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Abstract

Emotion expression is essential for human-
robot interaction, yet current systems rely on
static models that cannot adapt to individual
users. We present an online reinforcement
learning framework that adapts robot emo-
tional behavior policy during live dialogue us-
ing binary human feedback. The system inte-
grates a DeBERTa-v3-base emotion classifier
and applies Group Relative Policy Optimiza-
tion (GRPO) in a human-robot dialogue system.
At each dialogue turn, the classifier samples a
group of emotion candidates and the selected
emotion is passed to a generative model that
synthesizes a novel robot emotional behavior.
We evaluate the system in three experiments:
(1) offline supervised fine-tuning followed by
GRPO on synthetic dialogue data, (2) a live
GRPO training with a human teacher and (3) a
final experiment with human participants. Re-
sults indicate that the robot was perceived as
responsive and emotionally consistent, with
high ratings for personality coherence and con-
textual appropriateness of emotional behaviors.
Results further show that online GRPO with hu-
man feedback enables effective real-time emo-
tion adaptation in embodied interaction.

1 Introduction

Emotion is central to natural human-robot interac-
tion (HRI), particularly when spoken dialogue is
involved. Robots that recognize and convey emo-
tion are perceived as more lifelike, engaging, and
socially competent than emotionally neutral robots
(Stock-Homburg, 2021; Abdollahi et al., 2023; Fis-
cher et al., 2019). Modeling which emotion to
display, (e.g., an emotion that signals confusion
when the robot needs more information from the
user) is as important as when to display that emo-
tion. Following the terminology of dialogue man-
agement, we denote the underlying task of deter-
mining when and which emotion to display emo-
tion management: at each dialogue turn, a policy
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must select a contextually appropriate emotion la-
bel, which is then realized on the robot as a mul-
timodal behavior that affects and controls robot
facial expressions, sounds, drive motions, as well
as head and arm movements. Recent work has
shown that neural models can recognize (McNeill
and Kennington, 2019) and large language mod-
els (LLMs) can generate turn-level emotion in real
time (Mishra et al., 2023; Chen and Bian, 2026).
Moreover, recent work in reinforcement learning
(RL) with scalar or binary human feedback has
become a standard recipe for post-training in lan-
guage modeling (Ouyang et al., 2022; Pandey and
Jin, 2026). Together, these advances make it plau-
sible to adapt a robot’s emotion policy from live
user feedback during an ongoing interaction.

Two gaps nevertheless remain. First, existing
real-time emotion systems for robots are static; the
classifier is trained once on annotated corpora and
then frozen at deployment, so the model cannot
adjust to how a particular user interprets robot emo-
tion (Stock-Homburg, 2021; Mishra et al., 2023).
Second, where RL has been applied to social agents
or to language-model post-training, the reward sig-
nal comes from narrow action spaces (Tamantini
et al., 2026; Pereira et al., 2024), simulated users,
or offline verifiable signals (Wang et al., 2025a,b)
rather than from a real human in a live, interactive,
embodied loop.

Closing this gap is challenging because human
feedback is inherently noisy and sparse. In par-
ticular, applying standard online RL to a classi-
fier under these conditions risks instability: the
reward is binary and delayed, the number of feed-
back events per session is small, and the policy
must not drift catastrophically from its initializa-
tion. We address these issues with a system built
on the Retico incremental processing framework
(Michael, 2020; Manaseryan et al., 2025) that per-
forms online Group Relative Policy Optimization
(GRPO; Shao et al., 2024) on a compact DeBERTa-
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v3-base emotion classifier fine-tuned with LoRA
adapters (Hu et al., 2021). At each turn, the clas-
sifier samples a group of candidate emotions; one
is selected and produced by the Generate RobotE-
motional Displays (GRED) model recently intro-
duced by Baral et al. (2025), a generative model
that synthesises a novel multimodal behavior on
a Cozmo robot. The participant’s yes/no feed-
back is then propagated to all sampled candidates
through a similarity-aware reward, accumulated in
a small buffer, and applied asynchronously with a
KL penalty to a frozen reference policy that bounds
drift. Across 542 live interactions with a single tu-
tor, session-level approval rose from 66.7% in the
first session to 94.9% in the final session, com-
pared with 51.4% for the same classifier without
online adaptation; a subsequent within-subjects
study with ten naive participants showed that the
adapted model is perceived as more coherent in
emotion/speech alignment and personality than a
non-adapted baseline. Our contributions are as fol-
lows:

1. A real-time dialogue system built on Retico
(Michael, 2020; Manaseryan et al., 2025)
that integrates automatic speech recognition,
a child-level language model, an emotion-
classifier policy, a generative multimodal be-
havior model, and robot execution in a single
end-to-end interactive loop.

