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Abstract
Large Language Model (LLM)-driven social robots face two key chal-
lenges: inference latency creates unnatural silences during which
an expressively static robot appears disengaged, and LLMs rarely
account for the user’s facial affect as a continuous evolving pro-
cess. We present Fluid-Xpress, an emotion-aware dual-loop frame-
work for empathic facial reactions in human-robot interaction. The
framework features: (1) a Macro-Micro dual-loop architecture
that decouples real-time non-verbal feedback from LLM verbal
processing, enabling continuous affective backchanneling during
inference latency; (2) a Temporal Affective Engine using metrics
such as MSSD to capture emotional dynamics and detect complex
states like cognitive overload and masked emotions; and (3) a Risk-
Adaptive Strategy that prioritizes immediate intervention during
high-arousal states. A pilot study (N=8) showed that Fluid-Xpress
significantly improved arousal stability (p < .05), mood improve-
ment (p < .05), expression awareness (p < .01), and perceived empa-
thy (p < .05) compared to baseline, providing preliminary support
for emotion-aware non-verbal feedback in embodied social robots.

CCS Concepts
• Computing methodologies→ Artificial intelligence; • Human-
centered computing → Interactive systems and tools; Empiri-
cal studies in HCI .
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1 Introduction
In human communication, non-verbal cues such as facial expres-
sions, gaze, and head movements carry rich affective information
that shapes trust and social connection [5, 19]. For embodied AI
and social robots, the capacity to perceive and produce appropri-
ate non-verbal behaviors is foundational to establishing physical
co-presence and empathic engagement [8, 20, 21].

Large Language Models (LLMs) have transformed embodied AI
by enabling coherent, contextually rich verbal responses, serving
as powerful cognitive cores for social robot decision-making [1, 16,
23]. However, effective human-robot interaction (HRI) demands
seamless integration of verbal and non-verbal channels. This raises
a critical question: How can social robots generate timely, emotion-
aware facial expressions that complement LLM-driven dialogue for
empathic interaction?

Current LLM-based social robots face two key challenges. First,
LLM inference latency creates unnatural silences during which a
physically present robot that remains expressively static appears
disengaged, undermining the user’s sense of being understood.
Second, LLMs rarely account for the user’s facial affect. Human
emotion is a continuous process that evolves over time, making it
challenging to sample and summarize temporal patterns such as
cognitive overload, emotional suppression, or mood shifts.

We propose Fluid-Xpress, a multimodal framework that de-
couples non-verbal feedback from verbal processing for embodied
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Figure 1: The dyadic interaction setup between the participant and
the social robot.

social robots. Our core idea is that asynchronous, low-latency af-
fective responses during LLM inference can enhance perceived
empathy and engagement. Our contributions include:

• Dual-Loop Architecture: Enables real-time non-verbal
back-channeling (e.g., empathic mirroring, attentive expres-
sions) during LLM processing.

• Temporal Affective Engine: Captures emotional dynamics
using metrics such as MSSD to identify states like cognitive
overload and masked emotions.

• Risk-Adaptive Strategy: Prioritizes rule-based support dur-
ing high-arousal states to ensure psychological safety.

We conducted an empirical pilot study to evaluate whether Fluid-
Xpress improves perceived responsiveness, contextual appropriate-
ness, and user-reported empathy (see Fig. 1).

2 Related Work
Robots with facial expressions are rated as more intelligent and
engaging, while also fostering positive reactions in collaborative
settings [4, 14]. Facial expressions enhance perceived anthropo-
morphism, elicit higher empathy and trust, and increase positive
arousal in users [2, 6]. Early approaches relied on rule-based map-
pings from discrete emotions to predefined templates, while recent
methods leverage dimensional models like Russell’s Circumplex
Model [17] for continuous expression generation. However, most
systems treat facial expression as a reactive output triggered after
verbal response, neglecting the real-time responsiveness essential
for natural empathic interaction.

The integration of machine learning [12, 25] and Large Language
Models has transformed social robotics to dynamic, context-aware
companionship, improving the semantic depth of HRI. Xpress [1]
pioneered expression generation by addressing a critical limitation:
the need for simultaneity between verbal and non-verbal channels.
However, LLM inference introduces a temporal latency gap between
immediate non-verbal affect and delayed verbal reasoning, resulting
in a frozen robot state during inference that undermines social
presence.

We draw inspiration from neurocognitive models: The Dual Sys-
tems Model posits that human behavior is governed by the interplay
between a socio-emotional system (reactive) and a cognitive con-
trol system (deliberative) [22]. Luo and Yu demonstrate that under
cognitive overload, individuals lack resources to suppress impul-
sive affective responses [15]. We apply this duality to HRI: our Fast
Loop provides immediate reflexive feedback, while the Slow Loop
computes complex verbal interventions.

Effective empathic HRI also requires active emotion regulation.
Grounded in Gross’s Process Model [10], strategies include atten-
tion deployment and cognitive change. Fartook et al. highlight that
users in high-arousal states prefer Positive Emotion Regulation over
mere empathy [7]. To drive such interventions, we utilize temporal
dynamics and the Mean Squared Successive Difference (MSSD) [13]
to quantify affective instability beyond static frame analysis.

