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Abstract

Facial Emotion Analysis (FEA) extends traditional fa-
cial emotion recognition by incorporating explainable,
fine-grained reasoning. The task integrates three sub-
tasks—emotion recognition, facial Action Unit (AU) recog-
nition, and AU-based emotion reasoning—to jointly model
affective states. While recent approaches leverage Vision-
Language Models (VLMs) and achieve promising results,
they face two critical limitations: (1) hallucinated reason-
ing, where VLMs generate plausible but inaccurate explana-
tions due to insufficient emotion-specific knowledge; and (2)
misalignment between emotion reasoning and recognition,
caused by fragmented connections between observed facial
features and final labels. We propose Facial-R1, a three-stage
alignment framework that effectively addresses both chal-
lenges with minimal supervision. First, we employ instruc-
tion fine-tuning to establish basic emotional reasoning capa-
bility. Second, we introduce reinforcement training guided
by emotion and AU labels as reward signals, which explic-
itly aligns the generated reasoning process with the predicted
emotion. Third, we design a data synthesis pipeline that itera-
tively leverages the prior stages to expand the training dataset,
enabling scalable self-improvement of the model. Built upon
this framework, we introduce FEA-20K, a benchmark dataset
comprising 17,737 training and 1,688 test samples with fine-
grained emotion analysis annotations. Extensive experiments
across eight standard benchmarks demonstrate that Facial-
R1 achieves state-of-the-art performance in FEA, with strong
generalization and robust interpretability.

Code & Datasets — https://github.com/RobitsG/Facial-R1
Extended version — https://arxiv.org/abs/2511.10254

1 Introduction
Facial Emotion Analysis (FEA) (Chaubey et al. 2025; Lan
et al. 2025; Li et al. 2024) is an evolved task derived from
traditional Facial Emotion Recognition (FER) (Mao et al.
2025; Shu et al. 2022; Liu et al. 2024a). Compared to FER,
which usually classifies the facial emotions without expla-
nation, FEA extends the FER as an explainable and explicit
emotion reasoning process, including three sub-tasks: facial
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Figure 1: Illustration of facial emotion analysis task. Unlike
traditional facial emotion recognition, which directly out-
puts a predicted emotion (e.g., disgust), facial emotion anal-
ysis decomposes the task into three interrelated sub-tasks:
(1) Facial Action Unit (AU) Recognition, where local fa-
cial muscle movements (e.g., AU4: slight frown ...) are iden-
tified; (2) AU-based Emotion Reasoning, which generates
natural language explanations linking the detected AUs to
the predicted emotion; and (3) Facial Emotion Recogni-
tion, producing the final emotion label. Together, these re-
sults enable an explainable and interpretable emotion recog-
nition, bridging the gap between low-level visual cues and
high-level affective understanding.

action unit (AU) recognition, AU-based emotion reasoning,
and facial emotion recognition. As shown in Figure 1, a
complete FEA process simultaneously recognizes the final
emotion (e.g., “disgust”), detects key facial action units like
the brow lowerer (AU4), and generates a detailed reasoning
process to explain its judgment. These tasks work together
to enhance model interpretability and trustworthiness, and
promote real-world applicability.

Recent works (Li et al. 2024; Yuan, Zeng, and Shan
2023; Lan et al. 2025; Chaubey et al. 2025) leverage the
powerful reasoning capabilities of Vision-Language Mod-
els (VLMs) (Liu et al. 2024b; Chen et al. 2024b; Bai et al.
2025) for the FEA task. Despite their promising perfor-
mance, these approaches still present two key challenges:
1) Hallucination in the reasoning process. The reason-
ing process may generate plausible yet inaccurate emotion
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interpretations that deviate from the actual input image or
instruction. This issue arises due to the lack of emotion-
specific prior knowledge in VLMs, leading to misinterpre-
tation or omission of key facial features that are critical for
accurate emotion recognition. 2) Misalignment between
reasoning and recognition. Even when the model identi-
fies relevant emotional cues during reasoning, the resulting
analysis may conflict with the final emotion recognition out-
put. This inconsistency stems from fragmented reasoning
paths between observed facial features and emotion labels,
where models fail to establish coherent causal relationships
between visual evidence and emotional conclusions. Some
approaches (Yuan, Zeng, and Shan 2023; Lan et al. 2025; Li
et al. 2024) attempt to address these challenges by construct-
ing fine-grained emotion analysis data for instruction fine-
tuning. However, emotion reasoning is inherently complex
and typically demands high-quality, large-scale data, which
is often difficult to collect, limiting the interpretability and
generalization of FEA methods. Additionally, overly strict
instruction fine-tuning constrains the VLM’s thinking, forc-
ing it to follow predefined reasoning paths while ignoring
potentially effective cues.

