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Personalized Affective Perception via Continual

Learning in Human-Agent Negotiation
Mehmet Onur Keskin, Berk Buzcu, Nikhil Churamani, Reyhan Aydoğan, Hatice Gunes, and Catholijn Jonker

Abstract—Self-interested intelligent agents that negotiate with
humans should interpret nonverbal expressions and adapt their be-
havior accordingly. However, generic facial-affect models degrade
across individuals and contexts, creating a generalization gap. We
introduce an affect-adaptive negotiation strategy that incorporates
Continual Learning with Imagination for Facial Expression
Recognition (CLIFER) to personalize valence-arousal perception
in real time. Differential feedback converts changes in valence-
arousal direction and intensity into adjustments of the agent’s
target utility. An asynchronous architecture updates CLIFER in
the background during live interaction. In a counterbalanced
within-subject study in which 66 participants negotiated with
a humanoid robot, the CL-enabled agent achieved significantly
higher individual utility and elicited higher participant concession
rates than the FaceChannel baseline. The CL condition yielded
significantly higher mean arousal estimates, alongside a broader
output range. Participant utility and Nash distance did not change
significantly between conditions. These outcomes support the
practical value of coupling continual affective personalization
with differential feedback for real-time negotiation.

Index Terms—Human-Agent Interaction, Automated Negotia-
tion, Affective Computing, Continual Learning

I. INTRODUCTION

Negotiating resources, tasks, and conflicting interests is

a fundamental capability for socially intelligent agents col-

laborating with humans [1], [2]. Traditionally, Automated

Negotiation has been modeled with Game Theory and AI,

viewing agents as rational utility maximizers that exchange

offers based on fixed mathematical functions, heuristics, or rein-

forcement learning policies [3], [4]. Recent agents demonstrate

sophisticated strategic reasoning in human-agent negotiation:

from the tool-integrated ASTRA agent that performs dynamic

offer optimization [5] to competitive bargaining models like

ChargingBoul [6] and systems that analyze strategic trade-offs

in multi-agent environments [7]. These approaches advance

strategic decision-making, while situated human interaction
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also requires attention to individual preferences and affective

cues [8], [9]. Balancing utility with human social acceptance is

still a challenge [10], [11]. As embodied agents transition

from industrial environments to unstructured social roles

(e.g., mediators, tutors, and caretakers), affective intelligence

becomes a functional necessity, and expressions serve as social

signs of the interaction partner’s affective state. For example,

a tense or serious expression may signal resistance before a

rejection is verbalized. At the same time, a slight or mild

smile may indicate mutual agreement [12], [13]. Recent work

has begun to utilize this, with agents using affect for dispute

resolution [14] and persuasion [15].

Affect perception is not only perspective-dependent but also

highly personal. Models built on static datasets commonly

fail to detect the dynamics of a social task in which the

observer is an active participant. This failure creates what

is known as a generalization gap [16]. Gunes et al. point out

that high accuracy on static benchmarks does not guarantee

functional adaptation in the wild. Generic models such as

FaceChannel [17] provide a common affect representation, but

contextual interpretation remains difficult [16]; for instance,

a concentrated expression need not indicate anger. In a

negotiation context, this is critical: if the agent misinterprets

concentration as anger, it may alter its concession target in

response to an ambiguous signal. This need for adaptation raises

the plasticity-stability dilemma: the agent needs plasticity to

learn the current participant’s idiosyncratic expressions, while

excessive adaptation can lead to catastrophic forgetting of

previously learned affective knowledge.

We address this challenge by adapting affect perception to

observations from the ongoing negotiation, with generative

replay to support retention of general affective representations.

Our agent integrates continual learning (CL) to personalize

affective perception. A CL-enabled system retains general

knowledge while incrementally updating its parameters using

the current participant’s facial observations [18], [19]. We

pursue three objectives: (i) to enhance negotiation efficiency

through personalized perception, (ii) to improve human-agent

negotiation outcomes, and (iii) to validate continual learning

as allowing real-time adaptation for affect understanding. To

realize these objectives, we extend the Solver Agent [20], [21]

from categorical affective feedback to differential feedback

from continuous valence-arousal estimates. FaceChannel uses

a fixed pretrained affect model, while CLIFER combines

participant-specific demo training with continued adaptation

during negotiation; both share the differential-feedback policy.

We compare these two perception conditions in human-agent

negotiation under the following Research Questions (RQs):
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• RQ1 (Affective Feedback): Does continual learning

produce a behaviorally useful affective signal versus

generic models? We analyze how personalized adaptation

changes arousal/valence estimates and whether these rep-

resentations produce affect signals influencing negotiation

behavior.

• RQ2 (Behavioral Influence): How does the agent’s per-

sonalized behavior influence human negotiation behavior?

We examine whether an agent that adapts its affective

feedback during the interaction induces a behavioral shift.

We explore whether changes in human concession rates

statistically mediate differences in agent utility.

• RQ3 (Negotiation Efficiency): Does personalized affec-

tive perception enable the agent to gain higher individual

utility without degrading joint optimality (Nash distance)

in fewer negotiation rounds? We test whether adapting

perception improves the agent’s return and negotiation

speed, and examine the accompanying participant utility

and Nash distance. We hypothesize that personalized

affective feedback helps the agent adapt its strategy early

and reach agreements efficiently.

• RQ4 (Questionnaire Analysis): Do participants perceive

the CL-enabled agent as more sophisticated? We examine

participants’ ratings of preference modeling, affective

awareness, and persuasiveness to assess how personal-

ized affective perception shapes their experience of its

negotiation behavior.

Our methodological contribution is a differential affective

feedback rule that turns angular and radial changes in contin-

ually personalized valence-arousal estimates into negotiation

target-utility adjustments. We couple this rule to asynchronous

CLIFER updates within the Solver Agent and Negotiator

framework [18], [20]–[22], keeping perceptual adaptation active

during the exchange. In a 66-participant human-robot study

using a shared negotiation policy, the CL-enabled system

achieved higher agent utility and elicited higher participant

concession rates than the fixed-perception baseline.

II. RELATED WORK

Developing socially intelligent agents that negotiate with

humans requires combining multiple research areas, including

negotiation strategies, affective perception, and personalization.

A. Human-agent negotiation beyond utility maximization

Automated negotiation research has historically relied on

heuristics and game-theoretic models [23], [24]. Competi-

tions such as the Automated Negotiating Agents Competition

(ANAC) [25] provide testbeds for bidding strategies and oppo-

nent models. Recent work has also introduced Large Language

Models (LLMs) for offer selection and opponent inference in

human-agent negotiations. Kwon et al. [5] introduced ASTRA

for tool-integrated offer optimization. In contrast, Kuru et

al. [26] evaluated the Theory-of-Mind (ToM) capacities of

LLMs by testing their ability to infer opponents’ preferences

from offer histories. Opponent modeling also guides offer

selection [27]. ChargingBoul [6] classifies opponents by their

bid patterns and adapts its strategy accordingly. Human-Agent

Negotiation (HAN) also requires attention to social signals

and the relationship between utility and interpersonal goals

[28], [29]. Frameworks such as Negotiator [22] and IAGO

[30] provide reusable environments for studying human-agent

negotiation. Vahidov et al. [31] examined how concession

schedules and task complexity affect agreements. Argument-

aware agents incorporate opponents’ arguments into modeling

and bidding [32]; robot-clerk research studies how agents

acquire sales strategies for a particular venue [33].

B. Affective feedback as a strategic signal in negotiation

In this interactive setting, affective feedback guides negotia-

tion decisions [34], [35]. Grounded in the “Emotions as Social

Information” (EASI) model, the literature shows that emo-

tional displays influence an observer’s behavior through both

inferential and affective routes [13]. Early works demonstrated

that agents expressing anger or happiness could systematically

manipulate human concession rates and shift core appraisal

mechanisms [9], [36]. Emotion also conveys actionable strategic

data. Observing an AI’s emotional reactions during pre-play

communication allows humans to reverse-appraise the agent’s

hidden preferences, unlocking highly integrative agreements

[37]. Terada et al. [38] recently proposed a Bayesian approach

for inferring a partner’s hidden Social Value Orientation (SVO)

from their emotional reactions to offers.

