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Abstract

Listener facial expression generation in natural dyadic interaction
requires responses that are not only realistic, but also consistent
with social norms and emotional expectations, which are often
reflected in human preferences. However, human-preference align-
ment remains largely underexplored in listener facial expression
generation. In this paper, we propose a human-preference aligned
listener facial expression generation method by leveraging human
feedback to produce emotionally and socially appropriate expres-
sions for natural dyadic interaction. A key idea of our method is
to frame the generation of listener facial expressions as an action
learning problem, allowing human feedback to assess the quality
of responses without being confounded by the listener’s appear-
ance. Specifically, we first train a vision-language-action model via
supervised fine-tuning to map the speaker’s multimodal cues to low-
dimensional facial actions. We then construct a human preference
dataset by collecting annotations over sampled listener responses,
and further introduce a human-feedback reinforcement learning
strategy to optimize the model via direct preference optimization
(DPO). Experiments on the L2L-Trevor and RealTalk benchmarks
show that our method improves emotional alignment and social
appropriateness while maintaining competitive motion quality.
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1 Introduction

Listener facial expression generation in dyadic interaction aims
to generate the listener’s facial responses based on the speaker’s
multimodal cues, such as speech, language, and visual dynamics, to
enable more human-like expression interactions, which has drawn
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Figure 1: Examples of facial expression generation with (Lis-
tener B) and without (Listener A) human preference align-
ment. Listener B, aligned via human feedback, generates a
disgust expression consistent with the Speaker’s emotion,
whereas the unaligned Listener A generates an inconsistent
happiness expression.
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increasing attention in human—-computer interaction [25, 49]. Re-
cent advances [5, 14, 28, 49] in dyadic facial expression genera-
tion leverage deep generative models [15], such as diffusion net-
works [4, 13, 26] and generative adversarial networks [9], to gener-
ate listeners’ facial expressions conditioned on the speaker’s multi-
modal cues, and can produce realistic listener behaviors. However,
natural listener facial expression generation requires more than
visual realism. Appropriate listener responses should also conform
to social norms and emotional expectations, thereby aligning with
human preferences. This alignment is crucial, as evidence from both
social psychology [38] and conversation analysis [12] suggests that
expressions misaligned with contextual or social norms (e.g., in-
appropriate emotion or disregard for “preference organization” in
turns) can disrupt interactional flow and reduce user acceptance.
A typical example of this limitation can be seen in Listener A in
Figure 1, where the listener generates a happiness expression while
the speaker conveys disgust, likely leading to conversational disso-
nance and a breakdown in social rapport. In this paper, we focus
on listener facial expression generation aligned with human pref-
erence, aiming to ensure that listener expressions are emotionally
appropriate and socially compatible with human expectations.

A natural way to achieve alignment with human preference is to
incorporate human feedback into the learning process, allowing the
model to move beyond merely imitating observed behaviors toward
generating expressions that better reflect human judgment. How-
ever, directly using the feedback to generate facial expression in
dyadic interaction is non-trivial. First, generated expressions are of-
ten entangled with identity and appearance, making it challenging
to obtain unbiased human feedback that truly reflects the expression
quality. This entanglement causes human raters to confuse visual
realism or appeal with the quality of expressions. Consequently, the
human feedback would become sensitive to appearance rather than
to the objective expressions, limiting its reliability as a learning
signal for human-preference alignment. Second, even with reliable
annotations, it remains difficult to transform such feedback into
an effective supervision signal for sequential facial expression gen-
eration, where appropriate responses must continuously adapt to
the speaker’s evolving multimodal behaviors and conversational
context.

In this paper, we propose a novel two-stage method of listener
facial expression generation aligned with human preference by
leveraging human feedback to produce contextually and emotion-
ally appropriate listener expressions for natural dyadic interaction.
Our key idea is to formulate listener facial expression generation as
an action learning problem, where facial parameters are predicted in
a facial action space rather than assessed directly from the listener’s
visual appearance. This formulation helps human feedback focus
more on expression quality and social appropriateness, thereby
reducing the influence of listener appearance on preference judg-
ments. Specifically, we use a vision-language—action model and
use a supervised fine-tuning strategy to map the speaker’s facial
motion and language cues into controllable low-dimensional ex-
pression actions represented on a 3D morphable model. We further
introduce a human-feedback reinforcement learning strategy to
integrate imitation of desirable expressions with human-feedback-
guided refinement, enabling iterative optimization of alignment
quality. By introducing human-feedback reinforcement learning,
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our listener (exemplified by Listener B in Figure 1) generates aligned
expressions, such as generating disgust expressions in response
to the speaker’s disgust emotion, which significantly improves
interactional coherence and perceived social appropriateness. As
demonstrated in the bottom row of Figure 1, our method achieves
superior alignment with the speaker’s "disgust” cues, fostering a
more natural and socially resonant dyadic interaction.