To address these challenges, we introduce Facial-R1, a
three-stage alignment training framework. Specifically, we
first develop a minimal supervised fine-tuning (SFT), requir-
ing only 300 high-quality emotion analysis samples gener-
ated by GPT-4o-mini (Hurst et al. 2024). The SFT stage
effectively mitigates hallucinations by establishing basic
emotion reasoning capability in VLMs. Second, we initi-
ate reinforcement learning (RL) by designing two emotional
factors—AUs (Ekman and Friesen 1978) and emotion la-
bel—as reward signals. The AU factor enables the model to
ground its analysis in concrete facial features present in the
image, enhancing the rationality of emotion reasoning. The
emotion label factor enforces alignment between the reason-
ing process and the final emotion label, ensuring the accu-
racy of emotion recognition. Notably, our RL strategy only
requires the model to consider two emotional facts without
strictly limiting the thinking details, enhancing flexibility
compared to SFT. In the third stage, we perform a data syn-
thesis strategy that iteratively expands the training dataset
using the model trained on the previous two stages, with au-
tomated filtering and manual inspection to ensure data qual-
ity. This stage bypasses the data collection bottleneck faced
by previous methods (Li et al. 2024). Through multiple it-
erative training, we construct a large-scale emotion analysis
dataset, FEA-20K, and achieve state-of-the-art in three emo-
tion analysis tasks across eight diverse benchmarks. FEA-
20K comprises 17,737 automatically constructed training
samples and 1,688 manually verified test samples, divided
into three tasks: facial emotion recognition, AU recogni-
tion, and AU-based emotion reasoning. Compared to exist-
ing methods that demand extensively labeled datasets (Lan
et al. 2025; Li et al. 2024; Chaubey et al. 2025), our frame-
work requires only minimal supervision—a small set of ex-
ample data and weakly labeled emotional factors. Further-
more, our framework enables the model to flexibly reason
about the potential connections between facial features and
emotions through our innovative reward mechanism that

leverages emotional factors during training.
In summary, unlike traditional methods that rely ex-

clusively on manually labeled data—a key limitation
that constrains their ability to solve hallucination and
misalignment—Facial-R1 overcomes the limitation with
three key innovations: (1) We introduce FEA-20K, a large-
scale fine-grained emotion analysis dataset constructed with
low initialization costs, effectively bypassing the data col-
lection bottleneck that hinders the performance of previous
approaches. (2) We propose Facial-R1, a three-stage reason-
ing training framework designed for FEA task. Our frame-
work promotes flexible reasoning patterns that emerge nat-
urally during training, rather than enforcing predetermined
paths, enhancing adaptability and robustness. (3) Extensive
experiments across eight diverse benchmarks demonstrate
that Facial-R1 exhibits powerful generalization capabilities
in various face-related tasks, comprehensively outperform-
ing existing methods.

2 Related Work
Facial Emotion Analysis is an important research topic
in the field of affective computing (Zhang et al. 2025). It in-
cludes three primary sub-tasks: facial emotion recognition,
facial action units (AU) recognition, and AU-based emotion
reasoning. Traditional methods (Ning et al. 2024; Liu et al.
2024a) relied on handcrafted features (e.g., SIFT (Lindeberg
2012)) and machine learning classifiers for sentiment analy-
sis, but struggled with complex emotions and interpretabil-
ity (Lian et al. 2023). Recent studies (Lan et al. 2025; Li
et al. 2024; Cheng et al. 2024; Chaubey et al. 2025) shift
towards unified models that generate explanatory reasoning
alongside recognition, driven by critical applications in do-
mains such as mental health monitoring.

Vision-Language Models have demonstrated impressive
capabilities in multimodal reasoning tasks (Wang et al.
2024; Zhang et al. 2024; Sui et al. 2025; Chen et al. 2025a,b;
Wu et al. 2025a). Recent research utilized the powerful rea-
soning capabilities of VLMs to enhance the interpretability
of the emotion analysis process (Zhang et al. 2025). Exp-
BLIP (Yuan, Zeng, and Shan 2023) pioneered using VLMs
for describing facial actions and emotional states through
natural language. Face-LLaVA (Chaubey et al. 2025) pro-
posed a facial-specific instruction dataset, enhancing fa-
cial analysis capabilities via visual encoder reconstruction.
FABA (Li et al. 2024) and ExpLLM (Lan et al. 2025) im-
plemented detailed facial affect analysis using Chain-of-
Thought reasoning and LoRA fine-tuning strategies. More-
over, Reinforcement Learning from human feedback guides
VLMs to generate more appropriate and interpretable out-
puts (Bai et al. 2022; Ouyang et al. 2022; Wu et al.
2025b). For example, Omni-Emotion (Yang et al. 2025) en-
hanced AU-based emotion reasoning through multi-stage in-
struction alignment and human feedback. However, exist-
ing VLM methods mostly rely on complex, costly manual
annotations. In contrast, our proposed Facial-R1 employs
verifiable reward RL (Shao et al. 2024) as its core algo-
rithm, which requires only a small amount of weakly la-
beled data and can fully stimulate the reasoning capabili-
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Figure 2: The Facial-R1 framework consists of three stages: (1) Supervised finetuning (SFT) mitigates hallucinations by es-
tablishing basic emotion reasoning capability; (2) Reinforcement Learning (RL) leverages verifiable emotional facts as reward
signals to build reasonable and flexible reasoning process; (3) Data Synthesis iteratively leverages the prior two stages to expand
the training dataset, enabling scalable self-improvement of the model.

ties of VLMs. We select Group Relative Policy Optimiza-
tion (GRPO) (Shao et al. 2024; Peng et al. 2025) as our RL
algorithm. It is a representative method of verifiable rewards
RL, which generates multiple responses and computes ad-
vantages between each response for policy optimization.

