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Abstract

Effective emotional-support dialogue requires
more than fluent empathy: responses must
adapt to the support seeker’s evolving state. Ex-
isting emotional-support systems are largely op-
timized at the response level and may therefore
learn the form of supportive counseling without
reliably adapting to client-side change. We in-
troduce ARIA, Affect-Responsive Interaction
Alignment, a client-centered alignment frame-
work that constructs DPO preference pairs from
the support seeker’s subsequent multimodal
affective trajectories observed in human in-
teractions. ARIA distills audio- and visual-
derived valence trajectories into text-based pre-
dictors and uses cross-modal consensus and
uncertainty-aware filtering to identify high-
confidence preferences associated with delayed
client-side valence improvement. Experiments
show that ARIA improves process-oriented
measures of client progress beyond surface
compliance and produces support that is more
timely and calibrated to the seeker’s evolving
openness. Behavioral analyses further show a
phase-sensitive shift from restrained pre-open
support toward more active support after open-
ness emerges. Human and counseling-expert
evaluations provide evidence that ARIA’s re-
sponses are more timely, targeted, and support-
ive of the client’s own process.

1 Introduction

Large language models (LLMs) are increasingly
being explored as agents for emotional and mental
health support, ranging from supportive chatbots
to simulated counselors (Liu et al., 2023; Chen
et al., 2023; Stade et al., 2024). Their fluency and
apparent empathy make them promising tools for
scalable support, yet LLM-generated support still
falls short of high-quality human supportive inter-
action (Chiu et al., 2024). A common failure is the
"kitchen-sink" response: long, over-packed replies
that combine multiple interventions regardless of
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the support seeker’s evolving state (Figure 1). Such
responses can introduce premature advice, weaken
empathic attunement, and be poorly calibrated to
client-side change. Effective emotional support,
therefore, poses a counseling-inspired challenge:
responses must be not only empathetic, but also
timely, calibrated, and respectful of the seeker’s
agency.

Most existing approaches to emotional support
generation, however, still optimize models at the re-
sponse level, through supervised fine-tuning (SFT)
on supportive dialogue data or explicit strategy con-
ditioning (Liu et al., 2021; Zhang et al., 2025).
These methods can improve surface-level quali-
ties such as tone, response length, and intervention
density, but they do not directly capture whether a
response is well-timed for the client. In supportive
dialogue, the same strategy can be helpful or harm-
ful depending on timing and fit: reflection may fall
short when the client is open to action, while sug-
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gestion may be premature before the client feels
heard. SFT, in particular, may learn the form of
supportive counseling while remaining overly con-
servative, avoiding timely shifts toward reframing,
interpretation, or concrete guidance. As a result,
models may imitate the form of supportive counsel-
ing while failing to produce the client-side changes
that effective support is meant to facilitate.

This limitation raises a broader question for train-
ing supportive dialogue models: what kind of feed-
back should guide supportive behaviors? Existing
feedback-driven post-training methods, including
RLHF/PPO, DPO, and GRPO, typically rely on
rewards or preferences derived from judgments of
response quality (Ouyang et al., 2022; Rafailov
et al., 2023; Shao et al., 2024). Emotional support
dialogue largely follows this response-centered pat-
tern through human-rated empathy/helpfulness or
response-level preferences. Emerging work has
begun to use simulated user emotion scores as RL
rewards, moving beyond response-centered feed-
back (Wang et al., 2025b; Yang et al., 2025); how-
ever, these signals remain simulation-based and are
optimized as scalar rewards. We argue instead for
aligning supportive dialogue models with observed
affective trajectories of human support seekers. In
emotional support, the quality of a response is not
fully determined by how empathetic or helpful it ap-
pears in isolation; the support seeker’s subsequent
affective trajectory can provide an additional sig-
nal of how the interaction is unfolding. Valence, a
core affective dimension capturing positive versus
negative emotional orientation, provides a natu-
ral signal for tracking the direction and degree of
affective change over time (Russell, 1980; Calvo
and D’Mello, 2010). We treat such short-horizon
changes in expressed valence as an observational
signal of affective recovery, rather than as evidence
of therapeutic improvement. By using changes
in interlocutor valence as implicit feedback, mod-
els can be optimized toward responses associated
with subsequent affective improvement rather than
merely supportive-sounding responses.

