often proprietary) LLM such as GPT (OpenAl et al., 2024), making replication and benchmarking
dif cult. To address these limitations, we introduce tBmoReAIM benchmark, a comprehensive
suite of multiple-choice question—answer (MCQA) tasks designed to evaluate audiovisual emotion
reasoning, modality agreement and hallucination-related stress tesfg (Fig. 2). The MCQA format en-
ables transparent, reproducible and scalable evaluation of MLLMs on emotion-centric tasks without
requiring additional LLMs during inference.

Evaluation of recent MLLMs on our benchmark highlights spurious association and hallucination
issues outlined in Fig.]1. To address these limitations, we propggen-DPO — a multimodal

direct preference optimization (DPO) technique (Rafailov &t al., 2023) to enhance the emotion rea-
soning capabilities of MLLMSs. In particular, we design explicit prompt-based audiovisual input
preferences to mitigate hallucinations caused by cross-modal interactions. We also introduce text-
prior debiasing, which penalizes policy reward for responses to text-only inputs. Together, these
techniques signi cantly improve the performance of reference MLLMs, outperforming all base-
lines in zero-shot evaluation on both our benchmark and existing emotion recognition and reasoning
datasets.

To summarize, the main contributions of our work are:

* We introduce th&moReAIM benchmark witl000 human-veri ed MCQA samples to evaluate
emotion reasoning and emotion-related hallucinations in MLLMSs, highlighting bottlenecks such
as spurious audiovisual cue associations and hallucinated cues for explaining emotions.

* We proposeAVEM-DPO, a direct preference optimization technique that enforces explicit
prompt-based modality preferences and reduces text-only model biases through a regularizer that
penalizes over-reliance on text priors.

* We conduct extensive evaluations of existing MLLMs, demonstrating current bottlenecks and
showing the superior performance of the proposed DPO-trained models in zero-shot settings.

2 RELATED WORK

MLLMs for Emotion.  While general MLLMs|(Zhang et &l., 2024, Lin et|al., 2024; Zhang ét al.,
20254} Xu et al|, 2025Db; Li & tearn, 2025) show non-trivial emotion recognition ahility (Cheng et al.,
2024), several studies pursue domain-speci ¢ instruction turing (Xielet al., 2024; Chaubey et al.,
2025; Yang et al., 2025). EmotionLLaMA(Cheng et al., 2024) is an audiovisual LLM for emotion
recognition and captioning, netuned on a limited datase3@k samples). Lian et al. (2024) intro-
duces open-vocabulary emotion recognition (OV-ER), and AffectGPT (Lian et al., 2025a) employs
a lightweight audiovisual fusion projector for OV-ER. EmotionQwen (Huang et al., 2025a) im-
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Figure 2:EmoReAIM Tasks. In addition to basic emotion reasoning, we include task$/fodality
Agreementind Emotion Reasoning - Stress Tésttest spurious cue-emotion associations and cue
hallucinations. Red text is a hallucinated cue, blue text is an emotion-irrelevant cue and green text
is a cue relevant for emotion understanding. Correct choicesraterlined.

proves emotion understanding while preserving general skills via a mixture-of-experts router. Han
et al. (2025b) use modality-speci ¢ experts with attention reallocation to handle audiovisual emo-
tion mismatch, and Wen et al. (2025) leverage retrieval-augmented generation with chain-of-thought
for better reasoning. In contrast, we improve reasoning through multimodal preference optimization
and text-prior debiasing.

Rigorous evaluation of multimodal emotion reasoning requires diverse, systematic benchmarks.
Lian et al. (2023b) provide detailed descriptions of transcript, audio and visual cues for emotion
reasoning, which can support GPT-based evaluation (Cheng et al., 2024; Han et al., 2025b). Xing
et al. (2025) present a holistic benchmark spanning text, image, video and audio hallucinations re-
lated to emotions. Our benchmark instead focuses squarely on audiovisual emotion understanding
with a standardized pipeline and tasks beyond hallucination, including modality agreement and spu-
rious cue—emotion associations.