In volatile dispute-resolution scenarios, tracking affective

trajectories proves critical. Unmanaged anger often traps

negotiating parties in a destructive loop that leads to a deadlock,

whereas expressing compassion can defuse tension and guide

the interaction toward an agreement [14]. Wang et al. [15]

similarly demonstrated that emotion-driven concession curves

can optimize multi-objective outcomes. Affective signaling also

influences subjective evaluations of the interaction. Nonverbal

expressions like smiles, virtual touch [39], and agent warmth

[40] elevate human compliance, perceived fairness, and the

willingness to renegotiate, even when economic outcomes

remain constant. Fine-grained affective traits and their timing

explain significant variance in subjective negotiation outcomes,

including participant satisfaction and partner perception [41],

[42]. Recent embodied negotiation systems integrate facial

affect directly into their strategies [21].

C. Affect recognition and limitations

Using emotion strategically requires accurate perception,

which traditional affective computing often struggles to provide.

This interaction involves both perceiving the participant’s

expressions and displaying cues that the participant can

interpret. Physical presence can affect responses to social

agents [43]–[45], while robot appearance can affect negotiation

dynamics [46]. Generic emotional displays on a physical agent

can also be difficult to interpret. Rendering intense, generic

expressions of joy on an android can trigger the uncanny valley

effect, impairing a human’s ability to understand affect and

infer preferences compared to interacting with a screen-based

virtual agent [47]. Cultural differences make this issue more

complex. Strategies effective in one context may fail in another

because culturally conditioned responses conflict [48]–[50].
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This expressive variation motivates personalizing perception

[51].

Despite progress in personalization, an important bottleneck

for affective agents remains the generalization gap [16]. Generic

models such as FaceChannel [17] and prior multimodal systems

[52] provide affect estimates whose interpretation depends

on the interaction context. Past research has emphasized

emotional opponent modeling [53], [54], but has generally

relied on generic interpretations. A growing consensus in

affective science argues that imposing rigid emotion categories

(e.g., the “Six Basic Emotions”) on facial movements is

fundamentally flawed [55]. In real negotiations, a knitted brow

or concentrated expression may indicate cognitive effort rather

than categorical anger [16]. Continuous valence-arousal models

represent graded affective changes, but their estimates still

require contextual interpretation during interaction [16]. For

example, a participant’s baseline expression can dynamically

change as they feel tired or build rapport. Arousal alone

does not distinguish negative from positive affect; a control

strategy must also account for valence and changes in the two-

dimensional signal. A fixed mapping from affect estimates to

actions can therefore miss changes that matter for negotiation.

D. Personalization and continual learning for Affective HRI

Continual learning offers an approach to adapting perception

during interaction and combines incremental adaptation with

mechanisms to mitigate Catastrophic Forgetting, the loss of

previously learned knowledge when acquiring new informa-

tion [18]. In affective robotics, this balance concerns adapting

to the current participant while retaining general facial repre-

sentations. Churamani et al. [19] established the computational

basis for solving this in affective robotics using dual-memory

architectures. Frameworks like CLIFER (Continual Learning

with Imagination for Facial Expression Recognition) [18]

operationalize this approach, enabling an embodied system

to construct a coherent, personalized affective signal amid the

variability of live interaction. Related personalization research

outside negotiation reports that fusing generalized baselines

with person-specific affective adaptations significantly improves

real-time interpretative accuracy [56], [57]. Latent generative

replay reduces the cost of facial-expression learning by gener-

ating intermediate feature embeddings instead of images [58].

Our system uses image-level replay with asynchronous updates

to keep learning off the interaction path.

Affective signals influence concession behavior and partici-

pants’ evaluations of negotiation counterparts [14], [42]. Prior

work in affective robotics has used continual personalization

in wellbeing interactions [59] and affect-driven policy learning

in an extended Ultimatum Game [60]. More recent personal-

ized facial-expression recognition addresses source-to-person

adaptation [61]. We connect online affective personalization

to concession control in bilateral, multi-issue negotiation.

Our differential-feedback rule converts directional and radial

changes in adapting valence-arousal estimates into target-

utility adjustments, extending the categorical feedback of

the earlier Solver [20], [21]. Comparing fixed and adapting

perception under this shared rule tests the operational value of

personalization within a live negotiation loop.

III. BACKGROUND

We first define the negotiation setting, outcome metrics,

and offer-move categories, then describe the Solver Agent

policy. Finally, we detail the computational models used for

affective perception: FaceChannel as our static, generic baseline

and CLIFER as our continual learning framework for online

adaptation with generative replay.

A. Bilateral Multi-Issue Human-Agent Negotiation

The automated negotiation literature generally models the

interaction as a bilateral, multi-issue negotiation between a

human (h) and an agent (a) using the Alternating Offers

Protocol (AOP) [3], in which participants take turns exchanging

offers. The negotiation domain consists of a set of issues

I = {i1, . . . , im}, where each issue ij (j = 1, . . . ,m) takes val-

ues from a predefined domain Dij . An offer ω = (v1, . . . , vm)
is a tuple where each vj ∈ Dij represents the specific value

assigned to issue ij . Each participant x ∈ {h, a} has private

preferences modeled by a linear-additive utility function. The

utility of an offer ω for participant x is defined as:

Ux(ω) =

m∑

j=1

wj,x · Vj,x(vj) (1)

Here, wj,x represents the normalized importance weight of

issue ij (such that
∑m

j=1
wj,x = 1), and Vj,x : Dij → [0, 1]

is the evaluation function mapping the selected value vj to

a normalized score. Negotiation proceeds in rounds until an

agreement is reached or the deadline Tmax expires.

To evaluate joint-outcome optimality, we use the Nash

Distance, defined as the Euclidean distance between the actual

agreement ω and the Nash Bargaining Solution (NBS) on the

Pareto frontier. Lower values indicate closer proximity to the

NBS. Formally, assuming a disagreement point of (0, 0), the

NBS is the optimal outcome ω∗ that maximizes the product

of both parties’ utilities:

ω∗ = argmax
ω

(
Ua(ω) · Uh(ω)

)
(2)

The Nash Distance (DN ) for a reached agreement ω is:

DN (ω) =
√

[Ua(ω)− Ua(ω∗)]2 + [Uh(ω)− Uh(ω∗)]2 (3)

While automated negotiators traditionally prioritize self-

sufficiency, they struggle with interdependence, such as sustain-

ing cooperative social relationships. Effective interdependence

requires the agent to respond adaptively to the participant’s

verbal and non-verbal feedback. We conceptualize the agent’s

role in terms of self-sufficiency, self-directedness, and in-

terdependence, as Baarslag et al. [29] propose. To analyze

negotiation behaviors beyond final utility scores, we used the

stepwise analysis framework proposed by Hindriks et al. [24].

As shown in Fig. 1, this method classifies offer transitions

by the utility difference (∆U ) from the same actor’s previous

offer. A Silent move leaves both parties’ utilities unchanged

from the same actor’s preceding offer.
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Fig. 1. Stepwise Move Classification [24]: Illustrated move types are defined
by both parties’ utility changes from the same actor’s previous offer: Fortunate
(both gain), Nice (opponent gains, own unchanged), Concession (own loss,
opponent gain), Selfish (own gain, opponent loss), Unfortunate (both lose).

B. The Solver Agent

To compare affective perception within a shared strategy,

we use the Solver Agent’s self-directed, deadline-driven tactics

and focus on affective feedback. The Solver Agent’s Target

Utility (TU ) at normalized time t ∈ [0, 1] is defined as a

convex combination of a time-dependent tactic (TUTime) and

a behavior-dependent tactic (TUBe):

TU(t) = t2 · TUTime(t) + (1− t2) · TUBe(t) (4)

This weighting method lets the agent focus on affective

features and the opponent’s offer behavior during early ne-

gotiation phases, while gradually shifting toward deadline-

driven concession as the interaction concludes. As the deadline

approaches (t→ 1), the behavioral component weight (1− t2)
decays. This ensures that even if the perception component

detects high arousal (e.g., excitement or anxiety) in the final

rounds, or the participant’s offer behaviors fluctuate, the agent

focuses on the deadline-driven concession (TUTime).