2. An online-GRPO formulation applied to a dis-
crete emotion classifier in a live HRI loop—
demonstrating that GRPO’s group-relative ad-
vantage mechanism is stable under the sparse,
noisy binary feedback characteristic of real
interaction, without requiring pre-collected
preference data.

In the following section we compare our work
to others, then explain our methodology. We then
explain three experiments where we (1) used syn-
thetic data to bootstrap the emotion manager, then
(2) an experiment where a single individual pro-
vided reinforcement signals to help the model learn
in context, then (3) a final experiment that evalu-
ated the model on multiple human participants. We
then offer limitations and conclude.

2 Related Work

Affective robotics research consistently finds that
emotionally expressive robots are rated as more

lifelike and socially competent than neutral coun-
terparts, especially when displays are contextu-
ally appropriate (Stock-Homburg, 2021; Ottoni
and Cerqueira, 2024; Fischer et al., 2019; Garcia-
Corretjer et al., 2022; Abdollahi et al., 2023).1
Across these systems, however, the emotion pol-
icy is authored by designers or trained once offline
and then frozen at deployment, so individual dif-
ferences in how users interpret robot affect cannot
be accommodated after the system is used during
inference time.

A parallel line of work addresses the recognition
of emotion from dialogue, the sub-task our classi-
fier performs at each turn. Emotion Recognition in
Conversation (ERC) has converged on transformer-
based encoders evaluated on benchmarks such as
MELD and IEMOCAP (Poria et al., 2019), with
representative systems including DialogueRNN
(Majumder et al., 2019) and the RoBERTa-based
EmoBERTa (Kim and Vossen, 2021), and more
recent LLLM-driven predictors of turn-level emo-
tion (Mishra et al., 2023; Chen and Bian, 2026).
These models are trained once on annotated cor-
pora and deployed as fixed classifiers. We build
on this tradition by starting from a DeBERTa-v3
encoder (He et al., 2021), but treat the classifier as
a policy that is further optimized online against live
binary feedback.

The emotion label we select is produced on the
robot by a generative behavior module, linking our
work to expressive behavior generation. Early sys-
tems relied on hand-authored behavior libraries or
fixed emotion-to-primitive mappings; recent work
replaces these with generative models. Mahade-
van et al. (2024) prompt LLMs to produce param-
eterized control code for expressive motion, and
Baral et al. (2025) introduce GRED, a generative—
discriminative architecture that synthesizes novel
multimodal Cozmo behaviors from an emotion la-
bel. We adopt GRED as the downstream generator.

Our central contribution (online policy optimiza-
tion from real human feedback) sits at the inter-
section of RL for dialogue, human-robot inter-
action, and recent preference-based and binary-
feedback RL. Earlier work optimized dialogue poli-
cies online from real users (Gasi¢ et al., 2013; Su
etal., 2016a,b), but used task-completion reward on
Gaussian-process or small neural managers rather

IThe literature often uses the terms affect and emotion
interchangeably. Here, we use emotion to differentiate that we
are focusing on more cultural-level aspects of emotion signals
rather than lower-level affect (Barrett, 2017).
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than modern transformer policies. Interactive-
RL-from-humans research (TAMER) (Knox and
Stone, 2009), COACH and its deep extension (Mac-
Glashan et al., 2017; Arumugam et al., 2019),
preference-based RL (Christiano et al., 2023), and
PEBBLE (Lee et al., 2021), surveyed by Cruz and
Igarashi (2021) has established that scalar or binary
human feedback can drive RL, but existing demon-
strations are in ’gridworlds’ or low-dimensional
robot control, not dialogue-driven emotion poli-
cies with multimodal embodied output. Recent
work has converged on PPO- and GRPO-style opti-
mization (Schulman et al., 2017; Shao et al., 2024;
Guo et al., 2025) with binary or verifiable signals
(Wang et al., 2025a,b; Pandey and Jin, 2026), but
these works optimize text generation offline on
static preference or verifier datasets. Finally, RL
in HRI has focused on navigation and manipula-
tion (Pereira et al., 2024; Tamantini et al., 2026)
rather than emotion. Each subfield therefore ad-
dresses one piece in isolation. To our knowledge,
no prior system combines (i) online GRPO, (ii) real
feedback from a human during live dialogue, and
(ii1) multimodal embodied behavior from a down-
stream generative model; our work fills this gap.

3 Method

In this section, we explain our methodology. We
first explain two important components in our full
system: (1) the model that generates emotional
robot behaviors and (2) the model that speaks like
a child. We then explain how our emotion manage-
ment model works.