Preference Optimization. Direct preference optimization (DPO) (Rafailov et al., 2023; Liu et al.,
2025a) was introduced to align LLMs to human preferences. DPO has also emerged as a leading
approach for mitigating hallucinations in vision LLMs (Yu et al., 2024; Wang et al., 2024; Sarkar
et al., 2025; Huang et al., 2025b; Liu et al., 2025b; Zhang et al., 2025b), but its use in audiovisual
LLMs remains limited. VistaDPO (Huang et al., 2025b) increases video LLM robustness by building
instance-level, temporal-level and object-level preferences of video inputs. Sun et al. (2025) apply
process DPO for step-wise audiovisual reasoning, while Tang et al. (2025) use multi-round DPO for
audiovisual captioning. Luo et al. (2025) employ DPO for emotional speech alignment to improve
Omni-LLM outputs. Ye et al. (2025) construct multimodal preference data via ambiguity scoring,
and Lian (2025) use group relative policy optimization for AffectGPT. Concurrently, Omni-DPO
(Chen et al., 2025) studies audiovisual modality preference. Our method differs by constructing
prompt-based audiovisual preference pairs for ne-grained alignment and by introducing text-prior
debiasing to reduce hallucinations in MLLMs.

3 EMOREALM BENCHMARK

Fig. 2 shows different tasks present in the propoEetbReAIM Benchmark. The goal of this
benchmark is to test the reasoning capabilities of MLLMs to judgeetietion experienced by
the character in the given videspeci cally over the following verticals — (ileasoning the correct
emotionwith relevant audiovisual cues (ii) identifying whether the inferred emotion fxadio and
video are in agreementiii) testing theassociation of perceived audiovisual cuesith different



Published as a conference paper at ICLR 2026

Figure 3: EmoReAIM Creation Pipeline. We rst disentangle the audiovisual information by
separate captioning and verify the cues with text-based emotion prediction to nd emotion-relevant
cues. Finally, GPT-40 is used to generate MCQA samples that are later veri ed manually.

emotions feasoning errorsand (iv) testingaudiovisual hallucination due to text-only emotion-
related biasegperception errors

3.1 TASK DESCRIPTIONS

Emotion Reasoning — BasicThis task evaluates an MLLM's ability to identify and reason about the
emotion experienced by a person in a video by linking appropriate audio (e.g., speech transcription,
tone) and visual (e.g., facial expression, body language) cues to speci ¢ emotions. To increase
dif culty, the ground-truth emotion is not provided in the question. Incorrect options are constructed
by modifying the correct answer to include either emotion-irrelevant cues present in the video or
hallucinated cues that falsely justify the emotion.

Modality Agreement. This task assesses whether the audio and visual modalities convey the same
emotional state. Unlike AVHBench (Sung-Bin et al., 2025), which focuses on general cross-modal
alignment, this task speci cally targets agreement in emotional interpretation across modalities.

Emotion Reasoning — Stress TesMLLMs are vulnerable to botheasoning errorsandperception

errors: the former lead the model to base its responses on irrelevant audiovisual cues present in the
input, while the latter cause it to rely on hallucinated cues that are not actually present. This task
probes MLLMs for susceptibility to spurious cue-emotion associatipaecéption errorsand hal-
lucinated explanations driven by language model bias=s6ning errors Each question follows

the format:“Does thef audio/visual cug suggesf emotiory of the character?” For a modalityX,

we de ne three sub-tasks: (i) No Hallucination — correctly associating an audio/visual cue with the
appropriate emotion. (ii) Spuriod6Cue-Emotion Association — linking emotion-irrelevant cues to

the correct emotion. (iii) Emotion-RelevaXtHallucination — associating the correct emotion with

a hallucinated cue that typically co-occurs with it. For example, in Fig. 2, a man is not clapping (per
the visual caption), yet a hallucination-based question associates clapping with happiness—since
clapping is commonly linked to positive emotions like joy.

3.2 AUTOMATIC DATA CREATION

Fig. 3 shows the automatic pipeline used to constructBmReAlMbenchmark. Our approach
builds on existing manually labeled audiovisual emotion recognition datasets that provide single-
word emotion annotations. For each video, we rst use an MLLM to extract detailed audio and
visual captions separately, effectively disentangling the two modalities. These captions describe
both emotion-relevant and irrelevant cues. To verify whether either modality re ects an emotion, we
prompt an LLM to classify the audio and video captions independently into one of seven categories
of neutral, in addition to six basic emotions Ekman (2005). Samples are discarded if neither caption
yields a valid emotion label. Given the validated captions and emotion label, we then generate
tailored prompts and question templates for each task described in Section 3.1. This modality-
wise captioning and emotion veri cation process ensures the construction of high-quality, veri able
MCQA pairs that re ect meaningful audiovisual cue associations. More details and prompts are
present in Appendix B.