The underlying Solver strategy [20], [21] defines TUBe,

which combines the opponent’s awareness score (PA), affective

feedback (PE), and offer-utility changes. The earlier Solver

computes PE as a weighted sum of emotion-category proba-

bilities averaged across frames [21]. Section IV replaces that

calculation with differential feedback from continuous valence-

arousal changes. Additionally, the Solver agent improved the

standard Tit-for-Tat strategy by gating the influence of emotion

based on the consistency of the opponent’s behavior:

TUBe = Ua(ω
t−1

a ) + P 2

A · PE
︸ ︷︷ ︸

Affective Feedback

− (1− P 2

A)(µ ·∆U)
︸ ︷︷ ︸

Behavioral Feedback

(5)

Here, Ua(ω
t−1

a ) is the utility of the agent’s previous offer,

and µ ∈ [0, 1] is the empathy factor weighting the behavioral

feedback. It increases with normalized time as µ = P3(1 + t),
with P3 = 0.5, following the underlying Solver policy [21].

The two dynamic terms function as follows:

• Affective Feedback (P 2

A ·PE): Weights the affective feed-

back (PE) by the opponent’s behavioral responsiveness

(PA). Positive affective feedback (PE > 0) encourages

the agent to maintain its position, while negative feedback

(PE < 0) encourages concession to avoid impasse.

• Behavioral Feedback (−(1 − P 2

A)(µ · ∆U)): Adjusts

target utility in response to changes in the opponent’s

offers. If the opponent is less responsive to the agent’s

behavior (i.e., low PA), the agent assigns less weight

to the emotional signal and places more weight on the

opponent’s offer behavior. This Tit-for-Tat term uses ∆U ,

a weighted sum of recent signed changes in the agent’s

utility across the opponent’s offers. The empathy factor

µ scales this behavioral response. Positive changes lower

this term’s contribution to the target; negative changes

raise it.

This control mechanism increases the influence of social

signals as behavioral responsiveness (PA) rises. The awareness

score measures the opponent’s response to the agent’s behavior

changes [21]. The ratio CH/CA is clipped to [0.25, 0.75],
where CA counts agent move-type changes and CH counts

those followed by an opponent shift. The score is initially 0.5.

Online move classification uses an opponent-utility model; the

participant’s true preferences remain private.

C. Generic Affective Baseline: FaceChannel

To recognize nuanced affective shifts without forcing expres-

sions into rigid categories, our strategy relies on continuous

Valence-Arousal (VA) representations. FaceChannel [17] is

a lightweight convolutional neural network pretrained on

AffectNet for continuous VA regression. We selected it as

our generic baseline because its continuous circumplex output

aligns directly with our affective strategy, and its lightweight

architecture allows real-time inference within our < 2.0 s

latency constraint without cloud APIs. It outputs predictions

in the range [−1, 1] for both arousal and valence dimensions.

In our within-subjects design, FaceChannel serves as the

generic baseline and does not adapt in real time during negoti-

ation. CLIFER starts from a model trained on the participant’s

demo session (Section V-C2) and continues adapting during its

own session. The perception results therefore compare outputs

from the respective FC and CL sessions, rather than paired

predictions on identical video frames. The selected model’s

output influences the agent’s offers and, consequently, the

participant’s subsequent behavior and facial input.

D. Adaptive Perception: CLIFER with Generative Replay

Continuous fine-tuning updates pretrained model weights,

which can cause catastrophic forgetting. To address the

plasticity-stability dilemma in Section II, we employ the

CLIFER framework [18]. Its dual-memory architecture has

complementary roles for adaptation and retention:
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Fig. 2. System Architecture of the CL-enabled Solver Agent: The robot’s audiovisual input is converted to offers (Speech-to-Offer) and valence–arousal
estimates (CLIFER: episodic memory adapted to the participant, CAAE providing generative replay). The Solver uses these to compute counter-offers, which
the Interaction Manager voices with gestures. θ denotes the GWR memory parameters; the FaceChannel encoder and regression head remain fixed.

• Episodic Memory (GDM-E) for Plasticity: Acting as a

dynamic buffer, this module uses unsupervised Hebbian

learning via Growing-When-Required (GWR) memory

networks to rapidly adapt to the participant’s live frames

Fr during a negotiation. This supports adaptation to the

current participant’s observations.

• Semantic Memory (GDM-S) for Stability: A second

GWR memory retains general affective representations. A

separate Conditional Adversarial Auto-Encoder (CAAE),

pretrained on AffectNet, generates replay images to

support retention during adaptation.

To mitigate catastrophic forgetting while enabling this

plasticity, we use Generative Replay. As illustrated in Fig. 2,

the system mixes live samples (Fr) with “Imagined” samples

(Fgen) generated by the CAAE. Both GDM networks utilize

competitive Hebbian learning. For each input, the system

calculates the Best-Matching Unit (BMU) activation. Neuron

creation uses the activation thresholds (aE = 0.6 for Episodic,

aS = 0.5 for Semantic) together with habituation criteria. Oth-

erwise, the system updates the existing BMU and its neighbors.

The GWR memories update their stored Valence-Arousal (VA)

associations using pseudo-labels from the frozen FaceChannel

model. Its 200-dimensional encoder and regression head remain

fixed; adaptation takes place in the memories, without manual

affect annotations. GDM-E aggregates frame-level pseudo-

labels through participant-specific clustering. These cluster-

level estimates supply adaptive affective input to the negotiation

controller.

IV. PROPOSED APPROACH: DIFFERENTIAL AFFECTIVE

FEEDBACK

In negotiation, the agent must respond to its changing

affective input. High arousal may accompany either positive

or negative valence, so arousal alone does not determine

the response direction. We formalize a Differential Affective

Feedback (PE) signal that combines changes in direction and

intensity. Rotation (Prot) captures directional changes in the

estimated affective vector, while radial change (Prad) captures

changes in its magnitude. This feedback rule connects the

continuous valence-arousal representation to the strategy’s

response [13], [62].

The Differential Affective Feedback combines the directional

sign with the Euclidean combination of these components:

PE = Psign ×min

{

1,
√

P 2
rot + P 2

rad

}

(6)

where Psign sets the direction of the affective target-utility

adjustment, while angular and radial changes determine its

magnitude. The sign of the rotation is immaterial in Equation 6,

which uses P 2

rot. The behavioral term and time-dependent tactic

also contribute to the final target utility. We compute Psign

from the changes in normalized valence and arousal, ∆V and

∆A: Psign = +1 when ∆V + ∆A ≥ 0, and −1 otherwise.

This equal weighting allows either dimension to affect the

response; when the changes oppose each other, the change

with the larger absolute value determines the sign; ties give +1.

The circumplex describes affective states, while this control

convention acts on changes between states. Before Equation 6,

we divide Prot by π and Prad by
√
2 (ScaleFeedback in

Algorithm 1); the cap bounds |PE | at one.



6

Fig. 3. Differential affective feedback between the previous (Ẽt−1, blue)

and current (Ẽt, orange) normalized VA vectors. Equation 7 defines angular

(Prot) and radial (Prad) features; the dashed line shows displacement (∆Ẽ).

From consecutive states Ẽt−1 and Ẽt, we compute the un-

scaled angular change (Prot) with the four-quadrant arctangent,

and the radial change (Prad) from their vector magnitudes:

Prot = atan2(δdet, δdot),

Prad =
∣
∣∥Ẽt∥2 − ∥Ẽt−1∥2

∣
∣.