3 Methodology
Our framework includes four core components, simulating a con-
tinuous "listen-feel-react" loop (see Figure 2). The system employs
a specific Engagement Protocol for cold starts. Upon face detection
(𝑡0), it analyzes the first 12 frames via a Temporal Analyzer to catego-
rize the user’s facial emotion as "Positive", "Negative", or "Neutral".
Then it generates an adaptive greeting emotion based on the re-
sponse strategy of Xpress [1]. During the user’s speech, the system
generates simultaneous Speech-to-Text(STT) data and facial frame
extraction, ensuring multi-modal input data without loss for other
components.

3.1 The Macro-Micro Dual-Loop
During latency, the robot’s face is usually set in an initial facial
expression. To mitigate the unnatural experience, we implement
two concurrent loops: Micro-Loop (Non-Verbal): Operating on a
regular time sliding window, this loop samples emotional valence/
arousal and triggers immediate facial actuation. Strategies include
Mirroring (for positive states) [9], Support (for negative), and De-
escalation (for high arousal) based on reference [7]. This ensures
the robot remains responsive even before the user finishes speak-
ing. Macro-Loop (Verbal): This loop handles complex semantic
understanding and verbal response generation via the LLM.

3.2 Deep Affective Computing Engine
Unlike static frame-by-frame recognition, this module maintains
a temporal frame queue to compute multidimensional affective
metrics that capture the dynamics of user emotional states and
arousal trajectories.

We adopt the instability measurements proposed by Jahng et
al. [13] to quantify emotional volatility. The Mean Squared Succes-
sive Difference (MSSD) captures moment-to-moment variability:

MSSD =
1

𝑛 − 1
𝑛−1∑︁
𝑖=1

(𝑥𝑖+1 − 𝑥𝑖 )2 (1)

where 𝑥𝑖 represents the valence or arousal value of the 𝑖-th frame.
We then derive an Emotional Stability (ES) score that integrates
both MSSD and PAC (Probability of Acute Change):

ES = max
(︃
0, 1 − 1

2

[︃
min

(︃
MSSD𝑐

𝑀max
, 1
)︃
+ min

(︃
PAC𝑐

𝑃max
, 1
)︃]︃ )︃

(2)

Composite metrics are computed by averaging across both affective
dimensions:MSSD𝑐 =

MSSD(𝑉 )+MSSD(𝐴)
2 and PAC𝑐 =

PAC(𝑉 )+PAC(𝐴)
2 ,

where𝑉 denotes valence and𝐴 denotes arousal. The normalization
constants𝑀max and 𝑃max represent the maximum MSSD and PAC
values derived from a calibration set.

To provide timely emotional support when users experience
heightened distress, we implement an abnormal state detection
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Figure 2: The Dual-Loop Architecture. The Micro-Loop (1s in experiment) handles immediate non-verbal cues, while the Macro-Loop
manages LLM-based verbal reasoning.

mechanism targeting two high-level states. Cognitive Overload
is triggered when an increasing arousal trend coincides with low
stability scores, indicating the user may be overwhelmed. Inconsis-
tency Detection compares semantic sentiment from speech (𝑉𝑡𝑒𝑥𝑡 )
with facial valence (𝑉𝑓 𝑎𝑐𝑒 ); when divergence exceeds a threshold
(|𝑉𝑡𝑒𝑥𝑡 − 𝑉𝑓 𝑎𝑐𝑒 | > 0.5), the system flags a potential masked emo-
tion (e.g., forced smiling while expressing distress), prompting the
dialogue manager to probe deeper with supportive inquiry.

3.3 Hybrid Dialogue Management
We introduce a Risk-Adaptive Decision Tree to balance response
speed and emotional depth. Upon detecting the user’s affective
state, the system routes execution through one of two paths. For
high-risk states such as cognitive overload or masked emotions,
the system bypasses the LLM to deliver low-latency facial responses
(e.g., a calming expression accompanied by a breathing guide), pre-
venting further emotional escalation. For normal states, the sys-
tem constructs a prompt containing the user’s message, emotional
context, and conversation history for LLM processing.

To ensure coherence between local rule-based interventions and
LLM-generated responses, we employ prompt augmentation with
Response Guidance tokens. When an immediate intervention oc-
curred in the previous turn, the LLM is prompted to follow up
contextually (e.g., acknowledging the breathing exercise). Other-
wise, the LLM directly generates conversational output via Text-to-
Speech synthesis.

4 Pilot Study
We conducted a within-subject pilot study to evaluate whether
Fluid-Xpress improves perceived empathy and emotional support
in human-robot interaction. We recruited 8 female university stu-
dents (mean age = 21.3 years) with English proficiency at B2 level
or above. All participants were female to reduce gender-related
variability in emotional expression and perception. The experiment
was conducted in a quiet, enclosed laboratory environment, with
psychological counselors available to address any potential emo-
tional crises. All procedures were approved by the institutional
ethics review board.