We evaluate our method by generating listener expressions on
two widely used datasets: L2L-Trevor [28], and RealTalk [8]. Ex-
perimental results show that our method consistently outperforms
strong baselines in terms of emotional alignment and social ap-
propriateness. In particular, while the supervised fine-tuning stage
provides strong motion fidelity, the subsequent human-feedback
optimization further improves affective metrics and perceptual qual-
ity, demonstrating that preference-driven learning effectively shifts
the optimization target from simple geometric reconstruction to
socially and emotionally appropriate listener expression generation.
These findings are further supported by user studies, where our
method achieves the highest ratings across the evaluated metrics.

The main contributions of this work are summarized as follows:

e We introduce human-preference alignment into listener fa-
cial expression generation for natural dyadic interaction,
aiming to generate listener responses that are more socially
and emotionally appropriate.

e We propose a method that formulates listener facial expres-
sion generation as an action learning problem to reduce
the influence of listener appearance, and further combines
supervised fine-tuning with human-feedback preference op-
timization based on DPO to improve emotional alignment
and social appropriateness.

2 Related Work

2.1 3D Talking Head Generation

Existing 3D talking head generation methods have primarily fo-
cused on single/dyadic-role and audio-driven facial animation syn-
thesis. Early works focus on lip-synchronized facial animations
aligning to the speaker’s audio [2, 11]. Recent works such as Face-
Former [7] and CodeTalker [41] introduce the Transformer architec-
tures to capture long-term dependency of multimodal information
for generating facial meshes with geometric structure, achieving
high-precision lip synchronization and realistic 3D talking head
generation. To further improve generation quality and efficiency,
recent research has made improvements from both architectural
and training strategy perspectives, such as SadTalker [46], Talk-
ingMachines [24], and so on. Besides, MultiTalk [37] constructs a
cross-lingual dataset and improves the accuracy of mouth shape
synchronization under different language inputs by introducing
multilingual style embeddings. ConsistentAvatar [43] introduces
a diffusion-based neural render to generate temporal, 3D-aware,
and expression-consistent talking head avatars. DualTalk [32] ex-
tends audio-driven 3D talking head generation to dyadic interaction
modeling.

Prior to our work, Avatar Forcing [18] introduces preference
alignment into 3D talking head generation, enhancing expressive-
ness through direct preference optimization (DPO). However, its
alignment is constrained by reliance on synthetic proxy data rather
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than real human feedback, which limits its ability to capture the
subtle and complex social norms as well as emotional expectations
in human-to-human interaction. In contrast, our work focuses on
listener facial expression generation in dyadic interaction and con-
structs preference supervision directly from real human feedback
annotations. By formulating listener facial expression generation
as an action learning problem, our method reduces the influence
of listener appearance on human feedback and enables preference
optimization toward socially and emotionally appropriate listener
behaviors.

2.2 Listener Modeling

The goal of listener modeling is to generate listeners’ non-verbal
feedback (such as nodding, smiling) based on the speaker’s mul-
timodal inputs, or to achieve dynamic switching between both
roles. In the listener feedback generation task, L2L [29] first uses
VQ-VAE to discretely encode head motion sequences, generating
non-deterministic listening reactions. Subsequently, RLHG [48]
proposes the ViCo dataset and establishes a baseline model based
on sequential decoding. Further, ELP [36] and CustomListener [23]
enhance reaction diversity and controllability from the perspectives
of emotional priors and text control, respectively. In the domain
of dyadic interaction modeling, some prominent methods have
emerged, e.g., DIM [40] and INFP [49], etc. DIM [40] generates non-
deterministic facial motions in dyadic interactions by utilizing a VQ-
VAE to encode actor motions into discrete latent representations.
INFP [49] introduces an audio-driven interactive head generation
framework that operates through a two-stage pipeline.