(7)

Here, δdet = det(Ẽt−1, Ẽt), δdot = Ẽt−1 · Ẽt, and ∥ · ∥2
denotes the L2 norm. This explicit separation mathematically

distinguishes directional changes from intensity changes in

the estimated affective signal. To enable fair comparison

across participants with different expressive baselines, we first

normalize the raw affect values (Et) during their negotiation

session as seen in Equation 8:

Ẽt =
Et − µt

σt + ϵ
(8)

where Ẽt = (Ṽt, Ãt), µt and σt are the running mean and

standard deviation vectors of the raw model outputs, and ϵ is

a small positive constant that prevents division by zero. This

adjustable scaling lets the geometric origin (0, 0) dynamically

represent the participant’s running model-output baseline.

Asynchronous Turn-Based Architecture: To maintain

natural interaction, the system must follow strict temporal

constraints (< 2.0s latency) [63]. This conflicts with the

computational cost of Generative Replay. We solve this using

an Asynchronous Turn-Based Architecture (Algorithm 1) that

separates interaction from learning.

• Thread 1 (Interaction): Operates on an inference time

cycle. It performs inference using the current model

snapshot (θcurr) to generate immediate counter-offers.

Because inference uses only a forward pass through the

frozen encoder and a nearest-node match in the GWR,

this step completes in under a second.

• Thread 2 (Learning): Runs in the background. It de-

queues interaction frames, generates “Imagined” samples

with the pretrained CAAE, and updates the model weights

(θtrain), sharing them with Thread 1 only at the end of

each training step. Thread 2 never blocks Thread 1; if

training exceeds the interaction cycle, the agent continues

with the most recently completed GWR weights.

This asynchronicity enables the time constraint (< 2.0s)

to apply exclusively to the inference path (Thread 1). It

completes a forward pass through the frozen encoder and

nearest-node GWR match in under 200 ms per frame batch.

Thread 2’s Generative Replay step, including CAAE sample

generation and GWR weight changes, requires approximately

1–3 seconds per batch but runs asynchronously and never blocks

inference. The learning thread processes queued interaction data

asynchronously. The GWR memories regulate adaptation using

activation and habituation criteria. The regulated semantic-

memory update additionally requires an L2 discrepancy above

0.3 between the incoming VA pseudo-label and the BMU’s

stored VA estimate.

Algorithm 1 Async. Turn-Based CL-enabled Solver Agent

Require: Video Stream S, Pre-trained Weights θinit, CAAE

G
Ensure: Bid Strategy TUnext

1: Init: θcurr, θtrain ← θinit; Qbatch ← ∅
2: Stats: µ← 0, σ ← 1, Ẽ0 ← 0

Thread 1: Interaction Loop (Real-Time)

3: while Negotiation Active do

4: if θshared ̸= null then

5: θcurr ← θshared; θshared ← null

6: end if

7: Bt ← CaptureFrames(S)
8: Et ← Infer(Bt; θcurr)
9: Ẽt ← Normalize(Et,µ,σ)

10: UpdateRunningStats(µ,σ, Et)
11: ∆V ← Ṽt − Ṽt−1; ∆A ← Ãt − Ãt−1

12: Psign ← +1 if ∆V +∆A ≥ 0, else −1
13: δdet ← det(Ẽt−1, Ẽt); δdot ← Ẽt−1 · Ẽt

14: Prot ← atan2(δdet, δdot)
15: Prad ←

∣
∣∥Ẽt∥2 − ∥Ẽt−1∥2

∣
∣

16: (Prot, Prad)← ScaleFeedback(Prot, Prad)
17: PE ← Psign ×min{1,

√

P 2
rot + P 2

rad}
18: TUnext ← SolverStrategy(PE , PA,∆U)
19: Qbatch.Enqueue(Bt)
20: end while

Thread 2: Continual Learning (Background)

21: while Negotiation Active do

22: if Qbatch ̸= ∅ then

23: Dt ← Qbatch.Dequeue()
24: Dgen ← GenerateReplay(G)
25: Dtrain ← Mix(Dt,Dgen)
26: θtrain ← TrainStep(θtrain,Dtrain)
27: θshared ← θtrain
28: end if

29: end while
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V. EXPERIMENTAL SETUP

We investigate whether the personalized facial expression

analysis module, through continual learning, significantly

affects negotiation outcomes. We also evaluate participants’

offer behavior and their interaction with the agent.

A. Participants

We recruited 66 university students (39 male, 27 female;

median age: 21) from Özyeğin University, Türkiye. All

participants were educated in English, with academic levels

ranging from undergraduate (BS) to doctoral (PhD) studies.

The human-agent experiments in this study were approved

by the Ethics Committee of Özyeğin University, and written

informed consent was obtained from all participants.

B. Embodied Agent Architecture

(a) Participant view (b) Side view

Fig. 4. Human-Robot Negotiation Experimental Setup: (a) Participant’s view
of the Nao robot and negotiation interface. (b) Side view of the room.

To validate our approach with an embodied agent in a com-

plex negotiation domain, we utilize the Negotiator framework

[22]. This modular architecture supports embodied negotiation.

As shown in Fig. 2, the Negotiator orchestrates components

that handle the alternating offer protocol, analyze preferences,

and manage multimodal interaction modules.

These include visual, verbal, and gesture generation, all via

humanoid robots such as Nao, Pepper, and QT, or via virtual

avatars. The Nao robot embodied the Solver agent, as shown

in Fig. 4. As shown in Fig. 4a, participants view the Solver

interface on a large screen. This interface displays the ordered

alternative values for each issue according to participants’

preferences, the utility of the current offer, the current chat

offers for both sides, and the time elapsed during negotiation.

The participant starts by verbally specifying an offer with a

value for each issue. The Speech-to-Offer Module processes the

offer, and the free speech protocol also lets the participant make

arguments. The framework’s modularity allows us to swap the

standard perception component for our CL module. The Nao

robot provided a physically present negotiation partner, drawing

on the role of embodiment in human-robot interaction [43].

We ensured a consistent appearance to avoid the confounding

effects noted by Keskin et al. [46]. Each side knows only its

own preferences during the negotiation. If the parties cannot

reach an agreement, both sides receive zero utility.

We captured facial expressions with a Logitech Brio 4K

webcam at 60 fps, positioned at eye level and 1.2-1.5 m from

the participant. We capped per-round frame counts at 90 for

CLIFER processing. The system ran on a laptop with an

NVIDIA GTX 1070, 32 GB of RAM, and a 1 TB SSD.

C. Experiment Procedure

As shown in Fig. 5, each participant negotiated under two

facial-expression perception conditions: the generic FaceChan-

nel model and the continual-learning CLIFER model. After a

demo session in a separate domain (Section V-C2), participants

negotiated twice with the Solver Agent, following their self-

ordered preferences. We counterbalanced the order of the

two perception conditions across participants. Both main

negotiations used the Holiday domain with a ten-minute

deadline (Fig. 5). Section VI examines order sensitivity. After

completing the first negotiation session, they took a 5-minute

break before starting the second session. Immediately after

each negotiation, participants completed a post-survey.

Fig. 5. Experiment Procedure: A 6-min Grocery demo initializes CLIFER.
Participants then complete two Holiday negotiations (10-min deadline), one
with each perception model in counterbalanced order, each preceded by
preference elicitation and followed by a questionnaire.

1) Negotiation Domain: Before each session, participants

ranked the issues by importance and indicated their preferred

values for that domain. For the Holiday Domain shown in

Table I, the participant earns a vacation gift from a draw.

Another person they have never met also wins the same vacation.

They must go on vacation together. They negotiate where to

go (Destination), where to stay (Accommodation), when to

go (Season), and what to do (Events). A participant can list

Destination first, Accommodation second, and so on. They also

order their preferences, such as London ≺ Boston ≺ Rome ≺
Barcelona, to show that they prefer Barcelona over Rome.

Using these preference rankings, the Negotiator core ar-

ranged the agent’s preferences to distribute the offers with

the same utility distribution for each session, as shown in

Fig. 6. Both parties have equal negotiation power, and to reduce

familiarity with specific offer alternatives, we differentiated the

destination places for their second negotiation.