We employed a pre-post measurement design to assess affective
states using the Self-Assessment Manikin (SAM) [18], a 9-point
pictorial scale measuring valence and arousal, and the Beck De-
pression Inventory (BDI-13) [3], a 13-item scale assessing psycho-
logical states including mood, pessimism, and social interest. Post-
interaction, participants rated interaction quality on 5-point Likert
scales (1 = strongly disagree, 5 = strongly agree) across seven di-
mensions shown in Table 1.

Participants completed pre-test questionnaires (SAM and BDI-
13), then engaged in two 5-minute conversational sessions: a free-
form conversation followed by a recall task discussing recent frus-
trating experiences. This design evaluated system performance
under both neutral and emotionally aroused conditions. Post inter-
action, participants completed the post-test measures. Each partic-
ipant experienced both baseline (Xpress) and Fluid-Xpress condi-
tions in counterbalanced order. The system employed Doubao-Seed-
1.6-Lite [11] as the conversational LLM, Doubao TTS for speech
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Table 1: Interaction Quality Measures
Dimension Item

Naturalness The interaction felt like communicating with a real
person.

Understanding The robot understood my emotions.
Appropriateness The robot responded appropriately to my emotions.
Active Listening I felt the robot was actively listening to me.
Emotional Relief Communicating with the robot relieved my emotions.
Expression
Awareness

I noticed the robot adjusted its expression based on
my facial cues.

Future Use I would use this robot again or recommend it to oth-
ers.

Figure 3: Comparative results across conditions. Asterisks indicate
significance: ∗𝑝 < .05, ∗ ∗ 𝑝 < .01.

synthesis, and EmoNet [24] for facial emotion detection, with cali-
bration parameters𝑀max = 0.1 and 𝑃max = 0.3.

5 Results
Figure 3 presents comparative results and we used Wilcoxon matched-
pairs tests for analysis (N=8). Both conditions showed pre-post
improvements in valence and arousal. While valence variation did
not differ significantly between conditions (W = 6.00, p = .69), Fluid-
Xpress showed a larger mean improvement (1.50 vs. 1.00), sug-
gesting a trend toward greater emotional enhancement. Arousal
variation differed significantly (W = -25.00, p < .05), with Fluid-
Xpress producing more stable arousal levels (median difference =
-2.00), indicating that real-time non-verbal feedback helps regulate
emotional intensity. BDI variation also differed significantly (W
= -21.00, p < .05), with Fluid-Xpress showing consistently greater
mood improvement (median difference = -4.50).

For interaction quality measures, Expression Awareness showed
a highly significant difference (W = 36.00, p < .01), with Fluid-
Xpress rated substantially higher than baseline (median difference
= 1.00). This confirms that participants clearly perceived the robot’s

responsive facial expressions during the Micro-Loop. Empathy Ex-
perience also improved significantly (W = 28.00, p < .05, median
difference = 0.29), with highly effective pairing (Spearman’s r = .79,
p < .01), suggesting that visible affective responsiveness contributes
to perceived empathy.

We also observed scenarios validating the system’s behavioral
logic. In a Cognitive Overload case, a participant expressed: “You
go to travel with her but she suddenly said she won’t go and I can’t
understand her...” The system detected elevated arousal with low
facial stability, triggering Immediate Support with 0.05ms latency.
The robot displayed a concerned expression and entered listen-
ing mode, effectively de-escalating stress. In a Masked Emotion
case, a participant stated “I’m fine, really” while displaying sadness
micro-expressions. The valence discrepancy (|𝑉𝑡𝑒𝑥𝑡 −𝑉𝑓 𝑎𝑐𝑒 | > 0.5)
triggered the LLM to probe: “You say you are fine, but you seem a
bit down. Do you want to talk about it?”

6 Discussion
Our pilot study provides preliminary evidence that emotion-aware
dual-loop architecture can enhance empathic human-robot interac-
tion, addressing the temporal disconnect between LLM inference
and social presence.

The significant improvements in arousal stability and mood align
with the Dual Systems Model [22]: the Micro-Loop serves as a reac-
tive system maintaining engagement while the Macro-Loop handles
deliberative reasoning. By filling the inference gap with responsive
non-verbal feedback, users remain emotionally connected rather
than experiencing disengagement. The non-significant difference in
valence variation may reflect a ceiling effect, as both conditions im-
proved emotional valence, or may require larger samples to detect
subtle differences. The highly significant improvement in Expres-
sion Awareness (p < .01) extends previous findings on robot facial
expressions for perceived empathy [2, 4]. The observed Cognitive
Overload and Masked Emotion cases demonstrate that temporal af-
fective modeling via MSSD [13] captures complex states that static
recognition would miss.

Limitations include small sample size (N=8), homogeneous partic-
ipants, and short interaction duration. Future work should include
larger, diverse samples and investigate sustained interactions.

7 Conclusion
This paper presented Fluid-Xpress, an emotion-aware dual-loop
framework that decouples non-verbal feedback from verbal pro-
cessing in LLM-driven social robots. Our pilot study demonstrated
significant improvements in arousal stability, mood improvement,
expression awareness, and perceived empathy. Future work will
extend to diverse populations and longitudinal studies.
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