Existing listener modeling methods (e.g., L2L [29], UniFaRN [21],
REA-Listener [47], DIM [40], MMLHG [19]) have achieved remark-
able progress. Most of them rely on imitation learning from real-
world datasets and treat all samples in a dataset as equally "correct",
failing to distinguish between high-quality social interactions and
neutral or inattentive listener states. In contrast, our method explic-
itly learns from human-preference feedback to generate listener
expressions that are not only realistic but also socially and emo-
tionally appropriate.

2.3 Preference Alignment in Generative Tasks

Preference alignment has emerged as a key problem for steering
generative models toward outputs that better reflect human judg-
ment, and has achieved foundational success in natural language
processing [3, 34, 35]. The study of preference alignment has sub-
sequently been extended to other modalities. In audio and speech
synthesis, methods such as BATON [22] and SpeechAlign [45] have
demonstrated that incorporating human-centric utility metrics can
enhance prosodic quality and emotional expressiveness beyond
the limits of conventional maximum-likelihood training. A similar
trend is observed in the vision-language domain, where models
like SHAPE [17] employ preference-based tuning to improve the
relevance and coherence of generated descriptions.

These advances underscore the effectiveness of preference-driven
learning across modalities, while the alignment of human prefer-
ences in facial expression generation remains unexplored. A core
challenge is to obtain human feedback that reliably reflects expres-
sion quality. Our method addresses this challenge by formulating
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listener facial expression generation as an action learning problem
in an action space, thereby reducing the influence of listener ap-
pearance on human feedback and enabling preference optimization
toward socially and emotionally appropriate responses.

3 Method

3.1 Problem Formulation

We formulate listener facial expression generation in dyadic inter-
action as a sequential action learning problem. Given a sequence of
the speaker’s multimodal inputs, denoted as Sy.; = {s1, 82, ...,8¢},
where each state s; = (I;,L;) comprises visual frames I; and lan-
guage content L;, our goal is to learn a policy my that generates
appropriate listener facial parameters A; ~ 7g(|S;.;) at each time

step.
The facial parameters A; = [a;'";al**] consist of expression

coefficients anp € RP*? and head pose parameters afose € RPP,
and they are used to render the 3D face mesh M, through the
FLAME model [20] while maintaining the fixed identity parameters

a*h?Pe given by
M, = FLAME (a®"¢, a;®, aP**). (1)

This formulation directly serves our goal of human-preference
alignment. By defining the listener’s response as a policy output in
a sequential interaction, our method is suitable for feedback-driven
learning, allowing the model to adapt based on human judgments.
Moreover, the use of identity-agnostic facial parameters as actions
focuses the policy on learning transferable expression dynamics
and establishes a disentangled space for collecting human feedback
that targets social appropriateness rather than visual appearance.

3.2 Overview of the Method

We propose a facial expression generation method aligned with
human preferences. As illustrated in Figure 2, our method oper-
ates in two stages. In the first stage, the vision-language-action
(VLA) model takes the speaker’s images {I;, I, ..., Ir} and the cor-
responding text content {L;,Ly,...,Lr} as inputs to predict the
listener’s facial expression actions A; = [a;'";al**]. During this
stage, the model is trained via Supervised Fine-Tuning (SFT) to
imitate the ground-truth listener actions, thereby acquiring a foun-
dational capability for facial expression synthesis. In the second
stage, we introduce a Human-Feedback Reinforcement Learning
strategy. We utilize the policy (i.e., the VLA model trained in the
SFT stage) to sample N candidate listener actions {Al ,, ..., All\:]T .
Subsequently, these sampled actions are rendered into visual lis-
tener responses to facilitate human assessment. These generated
responses, together with the ground-truth (GT) response AJ , are
then evaluated and ranked by human annotators. According to
these rankings, we designate the highest-scored response as the
human-preferred (Pre) sample and the lowest-scored response as
the human-dispreferred (Dispre) sample. Finally, we employ the
Direct Preference Optimization (DPO) algorithm to optimize the
policy using these selected preference pairs.

3.3 Vision-Language-Action Model

Our vision-language-action model consists of three key compo-
nents: multimodal input encoding, action de-tokenizer, and a large
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Figure 2: Overall framework of our method.

language model (LLM) backbone. In this work, we use the 7B-
parameter LLaMA 2 language model as the backbone [39].