GRED The emotion label selected by the GRPO
policy must be realized as an observable robot be-
havior. We use GRED (Generate Robot Emotional
Displays) (Baral et al., 2025), a generative model
built on GPT-2 Medium that maps an emotion la-
bel to a novel sequence of parameterized Cozmo
actions (facial displays on an OLED screen, vo-
calizations, driving patterns, head angles, and lift-
arm movements). GRED was fine-tuned on 600
hand-designed behavior sequences (35-40 per emo-
tion) across six grouped emotion categories (sim-
ilar to Torres-Fonsesca and Kennington (2022)):
Anger/Frustration, Confusion/Sorrow/Boredom,
Disgust/Surprise/Fear, Interest/Desire, Joy/Hope,
and Understanding/Gratitude, where each be-
havior is represented as a sequence of sym-
bolic action tokens that are language-model read-
able (e.g., display_oled_face_image-face?2

turn_in_place 30 230). An adversarial train-
ing regime incorporating feedback from an emo-
tion classifier (EMRO, also reported in Baral et al.
(2025)) and a novelty metric ensures that the gen-
erated behaviors are both emotionally accurate and
diverse across repeated generated behaviors.” At
inference time, GRED receives only the emotion
label from the emotion manager—not the dialogue
transcript—and generates a new behavior, which is
then executed on the Cozmo robot. The generated
behavior is therefore conditioned on the emotion
category alone; dialogue content influences behav-
ior only indirectly, through the emotion classifier’s
choice of label. This design follows the original
GRED architecture and is discussed as a limitation
in Section 5.

ChildLM The robot’s spoken responses are gen-
erated by ChildLM (Levandovsky et al., 2025),
a compact generative language model trained to
produce utterances consistent with emergent and
toddler-level speech (ages 1-3), rather than adult-
targeted text. The child-like speech style was cho-
sen for two HRI-motivated reasons: the Cozmo
robot’s small physical form factor and expressive
face naturally invite a child-like social persona,
and simple, short utterances reduce the cognitive
load of parsing robot speech during live interac-
tion, keeping participants’ attention on the emo-
tional displays (Plane et al., 2018). ChildLM is
trained on transcribed child—caregiver dialogue
from CHILDES (Macwhinney, 2000), using a
three-stage recipe: (i) pre-training from scratch
on filtered CHILDES tokens, (ii) supervised chat
fine-tuning with a SmolLM2-style template on
high-coherence subsets of caregiver: child turns,
and (iii)) GRPO with multiple reward signals to
balance child-like surface forms with answer co-
herence. The resulting checkpoint is a ~155M-
parameter model that, in prior work, matched or ex-
ceeded larger SmolLLM?2 variants on automated co-
herence scoring against caregiver questions drawn
from CHILDES. In our system, ChildLLM is held
fixed across all experimental conditions: only the
emotion-classification policy is trained, so differ-
ences in perceived interaction quality attributable to
language are shared across the Baseline and GRPO
models.

Their work reported novelty as an important part of the
loss function so the robot would not appear to repeat the same
emotional behaviors.
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Field Content
Seeded topic drawing shapes
Seeded style question
Target emotion Joy/Hope

“Should we draw a circle?”
“Together? Yes! Let’s color them!”

Human utterance
Robot response

Table 1: Example of a generated human-robot inter-
action used for training (seeded topic, style, and target
emotion; generated utterances).

Emotion Management with GRPO We frame
emotion selection as a reinforcement learning prob-
lem because the reward signal—a live human’s bi-
nary approval—is not available as labeled training
data before deployment. Supervised fine-tuning
requires pre-labeled examples of correct emotion
choices per dialogue context; GRPO enables the
policy to improve from sparse yes/no feedback on-
line, without collecting a per-user labeled corpus.
The output space is a discrete emotion class, but
the preference over that space is user-specific and
must be discovered during interaction. The policy
m 1s a DeBERTa-v3-base encoder (He et al., 2021)
that maps a dialogue turn to a distribution over six
emotion classes.

Following GRPO methodology (Shao et al.,
2024), we sample a group of G candidate emo-
tions for each state. For each input, a group of
G candidate emotions is sampled from the policy.
The reward R; for each candidate is determined by
human feedback (or a proxy during bootstrapping).
Advantages A; = (R; — pgr)/or are computed
by normalizing each reward relative to the group
mean ppr and standard deviation op, so that the
policy learns which candidates were better than the
group average rather than against an absolute re-
ward threshold. The model is then optimized using
a clipped surrogate objective with a KL penalty to
prevent the policy from drifting too far from a refer-
ence model 7¢. The KL penalty 5 bounds how far
the updated policy 7y may drift from the reference
policy mer (the frozen SFT checkpoint), preventing
catastrophic forgetting under sparse feedback:

Liotat = Letip + 8 Do (7o || Tref) (1)

where L, is the mean clipped advantage across
the group, and S controls the strength of the trust-
region constraint.