2) Demo Session: A fundamental issue in applying CL

to short-term interactions is the cold-start problem, where

the model lacks enough initial data to define a participant’s

baseline [19]. Before the main negotiations, each participant

completed a six-minute practice negotiation with the robot in a

separate Grocery domain. This demo served two purposes. First,

participants exchanged offers with the robot to become familiar

with the interface and procedure without rehearsing the Holiday

alternatives. Second, their facial samples, pseudo-labeled by the
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Fig. 6. Utility Space of the Holiday Domain: Each point represents a possible
agreement; stars mark the Pareto frontier and the triangle the Nash solution
(0.80, 0.80). Both sessions use the same space.

TABLE I
HOLIDAY DOMAIN PREFERENCES:

THE ISSUE WEIGHTS & VALUE ORDERS

Issue (Weight) 1 2 3 4

Destin. (0.48)
Barcelona (1)

Venice (2)
Rome (1)
Lisbon (2)

London (1)
Sydney (2)

Boston (1)
Miami (2)

Accom. (0.32) AirBnB Hotel Hostel Boat

Events (0.16) Shopping Museum Sports Show

Season (0.04) Summer Winter Spring Fall

frozen FaceChannel model, initialized CLIFER’s participant-

specific episodic memory. We excluded demo observations

from the main-session outcome analyses.

At the start of that participant’s CL session, CLIFER loaded

the model trained during the demo and continued adapting

to newly captured facial samples. FaceChannel remained

fixed in the FC session. We excluded FC-session facial

expressions from CL training, including when FC came first.

The comparison therefore evaluates demo-session training

together with continued online adaptation (Section VIII).

VI. EVALUATION

We evaluate affective outputs, negotiation behavior, out-

comes, and participant ratings. The utility and concession

comparisons assess the strategy’s practical value; the signal

analyses describe its affective input. We collected data from

66 participants, each completing two main human-agent

negotiations (132 sessions).

The principal comparisons used paired participant summaries.

We used two-tailed paired t-tests and reported paired Cohen’s

dz (the mean CL-FC difference divided by its sample standard

deviation) to estimate effect size. Following Cohen’s conven-

tions, we interpret the absolute effect size as negligible below

0.2, small from 0.2 to below 0.5, medium from 0.5 to below

0.8, and large at 0.8 or above. We used an initial significance

threshold of α = 0.05. To control for multiple testing across

our four principal comparisons (estimated arousal, concession

rate, agent utility, and agreement rounds), we applied the Holm-

Bonferroni sequential correction procedure. We also report a

separate post hoc Holm correction across the six participant

move categories. Questionnaire, affect-by-move, correlation,

and mediation analyses remain exploratory and fall outside

the four-outcome correction. Tables report unadjusted p-values;

adjusted values are given in the text.

Post hoc checks of outcome uncertainty used paired t
intervals, 10,000 percentile bootstrap resamples, and leave-one-

participant-out estimates. Resampling retained both sessions

per participant and, for round-level checks, all their rows.

The reported intervals are unadjusted 95% CIs. Participant-

level values are means and sample SDs; paired effect sizes

use dz . Robot-move comparisons used paired t-tests with

Holm correction across six categories. For presentation-order

sensitivity, we regressed within-person CL-FC differences on

presentation order using HC3 standard errors. Holm correction

covered five outcomes (arousal, concessions, both utilities, and

rounds). First-session contrasts used Welch tests.

We counterbalanced the experiment order (CL-first: N = 34,

FC-first: N = 32), distributing session exposure across

conditions. Equal weighting of the two orders retained positive

agent-utility (0.022, 95% CI [0.004, 0.040]) and concession-

rate differences (0.091, [0.019, 0.164]). Order checks assess

differences between sequences, separately from the principal

condition contrasts; only agreement rounds showed order

sensitivity after the five-outcome Holm correction (padj =
0.048). First-session-only utility and concession estimates

were smaller and less precise, with intervals including zero.

Table VI gives means and sample SDs by session and sequence.

Counterbalancing handles common session effects; condition-

specific carryover cannot be excluded.

For context, a sensitivity calculation using G*Power [64]

indicates approximately 80% power to detect dz = 0.35 with

N = 66 paired samples and α = 0.05. The secondary signal

analyses used 2, 114 logged rows nested within 132 sessions

from 66 participants. Treating these rows as independent would

cause pseudo-replication and inflate Type 1 error rates.

Secondary analyses of round-level affect estimates used

linear mixed-effects models (LMMs) with participant random

intercepts, allowing participants to have different baselines. To

check the pooled CL-FC contrasts, we added random session

intercepts within participants, allowing each person’s two

sessions to have different baselines. A separate regression check

used participant fixed effects and standard errors clustered by

participant, allowing observations from the same person to be

correlated when estimating uncertainty. We used the intraclass

correlation coefficient (ICC) to summarize between-participant

variation.

A. Affective Feedback

To evaluate the effectiveness of the continual learning

approach in affect perception (RQ1), we analyzed normalized

arousal and valence predictions over all 66 participants. Each
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(a) Subject-Level Affective Signal: CL significantly increases mean estimated
arousal (dz = 0.68) at the subject level.

(b) Round-Level Affective Signal: Pooled arousal (d = 0.88) and valence
contrasts; stars indicate nominal tests. Participant-block inference supports
only the arousal contrast.

(c) Individual Affective Difference Analysis: 75.8% of subjects show higher
arousal estimates with CL (** p < 0.01); 51.5% show higher valence estimates.

(d) Temporal Profiles in Sessions: CL has a higher mean estimated arousal
after the initial zero entries; the first 30 logged offer positions are shown.

(e) Round-Level (nFC = 1,134, nCL = 980)
(r: FC=−0.15, CL=0.45)

(f) Balanced Sample (n = 980 per condition)
(r: FC=−0.14, CL=0.45)

(g) Subject-Level (N = 66)
(r: FC=−0.20, CL=0.31)

Fig. 7. Affect Perception Analysis: (a-b) Affective Signal: CL produces significantly higher arousal estimates at both the subject (dz = 0.68) and round
levels (d = 0.88). (c) Individual Differences: Most subjects (75.8%) showed higher arousal values with the CL-enabled Solver Agent. (d) Temporal Profile:

The offer-indexed means include initial zero entries and fewer contributing sessions at later positions. (e-g) Correlations: CL produces a positive arousal-valence
correlation (r = 0.45 at round level; r = 0.31 at subject level) compared with the negative association seen with FaceChannel at round and subject levels.

participant completed sessions with both the generic FaceChan-

nel (FC) and adaptive CLIFER (CL) models, yielding 2, 114
rows in the exported round-level dataset. We used two analysis

levels: Subject-Level and Round-Level. Participant-level paired

tests provide the primary comparisons (N = 66); secondary

LMMs and round-level plots describe the signal structure.
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1) Affective Signal Coherence & Sensitivity: Personalizing

the agent’s perception expanded the range of its estimated

arousal signal (Fig. 7a). At the subject level, CL produced

significantly higher mean arousal estimates than FC, yielding a

medium effect size (Cohen’s dz = 0.68, p < 0.001). Table II

reports the means and dispersions at each aggregation level. The

secondary round-level analysis (n = 2,114) showed the same

direction (d = 0.88). An equal-size subsample comparison

(n = 980 per condition) also retained this contrast (d = 0.87);

balancing row counts addresses sample-size differences, but

does not remove within-session dependence.

The arousal contrast remained when the LMM accounted for

both participant and session baselines. The model estimated

higher arousal under CL than FC (CL-FC: β = 0.127,

95% CI [0.087, 0.168]). For valence, the estimated difference

was β = 0.027 (95% CI [−0.017, 0.072]), with an interval

including zero. Regressions with participant fixed effects and

standard errors clustered by participant supported the same

conclusions for both dimensions. Bootstrap resampling of

whole participants, retaining both sessions and all their rows,

also supported the pooled arousal difference (∆ = 0.142, 95%

CI [0.095, 0.186]). A sensitivity check excluding the two initial

zero-valued entries per session retained all 66 participant pairs;

the arousal difference remained positive (∆ = 0.146, 95% CI

[0.092, 0.199]; paired t(65) = 5.45, p < 0.001, dz = 0.67).