3.3.1 Multimodal Input Encoding. Given a video sequence of the
speaker containing T frames {Iy, I, ..., Ir}, we first extract com-
prehensive visual features. These features are fed into a projector
to map them into the input space of the LLM, yielding a sequence
of image tokens.

To capture both fine-grained facial dynamics and global semantic
context, we employ a dual-stream visual encoder. For each frame
I;, we extract visual features using pre-trained DINO [30] and
SigLIP [44] models, given by

vl — DINO(I,), v = SigLIP(I,), @)

where vii"® € R% captures pose and subtle expression details, while
Vilghp € R% encodes global affective semantics and social cues. The
motivation for adopting this dual-branch encoder is that effective
listener response necessitates both the capture of fine-grained facial
details and head poses, as well as a high-level interpretation of
emotional context.

The visual features are then projected and aggregated into image
tokens F¥1%1°" through a multi-layer perceptron projector MLPV® to
map them into the input space of the LLM, given by

Fvision _ {MLPWS([Vdmo stghp )}t " (3)

where [+; -] denotes concatenation.

The text content {L;} is tokenized into text tokens F** through
the LLaMA [39] tokenizer,

F'* = {LLaMATokenizer(L;)}’_, . )

Subsequently, these text tokens are concatenated with image tokens
to serve as the unified multimodal input.

3.3.2  Action De-Tokenizer. To align continuous facial motions with
the discrete output space of the LLM, we implement a quantization
strategy that maps continuous parameters into discrete tokens. In-
spired by the work RT-2 [1], we discretize each dimension of the
facial actions into 256 bins. To determine the optimal quantization
boundaries, we first sort the action values from the training corpus,
and truncate the top and bottom 1% to eliminate statistical outliers.
The bins are then uniformly distributed over the remaining effective
value range. This strategy effectively filters out noise and ensures
that the limited representational capacity (i.e., the 256 bins) is con-
centrated within the valid motion interval, thereby significantly
enhancing the modeling granularity for subtle micro-expressions
and head poses. Finally, the discrete action tokens F*°" predicted
by the LLM are computed by

Faction — LLM( [Fvision; Ftext] ) . (5)

F2ction js mapped back to the continuous action Aj.1 to synthesize
the listener’s response via

Ay.r = ActionDe-Tokenizer (Fatony. (6)
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3.3.3 Supervised Fine-Tuning. The first stage employs supervised
fine-tuning to establish a reliable VLA mapping from multimodal in-
puts to facial actions. Given a dataset Dspr = {(I1.1, L1.1, A’{:T)i}fil
containing aligned sequences of visual inputs I,.7, text inputs L;.t,

exp*® _pose*

and ground-truth facial actions Ai:T = {a1:T L& }, we use cross-

entropy loss Lcross to optimize the VLA parameters 6

Aex u o
P
Lpre = T Z Lcross(ajxp > aﬁXp)_'_
t=1
o ™)
pose *
=5 D Lososs (@] a0™)),
t=1

where Aexp and Apose balance the contribution of expression and
pose terms. To ensure temporal coherence and identity consistency,
we incorporate additional regularization terms as

N T-1
1 1
Liemp = 37 27— 2, N = af® I3 + a3y = a}™ 1), @)
i=1 =1
We yield the overall loss function
9;1:1‘ =arg mgin [Lpre + Atemthemp], (9)

where Aiemp is the trade-off parameter. The model trained through
Eq. (9) serves as a strong initial policy 6% that produces visually
coherent and identity-consistent facial responses, providing a solid
foundation for subsequent human-feedback optimization.

3.4 Human-Feedback Reinforcement Learning

3.4.1 Human Feedback Dataset Construction. To support human-
preference alignment for listener facial expression generation, we
develop a human feedback data construction pipeline that converts
multi-dimensional human ratings into high-confidence preference
pairs for downstream optimization. Specifically, we first use the
initial policy mg;_ to sample N = 4 candidate listener actions

{A{:T }ﬁ\’: , for each speaker multimodal input Sy.7. This yields a set

of candidate trajectories {(S;.7, A{:T)}j.\f: ,- To provide an in-context
human reference within each group, we additionally include the

ground-truth action sequence Aj ., forming a candidate group

gcand = {(SI:T’ A%:T)’ cees (SI:T, AllvT 5 (Slth ATT)} (10)

We then render the trajectories (S.7, A{:T) into the speaker-listener
interaction videos 7/, so that annotators can assess the listener’s
facial behavior in the full dyadic context rather than from isolated
motion signals alone.