System Architecture Figure 1 depicts our full
dialogue system, implemented in the Retico in-
cremental processing framework (Michael, 2020;

Microphone H ASR | ChildLM }
Response
GRPO
Emoton
GRED
Behavior

Human
Feedback

.

Figure 1: End-to-end pipeline: Microphone, Whis-
per ASR, ChildLLM response generation, GRPO-trained
emotion classifier, GRED behaviour synthesis, and
Cozmo execution. Binary feedback closes the learn-
ing loop for the emotion policy (Experiment 2).

Manaseryan et al., 2025). Speech input is cap-
tured from a table microphone and transcribed with
Whisper Automatic Speech Recognition (ASR)
(Radford et al., 2022). The transcript is passed
to ChildLLM, which generates the robot’s reply at
a child-level utterance. Then, the DeBERTa-based
emotion classifier selects one of six emotion labels
for the current turn; this module is the only compo-
nent trained with online GRPO from sparse binary
feedback, as detailed in Section 4.2. The encoder
does not modify or condition the language model’s
output; ChildLM generates the spoken response
independently, and the emotion classifier operates
in parallel over the same dialogue context to select
an emotion label. The chosen label informs GRED,
which synthesizes a multimodal behavior (robot
facial display, short vocalization, head and lift mo-
tion, and driving pattern) executed on a Cozmo
robot. All modules that produce intermediate out-
puts are logged for later analysis. The behaviors are
only for emotion; the robot is only a social robot
that did not perform any other task actions. The
emotion space does not include a neutral class; the
system is designed to always produce an emotional
display. This design follows the GRED behavior
model, which pre-defines behaviors for exactly the
six emotion clusters listed above. “When to display
no emotion” is outside the scope of this work and
noted as a limitation.

4 Experiments

4.1 Experiment 1: GRPO Bootstrapping with
Synthetic Data

Procedure We trained the emotion classifier
in two stages: supervised fine-tuning (SFT) fol-
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lowed by GRPO on a purpose-built synthetic
dataset, since no labeled corpus of child-directed
human—robot dialogues with emotion annota-
tions was available. The dataset was gener-
ated with NVIDIA NeMo Data Designer (The
NeMo Data Designer Team, 2025) using an
LLMTextColumnConfig that injects three variables
into a Jinja-templated prompt; one of six tar-
get emotion clusters, a conversation topic (e.g.,
playing with toys, learning numbers), and an
interaction style (e.g., question, game). The
prompt constrains each generation to at most
ten words, enforcing a toddler-like persona and
a fixed human: . .. cozmo:. .. dialogue
schema. We generated 10,000 unique human-robot
interactions. The emotion label space is the six
emotion-cluster grouping of Baral et al. (2025)
(Anger/Frustration, Confusion/Sorrow/Boredom,
Disgust/Surprise/Fear, Interest/Desire, Joy/Hope,
and Understanding/Gratitude) chosen because
GRED provides pre-trained multimodal Cozmo be-
haviors for exactly these clusters, so the upstream
classifier can drive the downstream behavior gener-
ator without relabeling. Table 1 shows one gener-
ated interaction.

We first fine-tuned (SFT) DeBERTa-v3-base
on a 10% subset of this dataset (~1000 sam-
ples), with the remaining 90% reserved for
GRPO training. Each input was formatted
as HUMAN: {utterance} ROBOT: {response} and
passed through the encoder; mean-pooled hidden
states (excluding padding) were projected by a
classification head (dropout p=0.3 + linear layer)
trained with cross-entropy loss (AdamW, Ir = 2e-
5, batch 16, 5 epochs). This SFT checkpoint is
used in two downstream roles: it initializes both
the trainable and the reference policy for the Exper-
iment 1 GRPO run, and it serves as the Baseline
(non-adapted) model compared against the adapted
GRPO policy in Experiment 3.