3 Method
This section introduces our three-stage Facial-R1 frame-
work, with the workflow shown in Figure 2. Section 3.1 in-
troduces supervised finetuning as the first stage of our frame-
work, where we mitigate hallucinations during the reasoning
process by establishing basic emotion reasoning capability
in VLM. Section 3.2 describes verifiable reward reinforce-
ment learning as the core training methodology of Facial-
R1, where we leverage verifiable emotional factors (AUs and
emotion labels) as reward signals to build a reasonable and
flexible emotion reasoning process. Section 3.3 elaborates
how we address the data scarcity problem by synthesizing
data and iteratively training the model to further enhance its
performance and generalization.

3.1 Supervised Finetuning
VLMs inherently lack prior knowledge of facial emotion
analysis, hindering their ability to comprehend the poten-
tial relationships between facial expressions and emotions,
which can lead to reasoning hallucinations. To address this
limitation, we first employ Supervised Fine-Tuning (SFT)
with carefully designed instructions. Specifically, we uti-

lize GPT-4o-mini (Hurst et al. 2024) to generate 300 high-
quality instruction samples for fine-tuning the VLM. These
instructions are crafted to incorporate essential emotional
expertise, such as AU definitions, thereby equipping the
VLM with the necessary domain-specific knowledge. Af-
ter fine-tuning, the VLM demonstrates enhanced reasoning
capabilities, effectively establishing a basic understanding
of the relationship between facial expressions and emotions.
The details for instructions can be found in Appendix C.

3.2 Reinforcement Learning

Although the VLM has acquired basic reasoning capabil-
ities after the SFT stage, it still encounters challenges re-
lated to the interpretability of its reasoning process and po-
tential misalignment with the final emotion labels. To ad-
dress these issues, we introduce a Reinforcement Learning
(RL) stage as the second stage of our approach. This stage
is designed to refine the alignment between the VLM’s out-
puts and key emotional factors. Specifically, we employ the
GRPO algorithm (Shao et al. 2024) as our RL algorithm.
GRPO operates by generating multiple responses and evalu-
ating their relative advantages Ai by comparing them against
each other using our designed verifiable reward. The relative
advantages among these responses are calculated as:

Ai =
Ri −mean

({
R1, . . . , RG

})
std ({R1, . . . , RG})

, (1)

26941



where Ri is the reward for the i-th response, G is the num-
ber of responses in one step, mean calculates the arithmetic
mean of all rewards, and std represents the standard devia-
tion of the rewards. To guide the model toward more accu-
rate and interpretable emotion reasoning, we design the re-
ward function by integrating key factual cues in facial emo-
tion analysis—specifically, AUs and emotion labels. Build-
ing upon the SFT-initialized model, we perform RL using a
composite reward R (superscript i omitted for clarity in the
following), which combines three core components: AU re-
ward RAU , emotion accuracy reward Racc, and reasoning
format reward Rformat:

R = RAU +Racc +Rformat. (2)

AU Reward. AUs form the core physiological basis for
FEA, as emotions are typically expressed through specific
combinations of activated AUs. Consequently, we utilize
AUs as the primary emotional factor to construct the re-
ward signal RAU. Training with RAU encourages the VLM
to ground its inferences in observable facial features rather
than speculative interpretations, thereby improving the in-
terpretability of emotion reasoning and mitigating halluci-
nations. In addition, to mitigate the inherent issue of reward
sparsity in RL (Ibrahim et al. 2024), we adopt the F1 score
as a metric for evaluating RAU. It encourages the model
to enhance the accuracy of AU recognition (i.e., minimiz-
ing false positives) and comprehensiveness (i.e., minimizing
false negatives). The AU reward is modeled as follows:

RAU = F1 =
2× Precision×Recall

Precision+Recall
, (3)

where Precision and Recall represent the proportions of
correctly predicted AUs out of all predicted AUs and all true
AUs, respectively.

Accuracy Reward. To address the misalignment between
emotion reasoning and recognition, we propose the emotion
accuracy reward Racc. This reward ensures consistency be-
tween the final emotion label and AUs identified during the
reasoning process by binarizing emotion labels. If the emo-
tion derived through emotion reasoning is correct, the re-
ward is 1; otherwise, it is 0. The accuracy reward is calcu-
lated as follows:

Racc =

{
1, if correct,
0, otherwise,

(4)

where “correct” denotes that the emotion label predicted by
the model corresponds to the ground-truth annotation.