The CL outputs also had greater variance (ratio = 5.7; pooled

Levene’s F = 518.97, nominal p < 0.001). This pooled test

does not account for dependence among repeated observations.

These results describe the range of model outputs used by

the negotiation controller. This comparison does not separate

perceptual adaptation from condition-specific output scaling.

While the pooled valence comparison was nominally signifi-

cant (d = 0.18, p < 0.001), it did not reach significance at the

subject level (p = 0.317). The bootstrap interval for the pooled

valence difference included zero (∆ = 0.033, [−0.021, 0.087]),
so its nominal round-level significance was not robust to this

dependence check. Valence also remained non-significant after

excluding the initial zero entries (p = 0.383). Thus, arousal

showed the clearer contrast.

Collapsing consecutive identical VA estimates per session

resulted in 925 logged rows; descriptive correlations remained

positive for CL (r = 0.44) and negative for FC (r = −0.16).

This checks log repetitions, not unique video frames.

2) Individual Affective Difference Analysis: The overall

increase in estimated arousal reflects differences across many

participants rather than a few extreme outliers (Fig. 7c).

Tracking each participant’s exact CL−FC difference (∆)

revealed that CL yielded higher arousal estimates by an average

of +0.125 normalized units (95% CI [0.080, 0.170]). We

classified participants by the magnitude of this output difference

into four descriptive categories: Strong (∆ > 0.15) comprising

47% of subjects; Moderate (0.05 < ∆ ≤ 0.15) capturing 21%

of subjects; Neutral (|∆| ≤ 0.05) representing 14% of subjects;

and Negative (∆ < −0.05) at 18%. The bars in Fig. 7c show

signed differences; these categories apply the thresholds above.

Overall, 75.8% of participants showed higher arousal esti-

mates with the CL model, a proportion significantly above 50%

(binomial test, p < 0.01). Valence differences varied across

participants; the paired mean comparison was not significant

(p = 0.317, Table II). The Negative group (12/66 participants,

18%) had already exhibited unusually high arousal scores under

the baseline FC model. This variation suggests that the effect

of adaptation on the signal depends on the participant and

interaction context.

3) Temporal Change: The CL-FC arousal difference varies

across the negotiation timeline (Fig. 7d). The horizontal index

follows logged offers, including two initial zero-valued entries

in each session; successive offers can share an affect estimate.

After these entries, CL has higher mean estimated arousal

across the displayed positions. Later means are based on fewer

sessions, because only negotiations still in progress contribute

at each offer position.

4) Arousal-Valence Coupling: Personalization changes the

feedback coupling between arousal and valence. Fig. 7e shows

that the CL condition exhibits a moderate positive correlation

(r = 0.45, n = 980), so that higher estimated valence tends to

accompany higher estimated arousal. In contrast, the generic

FC model shows a weak negative correlation (r = −0.15,

n = 1,134). The two conditions therefore provide coupled

feedback signals in different ways.

TABLE II
ESTIMATED AFFECT STATISTICS

Metric FC CL p d

Subject-Level (N = 66; dz)
Arousal 0.02± 0.07 0.14± 0.16 < 0.001 0.68
Valence 0.03± 0.13 0.05± 0.13 0.317 0.12

Round-Level (nFC = 1,134, nCL = 980; d)
Arousal 0.01± 0.09 0.15± 0.22 < 0.001 0.88
Valence 0.03± 0.18 0.07± 0.20 < 0.001 0.18

Balanced Sample (n = 980 per condition; d)
Arousal 0.01± 0.09 0.15± 0.22 < 0.001 0.87
Valence 0.03± 0.17 0.07± 0.20 < 0.001 0.18

FC sessions often required more rounds to reach agreement,

resulting in slightly imbalanced observation counts (nFC >
nCL). To examine the influence of unequal observation counts,

we tested an equal-size subsample (Fig. 7f), where both groups

had the same number of observations (n = 980 per condition).

Notably, the correlation in CL remained positive (r = 0.45),

whereas in FC it remained negative (r = −0.14). The contrast

persists after equalizing row counts.

This coupling difference persists at the subject level (Fig. 7g).

The correlations among the 66 participant means are positive

for CL (r = 0.31) and negative for FC (r = −0.20). We

averaged within-session arousal-valence correlations in Fisher-

z space and back-transformed the means: r = 0.88 for CL

and r = −0.27 for FC. A paired-sample comparison of

Fisher’s z-transformed per-subject correlations confirms the

CL–FC coupling difference is highly significant (t(65) = 7.73,

p < 0.001, dz = 0.95) and uses participants as the units

of comparison. A positive association is compatible with

engagement in mutually favorable exchanges, but the VA

framework does not require positive coupling as a criterion

for cooperation or accurate perception [62]. These results
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address the signal-level component of RQ1; the human-agent

negotiation outcomes below assess its functional value.

B. Behavioral Influence

The CL-enabled Solver agent uses personalized affective

feedback to regulate concessions in response to the opponent’s

offers and time pressure. This lets the strategy respond

to changes in the participant-adapted signal throughout the

interaction.

TABLE III
PARTICIPANT OFFER MOVES

Metric FC CL p dz

Concession 0.28± 0.20 0.37± 0.27 0.013 0.31
Nice 0.04± 0.08 0.04± 0.09 0.821 0.03
Fortunate 0.18± 0.16 0.15± 0.14 0.272 -0.14
Unfortunate 0.21± 0.17 0.21± 0.18 0.803 -0.03
Selfish 0.23± 0.19 0.19± 0.17 0.172 -0.17
Silent 0.06± 0.14 0.04± 0.11 0.390 -0.11

Participants showed a significant behavioral shift toward

concession (Fig. 9, Table III). Specifically, participants who

interacted with the CL agent increased their concession rate

from 28.1% to 37.4% (p = 0.013, padj = 0.040, dz = 0.31).

This result is compatible with the idea that participants interpret

the agent’s reactions when adjusting their offers, as suggested

by the EASI framework [13]. It may also reflect persuasion or

adaptation to the agent’s bargaining stance; concession rates

alone do not distinguish these explanations from cooperation.

Meanwhile, the rate of Unfortunate moves, which reduce

both parties’ utilities, did not change significantly between

conditions. A separate post hoc Holm correction across all six

participant move categories gave padj = 0.0795 for concession;

the move-category comparisons remain exploratory.

Applying the same move taxonomy to successive offers by

the same actor reproduced the participant concession summaries.

Rates exclude the first offer, which has no initial move. Robot

concession rates were 38.9% in both conditions (63 pairs; CL-

FC 95% CI [−7.81, 7.82] percentage points; padj = 1.000).

Three CL sessions contained only one robot offer, so we could

not define a transition rate. This check did not detect lower

aggregate robot concession frequency under CL.

Mapping Affect to Negotiation Behavior: This exploratory

affect-by-move analysis pools logged human and robot moves.

Its nominal round-level tests do not fully represent temporal

dependence or identify actor-specific affective reactions. To

explore the behavioral shift, we mapped the agent’s estimated

affective feedback onto logged negotiation moves (Fig. 8,

Table IV). We distinguish two comparisons: (1) differences in

the estimated signal between CL and FC, and (2) differences

associated with move types within each condition (e.g., Con-

cession vs. Selfish). The move label describes the offer-maker,

whereas the affect estimate always comes from the participant’s

face.

To assess whether the condition difference extends across

move types, we compared estimated arousal between CL and

FC within each reported category. Notably, the CL model

produced higher arousal estimates than the static FC baseline

for all major move types. The largest arousal contrasts occurred

during the most frequent actions: Concession (d = 1.05)

and Selfish (d = 1.10); together, these account for most

negotiation moves. Furthermore, the other listed move types

also showed higher CL estimates (Fortunate d = 0.58, Nice

d = 0.89, Unfortunate d = 0.34). As shown in Fig. 8b, the

circumplex space shows clear upward centroid shifts. Overall,

these exploratory comparisons indicate that the signal difference

extends across several move categories.