To obtain reliable human preference annotations, we adopt a rig-
orous annotation protocol that operationalizes human preference
using four dimensions: Empathy (Emp.), Appropriateness (App.),
Engagement (Eng.), and Naturalness (Nat.). We ask M = 30 an-
notators, all of whom are undergraduate students or above and
have been carefully instructed on the annotation protocol, to eval-
uate the rendered speaker-listener videos. Each candidate group
is independently evaluated by all M annotators to obtain human
feedback that is more representative of general human preference
and less sensitive to individual variation. During annotation, the
candidate videos within each group are presented in random order,
and their source identities are hidden from the annotators. An-
notators are allowed to replay the videos when necessary before
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assigning scores. These dimensions are motivated by prior work on
empathy in interactive agents [42], socially appropriate affective
responses in context [27], engagement as a key factor in conver-
sational interaction quality [31], and naturalness as an important
perceptual criterion for facial expression animation [10]. Together,
these dimensions capture whether a listener response is affectively
attuned to the speaker, socially appropriate to the conversational
context, interactionally involving, and perceptually plausible. For
more detailed information on each dimension, please refer to the
supplementary materials.

Annotators evaluate each candidate video 7/ along these four di-
mensions. For the m-th annotator, the preference score of each
candidate video 7/ is computed by

"™ (77) =ctempEmpathy™ (/) + aapp Appropriateness™ (7/)

+ aengEngagementm(Tj) + anaNaturalness™ (/). (1)
The weighting coefficients emp, Qapp, Xeng: onat € [0, 1] balance
the relative importance, with }} & = 1 ensuring normalized rating.
We set the four weights equally in our experiments. Since each
candidate group is evaluated by all 30 annotators, we obtain the
final preference score of each candidate video by averaging the
scores across annotators

M

F(r)) = ﬁ Z (7). (12)

m=1

In this way, the final score reflects a more broadly shared and stable
human preference rather than an individual subjective judgment.
We obtain a preference score for each trajectory within every can-
didate group

G= {(SltT, Ai:T’ fl)’ cees (Sl:T’ Af{’[‘, fN)’ (SI:T’ A;Ta f*)}- (13)

which serves as the final scored candidate group for subsequent
preference pair construction.

3.4.2  Preference Pair Construction. Although annotators provide
multi-dimensional ratings, our downstream optimization is based
on pairwise preference learning rather than absolute score regres-
sion. We therefore use the aggregated scores in Eq. 11 to rank the
candidates within each group and convert the ranked candidates
into binary preference pairs for subsequent optimization. Specifi-
cally, we designate the highest-ranked trajectory as the preferred
response (A}".) and the lowest-ranked trajectory as the dispreferred
response (AILT). This selection strategy yields a large preference
margin and thus provides a higher-confidence supervision signal
for preference alignment than comparisons between closely ranked
candidates. Intuitively, the preferred response A", exhibits stronger
emotional attunement, better contextual appropriateness, higher
interactional engagement, and greater perceptual naturalness than
the dispreferred response AII:T. Subsequently, we construct the final
preference dataset

Dpret = {(Sur, AL, AL HE L (14)

for Direct Preference Optimization (DPO) [33] training, where A}",
and Al1;T denote the preferred (Pre) and dispreferred (Dispre) ac-
tions, respectively. This dataset serves as the supervision signal for
subsequent direct preference optimization.
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Table 1: Quantitative comparison on the L2L-Trevor dataset.

Xu Chen et al.