Format Reward. Following (Guo et al. 2025), we con-
struct a format reward Rformat to standardize the structure
of emotion reasoning:

Rformat =

{
1, if valid,
0, otherwise,

(5)

where “valid” indicates that the model’s output adheres to
our specified format requirements, including the encapsula-
tion of reasoning processes within “<think></think>”

tags and the denotation of final emotion labels within
“<answer></answer>” tags. This structured emotion
reasoning protocol enhances both the interpretability of the
emotion reasoning process and provides a systematic foun-
dation for the subsequent data synthesis.

Overall, compared to the SFT stage which strictly regu-
lates model outputs to establish foundational emotion rea-
soning capabilities, the RL stage emphasizes the extraction
of key facial features and encourages flexible consideration
of potential causal relationships between facial features and
emotional states.

3.3 Data Synthesis
To address the scarcity of emotion reasoning data and en-
hance the VLM capability for facial emotion analysis, we
develop an iterative data expansion stage.

Data Generation First, we construct the instruction x for
emotion reasoning with a designed instruction template:

x = template(q, gt) (6)
where q denotes questions sourced from the FABA-Instruct
dataset (Li et al. 2024) and gt represents ground-truth an-
notations encompassing AU and emotion labels, enabling
VLM reasoning correctly. The instruction template is de-
tailed in Appendix C. Secondly, we leverage the VLM
trained in the prior two stages to synthesize high-quality
emotion reasoning data y:

y = VLM(v, x) (7)
where v represents facial images curated from established
emotion datasets as detailed in Section 4.1. Finally, we itera-
tively train the two prior stages to enable continuous data ex-
pansion, incorporating a data quality control to select high-
quality samples for progressive model optimization.

Data Quality Control To mitigate noisy data—such as
outputs with erroneous reasoning logic—we implement a
rigorous two-stage filtering protocol. (1) Automatic Filter-
ing. All generated samples undergo automated validation
against three critical criteria: AU labels, emotion labels, and
reasoning format. This process is formalized via the follow-
ing checking function:

S(y) = I[MAU (y) ∧Memotion(y) ∧Mformat(y)], (8)
where MAU (y) and Memotion(y) verify whether the pre-
dicted AUs and emotions align with their ground truth, re-
spectively, and Mformat(y) evaluates whether the output ad-
heres to the required textual structure. The indicator func-
tion I returns 1 if all conditions are satisfied simultaneously,
and 0 otherwise. For a given input consisting of instruction
x and image v, we employ a temperature-controlled sam-
pling strategy to iteratively generate candidate responses y,
repeating until a valid output is produced or the maximum
retry limit is reached. (2) Manual inspection. After auto-
matic filtering, we obtain the FEA-20K dataset, partitioned
into a training set (17,737 samples) and a test set (1,688 sam-
ples) based on the source of data collection. For the test set,
we perform strategic sampling and conduct a thorough man-
ual evaluation by expert annotators, assessing action unit and
emotion recognition accuracy, as well as the logical coher-
ence and consistency of the generated reasoning process.
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4 Experiments
4.1 Experimental Setups
Dataset Introduction. As summarized in Table 1, the
FEA datasets typically cover three sub-tasks: emotion recog-
nition, facial AU recognition, and emotion reasoning. To en-
sure data quality, we filtered out noisy data, such as missing
annotations and images.

• Datasets with AU recognition provide standard re-
sources for facial action units. DISFA (Mavadati et al.
2013) and BP4D (Zhang et al. 2014) are all frame-
annotated facial video datasets. We extract individual
frames in each video and construct paired image-AU
samples. RAF-AU (Yan et al. 2020; Li and Deng 2019)
contributes in-the-wild facial images with AU annota-
tions across diverse real-world conditions.

• Datasets with emotion recognition are annotated with
categorical emotion labels for the standard FER task.
FER2013 (Goodfellow et al. 2013) is a widely used
benchmark comprised of grayscale facial images catego-
rized into seven emotion classes. AffectNet (Mollahos-
seini, Hasani, and Mahoor 2017) is a large-scale dataset
with manually labeled images spanning eight emotion
categories. RAF-DB (Li, Deng, and Du 2017) provides
real-world facial emotion data collected under uncon-
strained conditions.

• Datasets with emotion reasoning include natural lan-
guage descriptions in addition to AU and emotion la-
bels, enabling comprehensive facial emotion analysis, in-
cluding FABA-Instruct (Li et al. 2024) and our proposed
FEA-20K. Compared to FABA-Instruct, FEA-20K fea-
tures more diverse image sources and finer-grained AU
annotations, making it a more rigorous benchmark for
evaluating the reasoning capabilities of VLMs.