TABLE IV
ESTIMATED AROUSAL BY MOVE TYPE

Move Type FC Arousal CL Arousal p d

Concession 0.011 0.173 < 0.001 1.05
Selfish 0.011 0.187 < 0.001 1.10
Nice 0.048 0.125 0.001 0.89
Fortunate 0.039 0.142 < 0.001 0.58
Unfortunate 0.038 0.107 0.018 0.34

We fitted linear mixed-effects models (LMMs) to examine

how estimated arousal varies by logged move type within

each condition. In the CL condition, moves that increased

the counterpart’s utility (Fortunate: β = −0.054, p < 0.001;

Concession: β = −0.051, p = 0.004) had lower estimated

arousal than Selfish moves (the Selfish baseline). These

coefficients describe within-condition associations between

logged move type and estimated arousal. In the corresponding

FC analysis, the nominal comparison indicated a difference only

for Unfortunate moves (β = −0.023, p = 0.002). Separate

condition-specific fits do not test whether the move-related

associations differ between conditions. The substantial between-

subject variance observed here (ICC ≈ 0.53-0.55) indicates

between-participant variation under the fitted models. Together,

the circumplex mapping and LMMs connect RQ1 and RQ2 by

showing how the estimated affective signal relates to negotiation

moves. They complement the concession-rate finding.

C. Negotiation Efficiency

As illustrated in Fig. 10 and Table V, the CL-enabled Solver

Agent achieved a significantly higher final utility than the

generic FC baseline (RQ3; raw p = 0.017, padj = 0.040,

dz = 0.30). Participant Utility (p = 0.495) and overall Nash

distance (p = 0.378) did not show significant differences

between conditions. Furthermore, the CL-enabled agent reached

agreements in 11% fewer rounds on average than the FC

baseline, although this reduction was not statistically significant

(p = 0.134). Together, the outcomes show higher agent utility,

with no statistically significant difference in participant utility or

proximity to the reference Nash solution. The paired CL-FC dif-

ferences were +0.022 in agent utility (95% CI [0.004, 0.040]),
−0.008 in participant utility ([−0.031, 0.015]), and +9.35
percentage points in participant concessions ([2.02, 16.69]).
Participant-level bootstrap intervals also excluded zero for the

agent-utility and concession gains; both directions persisted

across all 66 leave-one-participant-out checks.
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(a) FC (b) CL

Fig. 8. Estimated Affect by Move Type: Round-level VA estimates for (a) FC and (b) CL, pooling human and robot moves; colored regions show density and
large circles denote per-move centroids. CL centroids are higher in arousal across all move types.

TABLE V
NEGOTIATION OUTCOMES

Metric FC CL p dz

Agent Utility 0.73± 0.08 0.75± 0.06 0.017 0.30
Participant Utility 0.76± 0.09 0.75± 0.10 0.495 -0.08
Nash Distance 0.12± 0.08 0.11± 0.08 0.378 -0.11
Agree. Rounds 8.56± 5.05 7.61± 3.85 0.134 -0.19

TABLE VI
OUTCOMES BY SESSION AND SEQUENCE

Metric Session 1: CL Session 2: FC Session 1: FC Session 2: CL

Est. Arousal 0.17±0.16 0.00±0.05 0.03±0.07 0.11±0.15

Concession Rate 38.8±27.1 22.1±18.7 34.5±18.9 36.0±27.8

Agent Utility 0.75±0.07 0.72±0.09 0.74±0.06 0.75±0.06

Rounds 7.56±3.85 10.09±5.47 6.94±4.06 7.66±3.92

D. Questionnaire Analysis

Personalizing the agent’s affective perception also changed

its subjective evaluation (RQ4). As shown in Fig. 11 and

detailed in Table VII, participants rated the CL-enabled agent

higher on preference modeling, affective awareness, and

persuasiveness. These exploratory comparisons concern single

questionnaire items, rather than validated multi-item constructs.

Both conditions shared the negotiation policy, although their

affective inputs could produce different offers.

The unadjusted item comparisons favored CL for Preference

Modeling (p = 0.013, dz = 0.32), Affective Awareness (p =
0.015, dz = 0.30), and Persuasiveness (p = 0.043, dz = 0.26).

Responsiveness to affective feedback may improve participants’

broader impression of the agent. In contrast, Time Awareness

showed no significant difference (p = 0.121).

TABLE VII
QUESTIONNAIRE RESPONSES: TWO-TAILED WILCOXON SIGNED-RANK

TESTS; PAIRED COHEN’S dz .

Questions FC CL p dz

Q1) Preference Modeling:

Solver modelled my
preferences accurately.

3.33±0.77 3.65±0.71 0.013 0.32

Q2) Affective Awareness:

Solver considered my
emotional state.

3.09±1.06 3.44±0.88 0.015 0.30

Q3) Persuasiveness:
Solver was convincing during
the negotiation.

3.32±0.93 3.65±0.79 0.043 0.26

Q4) Participant Decisions:

Solver’s gestures affected my
offer behavior.

3.29±1.30 3.50±1.23 0.058 0.21

Q5) Time Awareness:

While Solver was making its
offers, it considered the time.

3.06±1.23 3.32±1.23 0.121 0.19

E. Exploratory Mediation Analysis

To explore whether increased concessions help explain

the agent’s utility gain, we conducted a within-participant

mediation analysis following the Montoya & Hayes [65]

framework. Path a was the mean within-person CL-FC mediator

change; path b was its coefficient in a regression of outcome

change, controlling for each participant’s mean mediator level

(M̄i) and condition order. We estimated the indirect effect

ab and unadjusted 95% bias-corrected and accelerated (BCa)

intervals using 5,000 bootstrap resamples of whole participants,

retaining both conditions (seed 42), with leave-one-participant-

out jackknife acceleration.

We observed a significant total effect on Agent Utility

(c = 0.022, p = 0.017) alongside a significantly increased

concession rate (p = 0.013, dz = 0.31). The tested concession-
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Fig. 9. Participant Offer Moves: Per-participant proportions under FC and
CL; lines connect each participant’s two sessions. Participants made a higher
proportion of concession moves under CL (unadjusted * p < 0.05).

to-utility indirect effect was ab = 0.0001 (95% BCa CI

[−0.0067, 0.0063]), leaving the link between these gains unre-

solved. The 14 exploratory models paired concession rate with

four outcomes (agent utility, participant utility, Nash distance,

and agreement rounds), and estimated arousal with those four

outcomes and the six participant move rates. Thirteen indirect-

effect intervals included zero. The only interval excluding zero

was for the arousal-to-Selfish-rate path (ab = 0.0862, 95% BCa

CI [0.0228, 0.1705]); its positive indirect effect opposes the

negative total Selfish-rate difference, so it does not explain that

overall decrease. This unadjusted result remains exploratory.

VII. DISCUSSION

Our study shows the functional value of coupling continual

affective personalization with differential feedback during live

human-agent negotiation. Under the same negotiation policy,

the CL-enabled system achieved higher agent utility and elicited

higher participant concession rates than the fixed-perception

baseline. Our contribution couples participant-specific model

adaptation with a continuous control rule that turns angular and

radial changes in valence-arousal estimates into target-utility

adjustments. This extends the Solver strategy’s categorical

affective feedback [21] with a continuous, participant-adapted

signal used throughout the interaction.

Fig. 10. Negotiation Outcomes: Paired raincloud plots compare agent
utility, participant utility, agreement rounds, and Nash distance. CL yielded
significantly higher agent utility (unadjusted * p < 0.05); the other differences
were not statistically significant.

Fig. 11. Questionnaire Responses: Ratings on a 5-point Likert scale for
Q1–Q5 (Table VII); white diamonds mark means. CL received higher ratings
on Q1–Q3 (unadjusted * p < 0.05, exploratory).

RQ1 (Affective Feedback): Generic emotion models face

challenges in real-life, situated interactions, as highlighted by

recent “Critical Lessons” in affective computing [16]. Our study

brings continual adaptation into this setting. CL yielded higher

mean arousal estimates (dz = 0.68), with higher estimates for

approximately 76% of participants and a wider output range.