Method L2 | FD | Variation Diversity P-FD | L2 Affect(10?) |
GT 0.1254 2.5427
Random 0.6852 33.5481 0.1458 2.7813 34.5579 12.4864
NN 0.6047 28.4186 0.0914 2.1486 26.7514 10.6842
LM-Listener [29] 0.4345 17.6299 0.1189 2.9374 19.1583 6.3992
DIM [40] 0.3213 12.6872 0.1515 2.0347 24.5681 5.4751
DiffListener [16] 0.4000 15.7500 0.1000 2.9600 17.7500 -
MMLHG [19] 0.2910 10.0949 0.0704 2.2960 11.3908 2.6575
Ours (SFT) 0.3015 9.1473 0.0814 2.1756 11.2975 2.5724
Ours (SFT+RL) 0.3129 10.2385 0.0919 2.3754 10.8247 2.4842
Table 2: Quantitative comparison on the RealTalk dataset.
Method L2 ] FD | Variation Diversity P-FD | L2 Affect(10%) |
GT 0.0478 1.7250
Random 0.3749 17.2541 0.0549 1.9452 18.4436 24.1739
NN 0.3147 16.0572 0.0496 1.6241 15.9657 20.1478
LM-Listener [29] 0.2416 10.8423 0.0402 1.6148 10.5483 12.2730
MMLHG [19] 0.1021 3.7914 0.0234 1.2643 3.8145 6.0427
Ours (SFT) 0.0824 3.2425 0.0371 0.9142 3.8036 4.5207
Ours (SFT+RL) 0.0973 3.5842 0.0421 1.2457 3.7914 4.3531

3.4.3 Direct Preference Optimization. We optimize the policy mp
using Direct Preference Optimization (DPO). We initialize the policy
mg with the supervised fine-tuned model 7;er = 6% and freeze a

copy of 7.f to serve as the reference policy. The loss function is

defined as

7o (A} | Sir)

”ref(Aluz)T [ Si.1)
mo(Al L | S1r) )

”ref(Ai:T | Si.7) ,

Lyolicy = —E| log a(ﬁlog

- Plog

where o denotes the sigmoid function, and f is a hyperparameter
controlling the strength of the KL-divergence constraint. In this
way, the model is encouraged to generate listener facial expressions
that are more consistent with human preferences while remaining
close to the supervised initialization.

4 Experiments

4.1 Experimental Setup

4.1.1 Datasets. We evaluate our method on two interaction datasets:

L2L-Trevor [28], and RealTalk [8]. L2L-Trevor is a single-listener
dataset originally introduced in the work [28]. RealTalk dataset is a
more extensive corpus involving diverse speaker-listener pairs, and
comprises 692 dialogue videos, totaling 115 hours of conversational
interaction. These datasets collectively enable thorough evaluation
of facial expression generation across different interaction scenar-
ios. More details on the datasets preprocessing procedures and
implementation details are provided in the Supplementary Material.

4.1.2  Baseline Methods. Following the evaluation protocol in [19],
we primarily compare our method with six baselines: Random, Near-
est Neighbor (NN), LM-Listener [29], DiffListener [16], DIM [40],
and MMLHG [19]. Random and NN serve as simple non-learning
baselines. LM-Listener is a language-model-based listener genera-
tion method. DiffListener is a diffusion-based approach for listener
facial behavior generation. DIM adopts an encoder-decoder frame-
work trained with contrastive learning to model speaker-listener
interactions. MMLHG is the current state-of-the-art framework
that synthesizes listener reactions by fusing conversational content
with the speaker’s facial FLAME parameters.

4.1.3  Evaluation Metrics. We employ comprehensive metrics to
assess different aspects of generated facial expressions. The L2 dis-
tance quantifies reconstruction accuracy: L2 = % Zthl lA; — Af|2.
The Fréchet Distance (FD) measures distribution similarity between
generated and real facial motions. The Paired FD (P-FD) evalu-
ates motion quality while preserving temporal alignment: P-FD =
5 >N FD(A], A;). The L2 Affect for synchrony (L2 Affect) quanti-
fies the accuracy of the predicted listener emotional affect across
the sequence: L2 Affect = ﬁ Zﬁl(ﬁi - 17,»GT)2, where v denotes the
facial emotional affect for the i-th frame, as estimated by the pre-
trained EMOCA [6] model. The Variation and Diversity quantify
the richness and dynamic properties of the generated facial actions.

4.2 Quantitative Evaluation

Table 1 and Table 2 present the comprehensive quantitative results
across the two datasets, respectively. The corresponding L2-affect
value of DiffListener is denoted by "—" because this metric is not
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Figure 3: Qualitative comparison of generated listener expressions on the RealTalk dataset. Our method produces more
appropriate and emotionally aligned responses compared to baseline methods.

reported in the original work. In Table 2, we re-implement LM-
Listener and MMLHG [19] on the RealTalk [8] dataset to ensure
a fair comparison. We do not further reproduce DIM and DiffLis-
tener on RealTalk, because these two methods were not originally
tested on this dataset, while LM-Listener and MMLHG are the most
relevant baselines for comparison with our method. In particu-
lar, MMLHG is the more recent and stronger multimodal baseline
among existing methods.