Evaluation Metrics. We categorize our evaluation met-
rics into three distinct tasks: AU recognition, emotion recog-
nition, and AU-based emotion reasoning. For AU recogni-
tion, we employ the F1 score (Mavadati et al. 2013; Zhang
et al. 2014), ensuring a balanced evaluation of precision and
recall. Regarding emotion recognition, we adopt accuracy
(Acc.) as the primary metric, following established proto-
cols (Li, Deng, and Du 2017). For AU-based emotion rea-
soning, we employ task-specific metrics. Specifically, on the
FABA-Instruct dataset, we utilize the SEGE metric proposed
in FABA (Li et al. 2024), which aggregates the AU recogni-
tion F1 and the ROUGE-L score of textual descriptions. For
the FEA-20K dataset, we report ROUGE-L to measure the
textual similarity between generated and ground-truth rea-
sonings. Additionally, to comprehensively evaluate the relia-
bility of emotion reasoning, we propose employing GPT-4o-
mini (Hurst et al. 2024) as an automated evaluator for mea-
suring semantic similarity between generated and ground-
truth reasonings, with scores ranging from 0 to 10.

Compared Methods. The compared Methods are divided
into zero-shot and fine-tuned categories with distinct archi-
tectural approaches and training paradigms.

Dataset AU EL ER Images Train Test

DISFA ✓ 87, 192 52, 392 27, 654
BP4D ✓ 146, 847 100, 813 46, 034
RAF-AU ✓ ✓ 4, 601 3, 479 853
FER2013 ✓ 35, 887 28, 709 3, 589
AffectNet ✓ 303, 330 287, 618 3, 493
RAF-DB ✓ 29, 672 12, 271 3, 068
FABA-Instruct ✓ ✓ ✓ 14, 379 6, 060 314
FEA-20K (Ours) ✓ ✓ ✓ 19, 425 17, 737 1, 688

Table 1: Dataset summary. They are grouped according to
the annotation availability of action unit (AU), emotion label
(EL), and emotion reasoning (ER). The “Images” column
indicates the number of filtered images. The “Train” column
displays the total number of images for training. The “Test”
column indicates the number of images used for evaluation.

• Zero-shot methods leverage general visual-language
understanding capabilities acquired during pre-training
for FEA without task-specific fine-tuning. GPT-4o (Hurst
et al. 2024) and GPT4o-mini (Team 2024a) are state-
of-the-art commercial multimodal methods with excep-
tional visual understanding capabilities. We also evaluate
several open-source multimodal large language models,
including LLaVA-Next-7B (Liu et al. 2024b), InternVL-
7B (Chen et al. 2024b), and Qwen2.5-VL-7B (Bai et al.
2025). Though these methods demonstrate strong general
vision-language capabilities, they lack domain-specific
optimization for facial expression understanding.

• Fine-tuned Methods refer to models specifically opti-
mized on emotion-related datasets. Traditional methods
adopt end-to-end architectures that directly predict AU
or emotion labels without providing interpretable reason-
ing, including FMAE (Ning et al. 2024), Norface (Liu
et al. 2024a), JÂA-Net (Shao et al. 2020), S2D (Chen
et al. 2024a), and QCS (Wang et al. 2025). Despite their
impressive recognition performance, these methods typ-
ically lack intrinsic reasoning capabilities and are un-
able to generate coherent explanations for their predic-
tions. In contrast, facial-specialized VLMs adapt gen-
eral VLM to facial analysis tasks, enabling interpretable
and language-based reasoning. Exp-BLIP (Yuan, Zeng,
and Shan 2023) extends BLIP (Li et al. 2023) with
expression-focused pre-training; Face-LLaVA (Chaubey
et al. 2025) integrates facial attribute understanding into
LLaVA (Liu et al. 2024b); ExpLLM (Lan et al. 2025) en-
ables fine-grained expression description via multimodal
reasoning; and EmoLA (Li et al. 2024) enhances facial
analysis through language-augmented instruction tuning.
We also evaluate several facial-specialized VLMs on
FABA-Instruct dataset, including MiniGPT-4v2 (Chen
et al. 2023a), mPLUG-Owl2 (Ye et al. 2024), and
Shikra (Chen et al. 2023b).

Implementation Details. We build our proposed Facial-
R1 upon Qwen2.5-VL-7B (Bai et al. 2025), a vision-
language model that integrates a powerful vision encoder

26943



Method AU Recogniton (F1) ↑
DISFA BP4D RAF-AU FABA-Instruct

Zero-shot
GPT-4o 56.5 59.5 51.2 47.2
LLaVA-Next 23.7 21.4 18.8 24.1
InternVL 41.3 30.7 43.4 45.2
Qwen2.5-VL 22.1 16.9 20.7 26.3

Fine-tuned
FMAE 70.1 67.1 63.2 61.9▲

Norface 67.0 69.3 - -
JÂA-Net 56.0 60.0 - -
Exp-BLIP - 65.0 69.5 -
Face-LLaVA 72.9 65.8 - -
EmoLA 65.1 64.2 44.6▲ 56.3

Facial-R1 (Ours) 73.1 67.4 70.2 68.3

Table 2: Evaluation results of AU recognition. The best and
second results are highlighted in bold and underlined re-
spectively. ▲ denotes results reproduced from official code.