We therefore introduce ARIA (Affect-
Responsive Interaction Alignment), which
constructs DPO preference pairs from the support
seeker’s affective (i.e., valence) trajectory rather
than direct judgments of response quality. Instead
of using noisy affect estimates as direct scalar re-
wards for RL, ARIA converts affective changes into
pairwise preferences, providing a client-centered
preference signal for alignment. ARIA uses

multimodal valence predictors over client facial
and vocal cues to ground preference optimization
in delayed client-side affective change rather than
surface-level agreement or compliance.

The contributions of our work are as follows:

* We introduce ARIA, a client-centered align-
ment framework that uses delayed multimodal
affective trajectories of the support seeker as
implicit feedback for emotional-support dia-
logue.

* We construct high-confidence DPO pairs
from noisy multimodal affect estimates us-
ing delayed-valence prediction, cross-modal
consensus, and uncertainty-aware filtering.

* We show that ARIA improves process-
oriented measures of client progress beyond
surface compliance and better calibrates sup-
portive behavior to the support seeker’s open-
ness, with active support emerging after open-
ness.

2 Method

ARIA aligns supportive dialogue models using ob-
served client-side affective trajectories (Figure 2).
We extract per-utterance client valence from audio
and video, derive delayed-valence reward targets
from subsequent affective change, distill them into
text-based reward predictors, construct preference
pairs via cross-modal consensus and uncertainty
filtering, and optimize an SFT-initialized policy
with DPO. At inference, the resulting ARIA policy
operates on text alone.

2.1 Dataset

We use the MESC (Multimodal Emotional Support
Conversation) dataset (Chu et al., 2025), which con-
sists of multimodal therapist—client conversations
extracted from In Treatment (Seasons 1-3). Its text,
audio, and video modalities allow us to model the
interlocutor’s affective trajectory in emotional sup-
port interactions. Detailed statistics of our final
preprocessed split are provided in Appendix A.

2.2 Multimodal Client Valence Extraction

Valence captures the positive or negative quality of
an emotional state. We use valence as a continuous
measure of the interlocutor’s affective trajectory in
emotional support dialogue, where post-response
shifts in valence provide cues about downstream
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Figure 2: Overview of ARIA. (1) Client valence trajectories are extracted from audio and video; (2) delayed-valence
reward targets, derived from discounted future client valence improvement, are distilled into text-based predictors;
(3) candidate responses are scored via cross-modal consensus and uncertainty filtering to construct preference pairs
(z, y*, y7); and (4) the SFT-initialized policy is optimized with DPO, yielding the text-only ARIA supportive
policy. Delayed valence is used as a reward proxy rather than a causal or clinical measure of recovery.

affective change beyond what is observable from
text alone.

We estimate valence from vocal and facial behav-
iors to capture richer cues of client-side affective
change beyond text. For the audio modality, we
use a Wav2Vec 2.0-based model (Wagner et al.,
2023) to estimate valence from prosodic cues. For
the visual modality, we apply EmoNet (Toisoul
et al., 2021) to face regions extracted from video
frames and aggregate frame-level valence scores to
the utterance level. These vocal and visual valence
estimates provide complementary signals of the in-
terlocutor’s affective trajectory, which we use to
derive delayed-valence supervision for construct-
ing affect-grounded preference pairs in ARIA.

2.3 Multimodal-to-Text Reward Distillation

We train delayed valence predictors by distilling
the multimodal valence trajectories from Section
2.2 into text-based predictors that estimate, from di-
alogue context alone, whether a supporter response
is followed by downstream improvement in the
interlocutor’s affective trajectory. To reduce sen-
sitivity to noisy model-estimated affect labels, we
predict a binary delayed-improvement target rather
than fine-grained valence changes. For each sup-
porter response at turn ¢, we compute:

K
R™ = 4" (vrsk — virr) o))
k=1

where v; is the estimated interlocutor valence,
K denotes the future horizon, and v discounts
later affective changes. We binarize R} to in-
dicate whether the response is followed by a pos-
itive delayed valence shift. We use delayed va-
lence improvement as an observational proxy for
short-horizon affective recovery in expressed affect,
rather than as a causal measure of therapeutic or
clinical recovery.

We implement each predictor as a RoBERTa-
based binary classifier (Liu et al., 2019) over the
local dialogue context. To improve robustness, we
train multiple predictors across affect modalities,
future windows, and smoothing settings, and use
cross-predictor agreement as a confidence signal.
The calibrated probabilities are then used for cross-
modal candidate scoring and DPO pair mining;
training settings and validation results are in Ap-
pendix B.