Overall, our method demonstrates superior performance com-
pared to existing methods. Specifically, our SFT model (i.e., our
VLA model trained via supervised fine-tuning) excels in motion
fidelity, achieving the lowest FD scores of 9.1473 (vs. MMLHG’s
10.0949 DIM’s 12.6872, and DiffListener’s 15.7500) on L2L-Trevor
and 3.2425 (vs. MMLHG’s 3.7914) on RealTalk. Furthermore, the SFT
model attains an L2 error of 0.0824 on RealTalk, significantly outper-
forming the values of 0.1021 and 0.2416 obtained by MMLHG and
LM-Listener methods, respectively, which confirms its precision in
capturing authentic facial dynamics. On the L2L-Trevor dataset, the
additional baselines DiffListener and DIM achieve performance be-
tween LM-Listener and MMLHG, further showing that our method
remains superior to a diverse set of existing approaches.

Most importantly, the integration of the reinforcement learning
stage (i.e., SFT+RL) drives substantial improvements in semantic
and emotional alignment. As shown in Table 2, our SFT+RL model
achieves the best L2 Affect score of 4.3531, surpassing both the
SFT baseline (4.5207) and MMLHG (6.0427) by a wide margin. Sim-
ilarly, on the L2L-Trevor dataset shown in Table 1, our SFT+RL
model records the lowest P-FD of 10.8247, improving upon the SFT
model’s 11.2975 and outperforming LM-Listener, DiffListener, DIM,
and MMLHG (with corresponding P-FD scores of 19.1583, 17.7500,
24.5681, and 11.3908, respectively). While the RL model exhibits a
marginal increase in FD (e.g., 3.5842 on RealTalk and 10.2385 on
L2L-Trevor) indicating larger reconstruction errors, its superior
performance in affective metrics validates that our reinforcement
learning strategy effectively prioritizes social appropriateness and
emotional consistency over simple geometric reconstruction.

4.3 Qualitative Evaluation

We visualize the listener responses generated by our method and
baselines alongside the ground truth in Figure 3. We compare our
method with LM-Listener [29] and MMLHG [19] in the qualitative
evaluation, as these two methods are the most relevant baselines to
our setting and have also been reproduced on the RealTalk bench-
mark for a fair comparison. As observed in the left column, when
the speaker expresses joy while discussing “biggest surprises”, the
LM-Listener [29] fails to react, producing a neutral and apathetic
face. MMLHG [19] captures some positive sentiment, while our
method also generates a more natural and intense smile, demon-
strating superior emotional synchrony with the speaker’s state.

The middle column in Figure 3 highlights the advantage of our
preference alignment strategy. The speaker discusses a serious
topic (“weren’t sober”), necessitating a somber or attentive listener
reaction. MMLHG exhibits a “hallucinated” positive emotion, gener-
ating an inappropriate smile that violates social norms. In contrast,
our model correctly interprets the context and synthesizes a serious,
attentive expression. As seen in the right column, while our model
aligns well with the speaker’s emotion, LM-Listener fails to produce
emotionally consistent expressions. These results confirm that our
method not only mimics facial motions but also understands social
appropriateness, avoiding the “generic positivity” bias often found
in SFT-based models.

4.4 User Study

To evaluate the perceptual quality and social appropriateness of
the generated listener responses, we conduct a comprehensive user
study involving 25 participants (aged 19-31, all university students
or graduates). Each participant is presented with a series of videos.
Each contains a speaker’s video along with four corresponding lis-
tener responses generated by the two baseline models (LM-Listener
and MMLHG), our SFT model, and our SFT+RL model. Partici-
pants are asked to rate the responses across four dimensions of
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Table 3: User study results (Mean Opinion Score, 1-5 scale).
Our method achieves the highest ratings across all aspects.

Method App. Emp. Eng. Nat.
LM-Listener [29] 2.7 3.1 3.4 29
MMLHG [19] 3.0 33 35 3.1
Ours (SFT) 32 34 37 33
Ours (SFT+RL) 4.5 4.1 4.2 4.5

Table 4: Ablation study on the RealTalk dataset.