Method Emotion Recognition (Acc.) ↑
FER2013 AffectNet RAF-DB FABA-Instruct

Zero-shot
GPT-4o 61.1 48.9 62.7 64.2
LLaVA-Next 21.6 7.7 21.4 28.3
InternVL 56.3 43.6 56.3 62.7
Qwen2.5-VL 24.3 32.6 34.3 63.0

Fine-tuned
FMAE 68.3▲ 64.8 93.4 63.3▲

Norface - 68.6 92.9 -
S2D - 63.8 92.6 -
QCS 69.7▲ 64.4 93.0 64.7▲

ExpLLM 59.8▲ 62.9 91.0 63.7▲

EmoLA 59.7▲ 39.7▲ 92.1 64.5

Facial-R1 (Ours) 69.8 65.2 92.1 67.8

Table 3: Evaluation results of Emotion recognition.

with the Qwen2-7B large language model (Team 2024b). We
employ full-parameter fine-tuning with 16-bit mixed preci-
sion to accelerate training and DeepSpeed ZeRO-3 (Rajb-
handari et al. 2020) to reduce memory consumption. The
optimizer uses a learning rate of 2×10−5 with cosine decay
and a weight decay of 0.1 for regularization. All experiments
are conducted on 8 NVIDIA A800-80GB GPUs. We use a
batch size of 8, gradient accumulation over 4 steps, and 8
samples per group for GRPO-based reinforcement learning.

4.2 Main Results
Evaluation on AU Recognition Task. As summarized in
Table 2, our proposed Facial-R1 model consistently out-
performs existing methods across multiple AU recognition
datasets. On the DISFA dataset, Facial-R1 achieves the high-
est F1 score of 73.1%, surpassing Face-LLaVA (72.9%) and
other competitive methods. As specifically detailed in Ta-
ble 5, Facial-R1 achieves the best performance on multi-

Method FABA-Instruct FEA-20K

REGE ↑ ROUGE-L ↑ Score ↑
Zero-shot
GPT4o 79.8 32.3 5.80
LLaVA-Next 44.6 19.5 2.83
InternVL 60.7 26.7 5.41
Qwen2.5-VL 46.4 28.0 4.60

Fine-tuned
MiniGPT4-v2 77.8 22.6 4.52
mPLUG-Owl2 82.0 24.5 5.30
Shikra 94.6 29.7 5.72
EmoLA 96.2 30.1 5.66

Facial-R1 (Ours) 95.5 37.3 6.09

Table 4: Evaluation results of emotion reasoning.

ple action units such as AU6 (cheek raiser), and also ranks
highly on other action units. For BP4D, our approach attains
a competitive F1 score of 67.4%, ranking second only to
Norface (69.3%). The similar performance advantages are
observed on RAF-AU dataset and FABA-Instruct. Notably,
compared to the zero-shot Qwen2.5-VL baseline (20.7%),
Facial-R1 achieves an absolute improvement of 49.5%. It
demonstrates that our Facial-R1 significantly enhances the
ability of VLMs to recognize AUs, thereby improving the
interpretability of emotion reasoning.

Evaluation on Emotion Recognition Task. As shown in
Table 3, our proposed Facial-R1 achieves competitive results
across multiple emotion recognition datasets, demonstrat-
ing strong generalization and effectiveness. On the widely
used FER2013 benchmark, Facial-R1 attains a state-of-the-
art accuracy of 69.8%. It further achieves 67.8% accuracy on
FABA-Instruct, highlighting consistent performance across
diverse evaluation settings. On RAF-DB, Facial-R1 achieves
92.1% accuracy, slightly below specialized models such as
FMAE (93.4%). This marginal gap arises from the fact that
such models employ end-to-end optimization tailored to spe-
cific datasets, often at the expense of interpretability. In con-
trast, Facial-R1 maintains strong recognition performance
while providing transparent and robust explanatory mecha-
nisms—offering a meaningful advancement over black-box
classification approaches.

Evaluation on Emotion Reasoning Task. Beyond tradi-
tional AU and emotion recognition tasks, we further eval-
uate Facial-R1 on the more challenging emotion reasoning
task—one that demands fine-grained understanding of facial
cues and their semantic relationships with emotional states.
As shown in Table 4, on the FABA-Instruct dataset, Facial-
R1 achieves a REGE score of 95.5, demonstrating com-
petitive performance. On our more comprehensive FEA-
20K dataset, Facial-R1 shows clear superiority, attaining a
ROUGE-L score of 37.3—substantially outperforming all
methods, including EmoLA (30.1), and GPT-4o (32.3).