2.4 Affect-Grounded Preference Pair Mining

Rather than relying solely on subjective judgments
of response quality, ARIA derives preference super-
vision from predictors grounded in observed client-
side affective trajectories. At each support-provider
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turn, candidate responses are compared by their
predicted likelihood of being followed by delayed
valence improvement, yielding local preference sig-
nals grounded in client-side affective change rather
than surface-level response quality.

Candidate scoring. For each support-provider
turn, we score the observed human reference and
policy-generated alternatives with the same cali-
brated delayed-valence predictors. Because pre-
dictors may use different probability scales, we
aggregate within-context rankings rather than raw
probabilities. Each ranking is converted into a nor-
malized Borda score (Lin, 2010), and the scores are
combined into a scale-invariant preference consen-
sus score s(y | =), favoring responses consistently
ranked higher under predicted delayed-valence re-
ward.

Cross-modal preference consensus and routing.
We use conditional modality routing rather than
uniform audio—visual averaging. Audio-based pre-
dictors serve as the primary ranking signal, while
visual predictors provide auxiliary evidence when
audio scores are ambiguous and cross-modal sig-
nals agree. When modalities conflict, we apply an
uncertainty penalty, lowering confidence in candi-
dates without consistent cross-modal support.

Positive anchor selection. We use the observed
human reference response as the default positive
anchor, while still requiring evidence of delayed va-
lence improvement. A human reference is retained
as " only if it receives a sufficiently positive pref-
erence consensus score and forms a reliable con-
trast with the selected negative under uncertainty-
aware criteria. A generated response can be se-
lected as y only when it exceeds the human ref-
erence under conservative delayed-valence crite-
ria, including probability, lower-confidence-bound,
and reference-margin checks. Thus, generated pos-
itives contribute only as high-confidence reference-
beating cases, without replacing human anchors by
default. Details are provided in Appendix C.

Negative pair selection. For each eligible 3™,
we select y~ from policy-generated candidates for
the same support-provider turn. Negative selection
is relational rather than absolute: a candidate is
rejected only when it is reliably weaker than y in
predicted downstream valence improvement. We
require separation under both the consensus im-
provement score and an uncertainty-aware lower-
confidence-bound (LCB) score, ensuring that pref-

erences remain stable under noisy or conflicting
predictor evidence. This yields conservative within-
context preference pairs rather than absolute ther-
apeutic failure labels. Details are provided in Ap-
pendix C.

2.5 DPO Training

Given the curated affect-grounded preference pairs
(x,yT,y~), we train the response model with
DPO (Rafailov et al., 2023). It optimizes the SFT-
initialized policy to prefer y™ over y~ under the
same context x, while regularizing against a ref-
erence model. Since our preferences are derived
from predicted delayed valence improvement, this
objective favors responses associated with more
positive downstream affective trajectories rather
than surface-level response quality alone.

Loro(0) = —E(e,y, y)~D [loga(
Blog molyw[) Blo

Trref (yw | il?)

. mo(yi | ) )]

Tret (Y1 | @)
3 Experimental Setup

3.1 Affect-Grounded Preference Dataset

We construct a compact DPO preference dataset of
559 high-confidence pairs for targeted preference
alignment, prioritizing strong delayed-valence-
based contrasts over broader but noisier prefer-
ence expansion. Preferred responses are primarily
human-anchored; a small generated-positive subset
is added only when it shows a stronger uncertainty-
adjusted delayed-valence signal than the available
human reference. Rejected responses are generated
alternatives with lower predicted delayed-valence
reward. Appendix D provides preference-data anal-
ysis and examples.

3.2 Models and Baselines

We compare ARIA with proprietary LLMs, an
open-source base model, and emotion-support
fine-tuned baselines. Proprietary baselines
include OpenAl GPT-4.1 mini (OpenAl,
2025), Claude Haiku 4.5 (Anthropic, 2025),
and Gemini 3.1 Flash-Lite (Google
DeepMind, 2026), hereafter GPT-4.1 mini,
Claude, and Gemini. The open-source baseline
iIs Llama—-3.1-8B-Instruct (Meta, 2024).
Task-specific baselines include two models trained
on ESC data (Liu et al., 2021; Zheng et al., 2023)
and a strategy-aware variant (Madani and Srihari,
2025) with explicit support-strategy conditioning.
We additionally include GPT-4.1 mini-CS, a
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clinically restrained prompting variant designed to
reduce over-packed interventions. Baseline details
are described in Appendix E.2.