GRPO training then loaded this SFT model
as both the trainable policy my and a frozen ref-
erence policy mer. We applied LoRA adapters
to the top two encoder layers and the classifica-
tion head; all other parameters remained frozen.
The reward combined four terms: label agreement
(a=1.0), confidence margin (5=0.02), dialogue
consistency (y=0.3), and entropy regularization
(0=0.6). The policy was optimized with AdamW
(Ir =5e-5, batch 32, KL coefficient A=0.4, group
size G=10) for up to 5,000 steps.
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Figure 2: Rolling-window approval rate (window =30)
over 542 chronologically ordered interactions. Dashed
line: Experiment 1 baseline (51.4%). A clear shift oc-
curs after approximately 150 interactions; the rolling
rate remains above 90% thereafter, apart from one tran-
sient dip around interactions 251-300.

Metrics & Baselines The model was evaluated
on two levels. First, offline performance was mea-
sured as accuracy and macro-averaged F1 on a
held-out synthetic test set (~900 samples drawn
from the 90% GRPO split). Second, the trained
model was deployed in the full Retico pipeline
with a Cozmo robot for a live evaluation with one
participant (70 dialogue turns total). After each
turn, the participant provided binary yes/no feed-
back indicating whether the robot’s emotional dis-
play was appropriate; the approval rate (fraction
of YES responses) served as the primary human-
facing metric. A post-study questionnaire collected
Godspeed-style impressions and emotion-specific
Likert items (Agree/Neutral/Disagree).

Results On a held-out synthetic test set, the
GRPO-trained model achieved 89.8% accuracy
and a macro-averaged F1 of 0.898 across all six
emotion classes. The mean KL divergence from
the reference policy was 0.032, confirming that
the policy remained close to the SFT initializa-
tion. Analyses revealed two systematic error pat-
terns: Interest/Desire was frequently misclassified
as Joy/Hope, and confusion was common between
Disgust/Surprise/Fear and Anger/Frustration.
However, when deployed in live interaction, the
model achieved an approval rate of only 51.4% (36
YES out of 70 turns). This is well above a random
baseline, but not accurate enough for use in a live,
interactive system. The questionnaire indicated
that the participant found the robot responsive and
kind, but rated emotional timing as inappropriate
(Disagree) and emotional match to speech as incon-
sistent (Neutral). In open-ended feedback, the par-
ticipant noted: “Sometimes it wasn’t as excited. It
wouldn’t move as much or twirl around. . . it would
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happen in situations that didn’t fit.”

These results demonstrate a gap between syn-
thetic and real-world performance: while the model
learned accurate emotion boundaries from syn-
thetic labeled data as a means to bootstrap the
model, it failed to consistently produce contex-
tually appropriate emotions during live dialogue.
This motivated Experiment 2, in which the policy
is adapted online from real human feedback.

4.2 Experiment 2: Interacting with a Human
Tutor

Procedure We used Retico (Michael, 2020; Man-
aseryan et al., 2025) for our interaction pipeline.’

One adult participant (an undergraduate com-
puter science student with no prior experience with
the robot) interacted with the Cozmo robot across
18 sessions (approximately 9 hours in total), orga-
nized in 30-minute blocks. The participant was
instructed to ask short questions typical of con-
versations with a 2-3-year-old child (e.g., likes
and dislikes, feelings, everyday activities, imagi-
nary scenarios) and to explore diverse conversation
topics. After each dialogue turn, the participant
provided binary yes/no feedback using a keyboard
indicating whether the robot’s emotional display
was appropriate. Full participant instructions are
provided in Appendix A.

At each turn, the policy sampled a group of G=4
candidate emotion labels; one was selected at ran-
dom and displayed via GRED on the robot. The
participant’s binary feedback was propagated to all
four candidates through a similarity-aware reward
function: if the participant said YES, the displayed
emotion received R=3, semantically similar emo-
tions (e.g., Interest<>Joy) received R=2, and dis-
similar emotions received R=0. For NO feedback,
the rewards were reversed (R=0, 1, 2 respectively).
Only LoRA adapters were updated. Asynchronous
locking ensured inference and training never over-
lapped on the same weights. Adapter weights and
optimizer state were checkpointed after each batch
update and restored at the start of each subsequent
session, so learning persisted across the 18 sessions
while the reference policy remained fixed.

Metrics & Baselines The primary metric is the
approval rate: the proportion of turns in which the
participant judged the robot’s emotional display as

3Specifically, we required two separate CUDA-ready ma-
chines to run our full system split across two hosts connected
via ZeroMQ (Akgul, 2013).