Similarly, in the GPT-aligned evaluation, Facial-R1
achieves the highest average score of 6.09. These results col-
lectively underscore Facial-R1’s strong capability in gener-
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Method AU1 ↑ AU2 ↑ AU4 ↑ AU6 ↑ AU9 ↑ AU12 ↑ AU25 ↑ AU26 ↑ Avg. ↑
Zero-shot
GPT4o-mini * 29.2 30.2 56.5 41.6 49.3 24.4 58.2 53.6 42.9
LLaVA-Next 22.4 20.6 24.8 19.2 17.9 28.4 33.5 22.8 23.7
InternVL 38.6 36.7 42.4 33.2 32.5 49.1 56.4 42.3 41.3
Qwen2.5-VL 20.8 19.2 23.0 17.9 17.1 26.3 30.9 21.6 22.1

Fine-tuned
JÂA-Net * 62.4 60.7 67.1 41.1 45.1 73.5 90.9 67.4 63.5
Norface 76.4 66.1 74.2 58.5 57.2 81.7 97.6 69.6 72.7
FMAE 62.7 59.5 67.3 55.6 61.8 77.9 95.0 69.8 68.7
EmoLA 50.5 56.9 83.5 55.2 43.1 80.1 91.6 60.0 65.1
Face-LLaVA * 63.6 62.3 79.0 73.3 71.0 83.2 90.2 60.6 72.9

Facial-R1 (Ours) 63.5 62.0 79.2 73.7 71.4 83.5 90.6 60.0 73.1

Table 5: Details analysis results on the 8 AUs of the DISFA dataset. * donates data source from Face-LLaVA.

Setting DISFA RAF-DB FEA-20K

F1 ↑ Acc ↑ ROUGE-L ↑ Score ↑
Full model 73.1 92.1 37.3 6.09

w/o SFT 59.1 88.1 33.1 5.62
w/o RL 54.3 81.2 26.5 5.24
w/o Syn 62.4 84.5 34.8 5.78

Table 6: Ablation of three stages of Facial-R1. “w/o SFT”
denotes removing the supervised finetuning stage, “w/o RL”
denotes removing the reinforcement learning stage, “w/o
Syn” denotes removing the data synthesis.

ating coherent, accurate, and semantically rich emotion rea-
soning, effectively establishing principled links between fa-
cial features and underlying emotional states.

4.3 Ablation Studies
To rigorously evaluate the contribution of each component
in our Facial-R1 framework and analyze the effectiveness
of our reward design, we conduct comprehensive ablation
experiments across three FEA tasks, examining both the im-
pact of different training stages and reward configurations.

Ablation of Stages. Table 6 demonstrates the critical con-
tribution of each training stage to Facial-R1’s performance.
The full model consistently outperforms all ablated variants
across all evaluation metrics. Removing the SFT stage re-
sults in substantial performance degradation, with F1 score
on DISFA dataset decreasing by 14.0% and accuracy on
RAF-DB dropping by 4.0%. The RL stage is the most cru-
cial component, as its removal leads to the most severe per-
formance drops—18.8% in F1 score on DISFA and 10.9%
in accuracy on the RAF-DB dataset. Additionally, removing
the data synthesis stage causing 10.7% and 7.6% decreases
in F1 on DISFA and accuracy on RAF-DB, respectively.

Ablation of Rewards. We validate the effectiveness of
each reward component in the RL stage through limited-
step inference experiments (600 steps) for computational ef-
ficiency, with results summarized in Table 7. The full config-

Setting DISFA RAF-DB FEA-20K

F1 ↑ Acc ↑ ROUGE-L ↑ Score ↑
All Rewards 60.4 85.7 34.7 6.01

w/o RAU 43.1 76.9 28.2 5.35
w/o Racc 58.9 68.9 24.8 5.64
w/o Rformat 60.0 71.6 34.8 5.86

Table 7: Ablation of different rewards in the RL stage. “w/o
RAU / Racc / Rformat” denotes removing the corresponding
reward, respectively

uration, incorporating all reward components, achieves the
best overall performance across multiple tasks. The AU re-
ward (RAU ) is critical for AU recognition, as its removal
leads to a substantial 17.3% drop in F1 score on DISFA. The
accuracy reward (Racc) plays a key role in emotion recogni-
tion, with ablation causing a 16.8% decrease in accuracy on
RAF-DB and a 9.9% drop in ROUGE-L score on FEA-20K.
While the format reward (Rformat) has a smaller impact on
quantitative metrics, it enhances response structure and read-
ability—evidenced by a 0.15% decline in human evaluation
score when omitted.