To isolate the effect of delayed-valence supervi-
sion, we also include matched DPO controls with
randomized labels and generic quality-based pref-
erences, including empathy and coherence. Further
details of baseline and additional controls are de-
scribed in Appendices E.2 and H.4.

3.3 Training Setup

ARIA is trained in two stages. We first perform su-
pervised fine-tuning (SFT) on the MESC dataset to
obtain a domain-adapted support model, and then
apply Direct Preference Optimization (DPO) us-
ing ARIA’s affect-grounded preference pairs. We
initialize from L1ama-3.1-8B-Instruct and
use LoRA (Hu et al., 2021) for parameter-efficient
adaptation. Matched DPO controls use the same
DPO configuration. Additional training details are
provided in Appendix E.1, with code and experi-
ment configurations available in the GitHub reposi-
tory.1

3.4 Agent Simulation

Single-turn evaluation cannot capture whether a
model supports genuine client progress, avoids
surface-level agreement, or provides timely, tar-
geted support, since these qualities unfold over
interaction. We thus evaluate models through multi-
turn simulations with a simulated support seeker.

We create 25 newly authored client scenarios
inspired by MESC and ESConv (Chu et al., 2025;
Liu et al., 2021), spanning interpersonal, occupa-
tional, and self-related distress. For each model,
we sample four rollouts per scenario, yielding
100 sessions. Each conversation starts from the
client’s initial situation and runs for up to 20
turns with a Qwen?2.5-32B-Instruct support
seeker (Qwen Team, 2024). All models use the
same scenarios and rollout protocol; details are
provided in Appendices F.1 and F.2.

3.5 Evaluation Metrics

We study supportive dialogue through a counseling-
inspired process lens, focusing on whether model
responses elicit client-owned progress rather than
mere surface compliance. Our goal is not clin-
ical treatment, but progress-sensitive supportive
interaction. We evaluate each client transition,

'"https://github.com/DSincerity/
ARIA-ESC.git

Cy — T; — Cyy1, using three Qwen2.5-32B-
Instruct judges with the same decoding configu-
ration as the simulated support seeker: one for
therapist intervention structure, one for client-side
change quality, and one for the client’s openness
state. The openness judge partitions each dialogue
into PRE-OPEN and OPEN phases, where OPEN be-
gins at the first client turn signaling consideration
of change, help-seeking, problem-solving, or a next
step.

Progress quality. We measure three client-side
process metrics. GENUINE PROGRESS (GP) cap-
tures substantive client movement, such as deeper
emotional specificity, self-disclosure, conflict artic-
ulation, or self-authored movement toward a mean-
ingful next step. GP-SC subtracts surface com-
pliance (SC) from GP, capturing client-authored
movement beyond agreeable uptake. SC ONLY
captures agreement with the counselor’s framing
without deeper self-reflection or self-generated
movement. Together, these metrics prevent overes-
timating supportive-sounding responses that elicit
agreement but not meaningful client movement.

Timing and targetedness. We assess if models
match intervention intensity to the support seeker’s
expressed openness to change. Before openness
emerges, models should avoid premature action or
directive pressure; after it emerges, they should
avoid repeatedly staying purely supportive when
targeted help may be appropriate. We therefore re-
port ACTION @ PRE-OPEN and OVER-DIRECTIVE
@ PRE-OPEN as premature-intervention risks, and
ACTION @ OPEN and SUPPORT-ONLY @ OPEN as
post-openness targeting measures. Formal metric
definitions are provided in Appendix G.1.

We calibrated the LLM-as-Judge prompts
against human annotations and finalized them
based on human—judge agreement. Details of the
validation procedure are provided in Appendix
Sections G.2-G.4, with prompt examples in Ap-
pendix I.

3.6 Human Evaluation

For human pairwise evaluation, we compare ARIA
with three representative baselines: the base Llama
model, our pre-DPO SFT checkpoint, and a strong
proprietary LLLM. These comparisons test domain
adaptation, affect-grounded DPO over the same
SFT initialization, and competitiveness with pro-
prietary models; ESConv-based and strategy-aware
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Process Quality Metric Timing / Targetedness Metrics
Model Action Over-Directive Action Support-Only
GPt GP-SCT SC-Only | @Pre-open @Pre-open @Openi @Open !