Interactions n YES NO YES%
1-50 50 37 13 74.0
51-100 50 33 17 66.0
101-150 50 35 15 70.0
151-200 50 45 5 90.0
201-250 50 47 3 94.0
251-300 50 37 13 74.0
301-350 50 46 4 92.0
351-400 50 48 2 96.0
401450 50 46 4 92.0
451-500 50 49 1 98.0
501-542 42 40 2 95.2
Total 542 463 79 85.4

Table 2: Approval rate in consecutive bins of 50 interac-
tions each, in chronological order across all 18 sessions.
This is complementary to session-level approval (first
session 66.7%, final session 94.9%), defined in Sec-
tion 4.2.

appropriate (YES). All 542 interactions were or-
dered chronologically and analyzed in three ways:

1. as a binned into consecutive groups of 50
interactions,

2. a cumulative running proportion, and

3. rolling window of 30 interactions to smooth
local fluctuations

We additionally report session-level approval
(the fraction of YES responses within each 30-
minute tutoring block) so that the adaptation trajec-
tory can be summarized at its start and endpoint.
Per-emotion approval was computed across all in-
teractions. Training stability was tracked via KL
divergence between the active LoR A-adapted pol-
icy and the frozen reference policy, recorded at
each of the 61 batch updates.

The offline-GRPO baseline from Experiment 1
(51.4% approval across 70 turns with a human par-
ticipant; Section 4.1) offers a baseline for these
numbers: it is the same classifier without any live
adaptation.

Results Over 542 interactions across 18 sessions
(approximately 9 hours), the participant provided
463 YES and 79 NO responses, yielding an overall
approval rate of 85.4%. This overall figure av-
erages the full trajectory; session-level approval
(defined above) moves from 66.7% in the first ses-
sion to 94.9% in the final session, and the offline-
GRPO baseline without live adaptation reached
only 51.4% (Section 4.1). This model constitutes
our trained emotion manager.

590



Table 3: Per-emotion approval rate across all 542 inter-
actions.

Emotion class YES Total YES%
Anger/Frustration 46 50 92.0
Understanding/Gratitude 95 108 88.0
Interest/Desire 105 121 86.8
Joy/Hope 86 101 85.1
Disgust/Surprise/Fear 30 36 83.3
Confusion/Sorrow/Boredom 101 126 80.2
Total 463 542 85.4
1.0 4 Mean = 0.376
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Figure 3: KL divergence between the active policy
and the frozen reference policy over 61 batch updates.
The penalty (8 = 0.04) kept divergence bounded
(max =0.923), preventing unbounded drift from the ref-
erence policy.

Approval trends. Table 2 and Figure 2 present
the approval trajectory. During the first 150 inter-
actions, the binned rate fluctuated between 66%
and 74%, reflecting the policy’s initial exploration
phase. A clear shift occurred around interac-
tion 150: the rate rose to 90% and remained above
92% for the remaining 342 interactions, with indi-
vidual bins reaching 96-98%. One exception is the
bin covering interactions 251-300, where the rate
temporarily dropped to 74% before recovering; this
corresponded to a block in which the participant
explored unusually short or ambiguous prompts.

Per-emotion analysis. Table 3 reports the ap-
proval rate by emotion class. All six classes ex-
ceeded 80%. The emotion distribution was un-
balanced: four classes (Confusion, Interest, Un-
derstanding, Joy) accounted for 84% of displayed
emotions, reflecting the natural topic distribution
in conversation.

Training stability. The policy performed 61
batch updates over 542 interactions (Figure 3). The
mean KL divergence was 0.376, with a maximum
of 0.923; the penalty term (5 = 0.04) successfully
prevented unbounded drift from the reference pol-
icy. Total loss remained stable (mean =0.149) with
no upward trend. The mean clip fraction was 0.743,
reflecting the online setting in which importance
ratios frequently exceeded the clipping threshold;

Lab Camera

2026-04.16 (12:44:40

Figure 4: A participant interacting with the Cozmo robot
during Experiment 3. The robot is placed on a table at a
natural conversational distance; the participant speaks
freely while Cozmo responds with ChildLM-generated
speech and GRED multimodal emotional behaviors.

despite this, the policy continued to improve.

Questionnaire trends. The participant completed
seven questionnaires at regular intervals during
the 18 sessions. A clear progression emerged:
“emotional expressions appeared at the right time”
shifted from Neutral to consistent Agree by the mid-
point of the study, while all other emotion items (en-
gaging, understood-feelings, important, comfort-
able) were rated Agree throughout. In open-ended
responses, the participant’s language evolved from
noting occasional randomness (“movements are a
little disorganised”) to recognising a coherent per-
sonality (“I can see his personality a lot more—I
can tell when something makes him shy vs happy”).