Details. All videos are sourced from the DFEW dataset (Jiang et al., 2020). GPT-40 (OpenAl et al.,
2024) is used for caption extraction, emotion classi cation and question—answer pair generation.
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3.3 POSTPROCESSING ANDHUMAN VERIFICATION

We employ GPT-40 (OpenAl et al., 2024), Gemini-2.5 (Gemini-Team et al., 2025) and Qwen-2.5
(Qwen-Team et al., 2025) to predict the correct answer to the generated questions just by using
guestion text as input. We remove all the QA pairs for which all the models identi ed the correct
answer just with the text information. Finally, since the QA samples are generated automatically
leveraging MLLMs, which can hallucinate themselves, we perform a human veri cation over the
samples generated by recruiting over 470 participants using the crowd-sourcing platform Proli c.
Details are present in Appendix B.2.

3.4 BENCHMARK STATISTICS

Table 1 summarizes the data statistics of the proraple 1: EmoReAlMBenchmark Statistics.

posedEmoReAlMBenchmark, which comprises & Task #FOA #vid. | Rand, Acc.

total of 4,000 questionsover 2,649 unique videos . - Audio | 972 784 25%

Samples from the benchmark are present in ApIfeasonlng P35 Visual | 1024 883 | 25%
Modality Agreement 456 456 50%

pendix B.5. Importantly, for tasks which always Audio | 820 655 50%
have a xed set of answer choicdsrfiotion Reason- Visual | 728 593 50%
ing - Stress TestndModality Agreement Yes/N9, Total 4000 2649
we ensure that there is a uniform distribution of cor-

rect answer texts over the possible answer choice texts. Additionally, we ensure that the distribution
of emotion labels over the videos in the benchmark matches the video source dataset (refer to Ap-
pendix B.3 for details). It is also important to note tlEanoReAlMis only used as #est setto
evaluate the reasoning capabilities of MLLMs, and we use a different dataset for preference opti-
mization (refer Section 4.3).

Reas. Stress Test

4 AVEM-DPO

Direct preference optimization (DPO) (Rafailov et al., 2023) aligns LLMs to human preferences,
bypassing the need to develop a reward model. In the context of audiovisual LLMs, given a reference
model (s, we can reformulate the DPO objective to learn an optimal policgs the following,

MaxEqvix )o y  (jave) M@VixXy)]l D (jasvix) K ref( j a;vix)) 1)

where(a; V) is audiovisual inputx is text prompt,y is text response anda;v; x;y) is the re-
ward function for given input-output pair. Optimizing Eq. (1) to nd optimal policy results in the
following reward formulation,

(Yjavix) .
ref(Y J @;V;x)
whereZ () is the partition function derived in Rafailov et al. (2023). With access to a preference

dataseD{"™ with samplega; v;X; yw;Yyi) and using the Bradley-Terry preference model (Bradley
& Terry, 1952) to model preference of chosen respong@ ¢ver rejected responsg ), the nal
DPO objective becomes

r(avix;y)= log log Z (a;v;x) (2)

ref(Yw | & V;X) ref(Y1 ] @V, X)

®3)

Loro=  Egavxy wiy)p eer 109 log

4,1 MULTIMODAL PREFERENCEOPTIMIZATION

Naive DPO (Eg. (3)) applied to MLLMs, when relying only on response preference, often causes
the policy model to overt to the input prompt while neglecting the multimodal inputs during
alignment (Wang et al., 2024; Sarkar et al., 2025). To address this limitation, preference optimization
can be extended to incorporate audiovisual inputs as follows:

LBro= E log (u(aw;vw;ai;vi;x;yw)) ; u()= o (Yo J B Vi X) log — wl aiviix)
oo 9 (Ul vxywl) 5 ul) 9 e § Vi X) ref(waaI;Vl;)((l)l
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