5 Conclusion
This paper proposes Facial-R1, a three-stage alignment
framework for Facial Emotion Analysis that effectively ad-
dresses the challenges of hallucination and misalignment be-
tween reasoning and recognition. The SFT stage employs in-
struction fine-tuning to reduce hallucinations in reasoning.
The RL stage designs three verifiable rewards to enhance
the explainability of emotion reasoning and the alignment
with emotions. The third stage of data synthesis overcomes
the data scarcity limitation through iterative data collection
and training. Experiments across eight diverse benchmarks
demonstrate Facial-R1’s superior performance in all three
FEA tasks. For future work, we plan to extend the powerful
reasoning capabilities of VLMs to other face-related tasks,
e.g., facial attribute editing, and explore more comprehen-
sive facial understanding systems.
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Facial Action Unit Detection and Face Alignment Via Adap-
tive Attention. International Journal of Computer Vision,
129: 321 – 340.
Shao, Z.; Wang, P.; Zhu, Q.; Xu, R.; Song, J.; Bi, X.; Zhang,
H.; Zhang, M.; Li, Y.; Wu, Y.; et al. 2024. Deepseekmath:
Pushing the limits of mathematical reasoning in open lan-
guage models. arXiv preprint arXiv:2402.03300.
Shu, Y.; Gu, X.; Yang, G.-Z.; and Lo, B. 2022. Revisit-
ing self-supervised contrastive learning for facial expression
recognition. arXiv preprint arXiv:2210.03853.
Sui, Y.; Chuang, Y.-N.; Wang, G.; Zhang, J.; Zhang, T.;
Yuan, J.; Liu, H.; Wen, A.; Zhong, S.; Chen, H.; et al. 2025.
Stop overthinking: A survey on efficient reasoning for large
language models. arXiv preprint arXiv:2503.16419.
Team, O. 2024a. GPT-4o mini: advancing cost-
efficient intelligence. https://openai.com/index/gpt-4o-
mini-advancing-cost-efficient-intelligence/. [Accessed 25-
02-2025].
Team, Q. 2024b. Qwen2 technical report. arXiv preprint
arXiv:2407.10671.
Wang, C.; Chen, L.; Wang, L.; Li, Z.; and Lv, X. 2025. QCS:
Feature refining from quadruplet cross similarity for facial
expression recognition. In Proceedings of the AAAI Confer-
ence on Artificial Intelligence, volume 39, 7563–7572.

Wang, P.; Bai, S.; Tan, S.; Wang, S.; Fan, Z.; Bai, J.; Chen,
K.; Liu, X.; Wang, J.; Ge, W.; et al. 2024. Qwen2-vl: En-
hancing vision-language model’s perception of the world at
any resolution. arXiv preprint arXiv:2409.12191.
Wu, J.; Shi, Z.; Wang, S.; Huang, J.; Yin, D.; Yan,
L.; Cao, M.; and Zhang, M. 2025a. Mitigating Hallu-
cinations in Large Vision-Language Models via Entity-
Centric Multimodal Preference Optimization. arXiv preprint
arXiv:2506.04039.
Wu, Y.; Zhou, Y.; Ziheng, Z.; Peng, Y.; Ye, X.; Hu, X.; Zhu,
W.; Qi, L.; Yang, M.-H.; and Yang, X. 2025b. On the gen-
eralization of sft: A reinforcement learning perspective with
reward rectification. arXiv preprint arXiv:2508.05629.
Yan, W.-J.; Li, S.; Que, C.; Pei, J.; and Deng, W. 2020. Raf-
au database: in-the-wild facial expressions with subjective
emotion judgement and objective au annotations. In Pro-
ceedings of the Asian conference on computer vision.
Yang, Q.; Bai, D.; Peng, Y.-X.; and Wei, X. 2025. Omni-
Emotion: Extending Video MLLM with Detailed Face and
Audio Modeling for Multimodal Emotion Analysis. arXiv
preprint arXiv:2501.09502.
Ye, Q.; Xu, H.; Ye, J.; Yan, M.; Hu, A.; Liu, H.; Qian, Q.;
Zhang, J.; and Huang, F. 2024. mplug-owl2: Revolutioniz-
ing multi-modal large language model with modality collab-
oration. In Proceedings of the ieee/cvf conference on com-
puter vision and pattern recognition, 13040–13051.
Yuan, Y.; Zeng, J.; and Shan, S. 2023. Describe Your Fa-
cial Expressions by Linking Image Encoders and Large Lan-
guage Models. In BMVC, 377.
Zhang, J.; Huang, J.; Jin, S.; and Lu, S. 2024. Vision-
language models for vision tasks: A survey. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence.
Zhang, X.; Yin, L.; Cohn, J. F.; Canavan, S.; Reale, M.;
Horowitz, A.; Liu, P.; and Girard, J. M. 2014. Bp4d-
spontaneous: a high-resolution spontaneous 3d dynamic fa-
cial expression database. Image and Vision Computing,
32(10): 692–706.
Zhang, X.; Zhang, T.; Sun, L.; Zhao, J.; and Jin, Q. 2025.
Exploring interpretability in deep learning for affective com-
puting: a comprehensive review. ACM Transactions on Mul-
timedia Computing, Communications and Applications.

26947