4.3 Experiment 3: Evaluation with Human
Participants

Procedure To assess whether the GRPO-adapted
emotion manager generalizes beyond the single
tutor of Experiment 2, we conducted a within-
subjects study with ten participants (see Figure 4
for the experimental setup). Each participant inter-
acted with the robot twice, once with the Baseline
(SFT-only) model from Experiment 1 and once
with the GRPO model, for approximately 20 min-
utes per session, without knowing which model
they were interacting with. The interaction order
was counterbalanced: half of the participants began
with the Baseline and half began with the GRPO
model. To control for content effects, the ques-
tions a participant asked during the first session
were printed and provided for the second session,
so both models received the same conversational
input from each participant. After each session,
participants completed a questionnaire; after both
sessions, they received a $12 Amazon gift card.
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Baseline (SFT) GRPO
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Figure 5: Selected questionnaire responses for the Base-
line (SFT) and GRPO models (N =10). “Emotions
matched speech” shows the largest difference between
models; Comfortable is identical, confirming that the
difference is specific to the emotional dimension.

Metrics & Baselines Participants rated the robot
on 16 Godspeed-style items on a 5-point scale (e.g.,
Confusing emotions—Clear emotions) and seven
emotion-specific Likert items (Agree / Neutral /
Disagree) targeting the contextual appropriateness,
timing, and engagement value of the robot’s emo-
tional displays. A final open-ended item invited
participants to describe any emotions that felt ran-
dom or out of place. Tables 4 and 5 show the items
that differentiate the two models; complementary
items are summarized in the text. We compare the
SFT model from Experiment 1 as the baseline with
the final model improved from live interactions
with the human tutor using GRPO from Experi-
ment 2. We note that this comparison conflates two
effects: the gap between synthetic training data and
real dialogue, and the effect of personalized online
adaptation. To isolate personalization, one would
need a third condition: a model trained on real
(non-personalized) dialogue data without online
adaptation (which we did not collect).

Results The clearest difference between mod-
els appeared on the item “The robot’s emotions
matched what it was saying”: six of ten partici-
pants agreed for the GRPO model, compared with
zero for the Baseline, where six were neutral and
four disagreed (Figure 5, Table 5). This item most
directly targets the objective of the emotion policy—
selecting an emotion that fits the conversational
context.

The Godspeed-style items show a consistent,
though modest, trend in the same direction (Ta-
ble 4). Consistent personality showed the largest
gap (GRPO =4.50 vs. Baseline = 3.70): nine of ten
participants rated GRPO at 4 or above, compared
with six for the Baseline. In-sync emotions (3.00
vs. 2.40) and Clear emotions (2.70 vs. 2.20) both
trend toward GRPO, though the differences are

Table 4: Selected Godspeed-style items (1-5 scale;
higher =more positive). Means over N =10 partici-
pants.

Item Baseline GRPO
Confusing / Clear emotions 2.20 2.70
Out-of-sync / In-sync emotions 2.40 3.00
Inconsistent / Consistent personality 3.70 4.50

Table 5: Emotion-specific Likert items (A =Agree,
N =Neutral, D =Disagree; N =10).

Baseline GRPO
Item A N D A N D
Emotions matched speech 0O 6 4 6 1 3
Helped understand feelings 5 1 4 6 1 3
Comfortable 10 0 0 10 0

small on a 5-point scale with ten participants and
should be interpreted with caution. “Helped me
understand how the robot felt” shifted by only one
participant toward Agree for GRPO (6 vs. 5), while
both models received unanimous Agree on comfort
(Table 5), confirming that the observed differences
are specific to the emotional dimension.

Open-ended responses provide additional quali-
tative context. One participant described the Base-
line’s behavior as “wide-eyed or scared ... which
seemed very strange,” but characterized the same
robot under GRPO as “less confused and more able
to state his opinions,” adding that occasional face-
hiding “just made him seem like he enjoyed hid-
ing.” Another participant noted that under GRPO
the robot “did a lot better this time . .. it felt like I
was talking to a child,” though this participant in-
teracted with the Baseline first, so the improvement
may partly reflect a warm-up effect. Several par-
ticipants reported that the robot’s expressions oc-
casionally felt random under both conditions, sug-
gesting that the behavior generation system itself—
not only the emotion policy—Ilimits the perceptual
clarity of the displays.

In summary, the GRPO model’s clearest advan-
tage over the Baseline is a substantially better per-
ceived match between emotions and speech con-
tent which was the core objective of the emotion
policy. Personality consistency also improved no-
ticeably. Both models were rated identically on
comfort, which is also a positive result as the par-
ticipants never felt uncomfortable. These results
suggest that online GRPO training primarily im-
proves emotion—context alignment, while its effect
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on broader interaction quality is constrained by
factors outside the emotion policy’s control.