Method L2| FD| P-FD| L2 Affect(10?) ]
Full (Ours) 0.0973 3.5842 3.7914 4.3531
Random-Prefer | 0.3142 12.3549 12.0354 15.2463

SFT-Preferred
SFT-Only

0.1132  3.6791 3.9165 5.519
0.0824 3.2425 3.8036 4.5207

Appropriateness (App.), Empathy (Emp.), Engagement (Eng.), and
Naturalness (Nat.).

Ratings were assigned using a 5-point Likert scale, ranging from
1 (lowest quality) to 5 (highest quality). Upon the completion of
the annotation process, we calculated the Mean Opinion Score
(MOS) for each model across all test samples to derive the final
evaluation results. The average score for a specific dimension k €
{App., Emp.,Eng., Nat.} is calculated as

N
MOS = % ; score (7). (16)
where N denotes the total number of evaluated video samples and 7
denotes the evaluation video. More details of the user study protocol
are provided in the Supplementary Material.

The quantitative results are summarized in Table 3. Our SFT+RL
method achieves significantly higher scores across all categories.
Notably, the RL stage yields substantial gains over the SFT baseline,
boosting Appropriateness from 3.2 to 4.5 and Empathy from 3.4 to
4.1. Furthermore, our method outperforms the strongest baseline
MMLHG by a wide margin (e.g., +1.5 in Appropriateness and +0.8
in Empathy). These results confirm that our reinforcement learning
strategy, guided by human feedback, effectively aligns the generated
facial expressions with human social preferences, ensuring they
are not only natural but also socially adept and empathetic.

4.5 Ablation Study

We validate our design choices by comparing the full model against
three variants: (1) SFT-Only, where the stage-one model is used
directly; (2) Random-Prefer, where DPO is used with random pref-
erence labels; and (3) SFT-Preferred, which uses standard SFT on
the labeled trajectories with human preference. These variants
are designed to examine the necessity of preference optimization,
the importance of accurate human feedback, and the advantage of
human preference learning over straightforward supervision on
preferred samples.

Xu Chen et al.

As shown in Table 4, comparing Full (Ours) with SFT-Only re-
veals a clear trade-off: while SFT-Only yields lower reconstruction
errors (L2/FD) by strictly imitating the ground truth trajectories,
our Full model achieves superior P-FD and L2 Affect scores.

This result shows that the preference optimization stage effec-
tively shifts the learning objective from geometric reconstruction
toward social and emotional alignment. The degraded performance
of Random-Prefer further demonstrates that the gains of our method
do not come from the DPO procedure alone, but rely on accurate
human preference supervision. Besides, our method outperforms
SFT-Preferred, demonstrating that the contrastive DPO objective,
which distinguishes between preferred and dispreferred behaviors,
is more effective than straightforward supervision on positive sam-
ples alone. Overall, these ablation results consistently confirm the
effectiveness of our full design.

4.6 Discussion and Limitations

While our method achieves strong improvements in human prefer-
ence alignment, it also reveals a trade-off with visual consistency.
In particular, preference optimization improves emotional align-
ment and social appropriateness, but may slightly reduce geometric
fidelity in some cases. A possible reason is that the preference pairs
used for training are selected based on human judgments rather
than guaranteed inclusion of the ground-truth response.

In addition, the current preference construction strategy does
not fully exploit all available human annotations. To obtain more
reliable supervision, we only retain the highest-ranked and lowest-
ranked responses in each candidate group, leaving a considerable
amount of potentially useful annotated data unused. More data-
efficient preference learning strategies that exploit intermediate-
ranked candidates or the full ranking structure may further improve
performance.

5 Conclusion

In this paper, we presented a novel method of listener facial expres-
sion generation aligned with human preference for dyadic inter-
actions. Our method can effectively incorporate human feedback
to ensure that generated listener expressions are contextually and
emotionally congruent with the speaker’s cues. Our method frames
the generation of listener facial expressions as an action learning
problem, which can make the collection of unbiased human feed-
back focused more on expressive quality and social appropriateness.
We introduce a vision-language-action model trained via supervised
fine-tuning and refined by a human-feedback reinforcement learn-
ing strategy, which can dynamically produce appropriate facial
responses. Extensive experiments on two dyadic benchmarks can
demonstrate that our method outperforms state-of-the-art methods.
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