It also produced positive round-level arousal-valence coupling

(r = 0.45), whereas the generic baseline showed a negative

association (r = −0.15). Through differential feedback, these

adapting estimates influence the Solver agent’s target utility

throughout negotiation. Changes in valence and arousal set

the direction and strength of the affective feedback, giving

perceptual adaptation a strategic role in offer selection.

The larger condition difference in arousal than valence
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motivates dimension-specific adaptation. Work on human

affective responses suggests different expressive cues for these

dimensions [66]–[68]. Participant-specific adaptation may be

particularly useful for subtle arousal-related cues. This provides

a rationale for concentrating updates on arousal while retaining

valence information in the two-dimensional feedback rule.

Future affective computing designs could test whether such

selective adaptation preserves the negotiation gains while

decreasing computational cost.

RQ2 (Behavioral Influence): The CL-enabled Solver agent

used a continuously adapted affective signal to regulate its

strategic stance. The control rule favors maintaining target

utility when differential feedback is positive and concession

when it is negative, with the affective term weighted by

the opponent’s behavioral responsiveness. The strategy can

therefore adjust its degree of insistence as affective and

offer feedback evolve. Participants increased their concession

rates from 28.1% to 37.4%. The EASI framework links

emotional displays to affective reactions and inferences about

a counterpart’s intentions [13], providing a basis to understand

how participants may respond to the agent’s reactions.

A parallel EASI account connects these social responses with

the agent’s strategic adaptation. The mediation analysis [65]

did not establish the tested concession-to-utility link, nor did it

measure the EASI routes separately. The agent uses affective

feedback to adjust target utility, while participants may infer

its bargaining limits from its reactions and revise their offers,

consistent with EASI’s inferential route. Those adjustments

might unfold concurrently: the control rule governs the agent’s

bidding, while affective reactions and inferences about the

counterpart can shape participants’ offers. This provides a

logical explanation for utility and concession gains without

requiring a serial chain linking them.

RQ3 (Negotiation Efficiency): The CL-enabled agent

secured significantly more individual utility (dz = 0.30).

Participant bootstrap and order-balanced estimates supported

the paired utility gain. Negotiations took fewer rounds on

average, although this difference was not significant (p =
0.134). Participant utility and Nash distance also did not

differ significantly. Under the shared bidding and acceptance

rule, the utility gain demonstrates the value of coupling

participant-adapted affective input to negotiation control. In this

architecture, perception enters the decisions that determine the

agent’s bargaining stance throughout the exchange. This finding

motivates evaluating personalization through an embodied

agent’s decisions and outcomes, alongside its affective signals.

RQ4 (Questionnaire Analysis): The CL-enabled Solver

agent also changed how participants judged the interaction.

Preference modeling, affective awareness, and persuasiveness

received higher ratings in the exploratory item comparisons.

The opponent-modeling algorithm was unchanged, yet partici-

pants rated preference modeling more highly. This pattern is

consistent with a “Halo Effect”: responsiveness to personal-

ized affective feedback may influence judgments of broader

strategic competence. This impression helps explain the higher

persuasiveness ratings and offers a possible social context for

the increase in concession rates.

VIII. CONCLUSION

This paper introduces a differential affective feedback strat-

egy for human-agent negotiation. The strategy combines direc-

tional and intensity changes in continually personalized valence-

arousal estimates to regulate target utility, with asynchronous

model updates during live interaction. In a counterbalanced

within-subject study (N = 66), the CL-enabled agent achieved

higher individual utility (p = 0.017, dz = 0.30), and partici-

pants increased their concession rates by 9.35 percentage points

(p = 0.013, dz = 0.31). Both comparisons remained significant

in the four-outcome Holm family. Participant utility and Nash

distance did not differ significantly. CL also yielded higher

arousal estimates (dz = 0.68; 76% of participants) and positive

round-level valence-arousal coupling (r = 0.45). Exploratory

ratings favored CL for affective awareness (p = 0.015) and

preference modeling (p = 0.013). These findings show the

value of a negotiation strategy using participant-adapted affect

as an ongoing control input. The approach gives continual

learning in affective robotics a strategic role in automated

negotiation, with demonstrated gains in live human-robot

interaction.

A. Limitations & Future Work

This paper provides a starting point for emotionally adaptive,

self-interested agents whose perceptions change with inter-

action. We aim to extend the CL framework to audio and

text-based modalities to address current unimodal limitations.

These signals would let the agent incorporate complementary

cues when facial and vocal feedback differ. For example,

a multimodal model could process a smiling face paired

with an angry vocal tone, directly tackling recent calls for

multimodal robotics [60]. We also plan longitudinal studies to

test whether personalized models persist across ongoing buyer-

seller relationships, where adaptation can support repeated

interaction.

We selected FaceChannel as both the baseline and pseudo-

label source for two reasons: its continuous valence-arousal

regression fits the circumplex design, and its lightweight

CNN allows real-time, on-device inference, preserving privacy

while meeting our < 2.0 s latency constraint. Our differential-

feedback rule operates on valence-arousal outputs, so it can

be paired with other perception backbones that provide these

estimates. Here, CLIFER supplies episodic adaptation and

generative replay. Evaluating alternative backbones, including

modern foundation models, would test how the same control

principle transfers across perceptual representations.

Episodic Memory smooths frame-level pseudo-labels via

competitive clustering, but its representational capability is

limited by the frozen encoder. If the generic base model shows

zero-shot failure for a participant, clustering cannot create

an affective signal that is absent from the latent space. Our

evaluation focused on functional coherence and negotiation

utility without an independent affect criterion; output range

and correlation therefore do not establish recognition precision.

Personalization concerns the current participant and interaction,

with cross-session and cross-context persistence remaining ques-
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tions for longitudinal evaluation. Retention and catastrophic

forgetting were not separately evaluated.

Our approach uses a brief demo session to train CLIFER

on each participant before the main negotiation, addressing the

cold-start problem. While such a demo session is feasible in

a controlled lab setting, real-life scenarios commonly lack a

warm-up interaction. The comparison evaluates demo-session

training and subsequent online adaptation together. Comparing

demo-trained CLIFER held fixed during negotiation with the

same model allowed to adapt would separate the contribution

of subsequent updates. Comparing the shared differential

controller with categorical or non-affective feedback would

separately test the control rule’s contribution. To reduce the

need for a demo session, future work should pursue few-shot

meta-learning (e.g., MAML [69]) to support deployment with

fewer initial observations.

Our claims of external validity are limited to short-term, lab-

based negotiations with university students from one country

and a specific robotic embodiment. Moreover, cultural and

educational norms influence conflict resolution [49], [50]. For

example, a smile may show agreement within one culture but

deception in another; thus, cross-cultural validation is needed to

determine whether the CL mechanism can adapt to expressive

differences. Combining the feedback rule with language-based

argument generation [32] could extend adaptation from offer

selection to verbal negotiation. Using the personalized emotion

score (PE), the agent could adjust its explanations alongside

its bids, for example by responding to changes in estimated

affect with calming language [7].

The closed loop is central to the proposed approach: affective

estimates influence offers, which can alter participants’ behavior

and subsequent facial input. We therefore evaluate the complete

CL-enabled negotiation system under a shared control rule.

Counterbalancing distributes common session effects across

conditions; FC-session facial expressions were excluded from

CL training. Condition-specific human carryover remains

possible.

B. Ethical Impact & Dual-Use

This work presents an agent that uses facial affect estimates

to gain a competitive advantage. The utility gains demonstrate

the strategic value of personalized affective feedback, but the

technology also has dual-use potential. A fully self-interested

CL-enabled Solver Agent could exploit signs of mental fatigue

or frustration, pushing aggressive offers when the human partner

is vulnerable. To limit this risk, real-world deployments must

follow principles of algorithmic accountability. Systems should

obtain informed consent and clearly notify users that they

use real-time estimates from facial expressions to adapt the

negotiation strategy.
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