5 Limitations

Several factors limit the conclusions from Experi-
ment 3. First, we noted minor order and novelty
effects; despite balancing the order, participants
tended to favor the second interaction, likely due to
a “warm-up” period or an expectation that the sec-
ond model would be better. Second, differences in
participant backgrounds from total beginners to
those familiar with earlier, non-emotional versions
of the robot, led to a wide range of ratings. Third,
unclear behaviors in the GRED motor commands
caused confusion; the same expression was some-
times seen as “angry”’ by one person but “happy”
by another. This was made worse by meaningless
childish responses from ChildLM. Participants of-
ten rated the emotion as poor if the robot’s speech
did not make sense, even if the physical display
was actually correct for the situation. A further
limitation of Experiment 3 is that the baseline (Ex-
periment 1 SFT model) was trained on synthetic
data, making it impossible to fully disentangle the
effect of domain shift (synthetic to real dialogue)
from the effect of personalized online adaptation.
Future work should include an intermediate con-
dition trained on real but non-personalized data.
Additionally, ASR errors from Whisper may have
introduced noise into the emotion classifier’s in-
put; we did not separately measure the impact of
transcription errors on emotion selection quality.
Finally, with only N = 10, this small study needs
to be confirmed with a larger group, but the results
are in favor of the GRPO emotion manager model.

Experiments 1 and 2 relied on a single tutor,
whose personal interpretation of appropriate robot
emotion shaped the learned policy. The adapted
model in Experiment 3 was therefore evaluated for
generalization to new users, but cannot be assumed
to generalize to all individuals or cultural contexts.
Single-user tutoring is an acknowledged limitation
of our online-adaptation paradigm; multi-user tu-
toring or preference aggregation are directions for
future work.

Additionally, the binary keyboard feedback
mechanism is a laboratory proxy; in real HRI
deployments, users cannot be expected to type
responses during interaction. More naturalis-
tic feedback signals—such as facial expressions,
head nods, or explicit verbal feedback—would be

needed for practical deployment, and the adapta-
tion dynamics reported here may not transfer to
those modalities. Regarding adaptation speed, our
data suggest that approximately 150 interactions
are needed before the rolling approval rate con-
sistently exceeds 90%; this represents a practical
constraint on how quickly the system can be tuned
to a new user.

Because GRED is conditioned only on the emo-
tion label and not on dialogue content, two turns
with the same predicted emotion class may produce
identical or near-identical behaviors regardless of
conversational context. Coupling the behavior gen-
erator more tightly to dialogue content is a direction
for future work.

6 Conclusion

In this paper, we trained and evaluated an emotion
manager which is an online reinforcement-learning
framework for adapting a robot’s emotion policy
from real human feedback during live dialogue. We
embedded a compact transformer emotion classifier
inside an incremental dialogue pipeline, fine-tuned
it with GRPO on a purpose-built synthetic dataset,
and then continued to update it during interaction
using binary yes/no responses from a human. Our
three experiments showed the policy progression:
an initial offline-trained model behaved well in syn-
thetic tests but poorly in live interaction, online
tutoring produced a sustained improvement, and
the subject evaluation with participants showed that
the adapted model is perceived as more coherent
in emotion—speech alignment and personality con-
sistency than the baseline. Together, the results
suggest that online GRPO with human feedback is
a viable mechanism for adapting emotional behav-
ior in real time.

For future work, we plan to develop more dis-
criminable behavior primitives to ensure the emo-
tion policy’s choices are more readable for partic-
ipants. Furthermore, we aim to expand the rein-
forcement learning state beyond speech context by
incorporating multi-modal inputs, such as vision
and internal robot states, while exploring a tighter
coupling between the emotion policy and the lan-
guage model to allow for joint adaptation.
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A Participant Instructions

A.1 Experiment 2: Human Tutor

About the robot. The robot can move, show fa-
cial expressions, make sounds, and speak. It re-
sponds in a simple way, similar to a young child. It
cannot see and does not retain memory of previous
answers.

Task. Ask the robot a variety of short questions
you might ask a 2-3-year-old child, such as ques-
tions about likes and dislikes, feelings, everyday
activities, imaginary scenarios, or its thoughts on
different topics. Explore different types of conver-
sations rather than staying on one theme, and try
to ask as many questions as possible within the
allotted time.

Feedback. After each question, wait for the robot
to respond. You will then be prompted on screen
to type whether the emotion was appropriate (yes
or no).

A.2 Experiment 3: Human Evaluation

About the robot. Same as Experiment 2.

Task. Same as Experiment 2, except that the feed-
back is used for evaluation only and does not up-
date the model. Each participant interacts with two
versions of the robot (order counterbalanced) and
fills out a questionnaire after each session.
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