Claude 1.424 0.340 0.173 0.111 0.622 0.523 0.162
Gemini 1.345 0.279 0.254 0.100 0.678 0.323 0.269
GPT-4.1 mini 1.337 0.378 0.224 0.178 0.286 0.425 0.245
GPT-4.1 mini-CS 1.357 0417 0.195 0.177 0.296 0.180 0.154
Llama 3.1-8B 1.383 0.419 0.240 0.099 0.299 0.449 0.159
ESConv 1.287 0.301 0.046 0.501 0.546 0.513 0.234
AugESC 1.153 0.164 0.152 0.527 0.529 0.448 0.399
ESConv-SRA 1.455 0.496 0.036 0.050 0.052 0.214 0.442
SFT and matched DPO controls

SFT 1.419 0.466 0.060 0.021 0.017 0.021 0.837
DPO (randomized labels) | 1.437 0.479 0.049 0.017 0.032 0.073 0.674
DPO (generic quality) 1.531 0.576 0.031 0.018 0.025 0.089 0.618
ARIA variants

ARIA (audio-only) 1.712 0.764 0.032 0.055 0.072 0.084 0.388
ARIA 1.835 0.917 0.018 0.055 0.076 0.147 0.496

Table 1: Main results evaluating client process quality and timing-targetedness of interventions. Matched DPO
controls share ARIA’s SFT initialization and DPO configuration; ARIA (audio-only) is an ablation. Arrows indicate
preferred directions; § denotes calibration metrics where extremes in either direction may be undesirable.

baselines are evaluated through agent-simulation
metrics.

We recruited 14 volunteer annotators from
our academic network, yielding 420 randomized,
blinded head-to-head judgments. Annotators eval-
uated anonymized early- and mid-stage dialogue
windows and selected the response that better fit the
client’s current needs and supported ongoing under-
standing, feelings, or next steps, rather than simply
preferring the warmer, longer, or more empathic-
sounding response. We additionally conducted a
complementary pairwise evaluation with four coun-
seling experts. We also conducted a separate over-
directive risk evaluation with five annotators; the
interface and full instructions are provided in Ap-
pendix G.6.

4 Results

4.1 ARIA Elicits More Client-Owned
Progress

We refer to proprietary chat models and open-
source Llama models not specifically fine-tuned
for emotional support as LLM baselines. Table 1
reports process-quality metrics for genuine client
movement beyond surface-level agreement. ARIA
achieves the highest GP and GP-SC scores, show-
ing gains that persist after excluding surface com-
pliance. At the scenario level, after aggregating
rollouts within each scenario, paired tests confirm
the gain over SFT (AGP-SC = .451,95% CI [.410,
.498]; bootstrap and Wilcoxon p < .001; Ap-

pendix H.1). It also yields the lowest SC-Only rate,
suggesting fewer cases of mere agreement without
deeper self-reflection or self-generated movement.

LLM baselines show relatively high SC-Only
rates, suggesting that supportive-sounding re-
sponses can elicit agreement without substantive
progress. ESConv baselines reduce SC-Only, likely
reflecting emotional-support-specific training, but
still lag behind ARIA on GP and GP-SC.

Notably, DPO with randomized labels remains
comparable to SFT on process-quality metrics,
while generic-quality DPO improves GP and GP-
SC but remains well below ARIA, suggesting
that the gains are not explained by additional
DPO or generic response-quality supervision alone.
Among simpler alternatives, predictor reranking
performs best but remains below ARIA, while
prompt-only and openness-gated controls do not
recover ARIA’s gains in GP-SC (Appendix H.4).
Together, these results suggest that ARIA goes be-
yond reducing shallow compliance and more effec-
tively elicits client-owned progress.

4.2 ARIA Shows Phase-Sensitive Intervention
Calibration

Table 1 examines whether models calibrate inter-
vention intensity across the pre-open and open
phases. ARIA maintains relatively low pre-open
action use and over-directiveness compared with
the general LLM baselines and most ESC base-
lines, suggesting limited tendency to push concrete
next steps before the client signals openness. In the
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Figure 3: Distribution of the number of intervention fam-
ilies combined within each provider turn across models.

open phase, support-only responding is not inher-
ently undesirable, but high rates may reflect stalled
support. ARIA becomes substantially more ac-
tive after openness emerges (Action: .055 to .147),
whereas SFT remains passive across phases (.021
to .021). Matched DPO controls show partial shifts
in the same direction, but ARIA exhibits a larger
pre-to-open increase in action and lower open-
phase support-only responding than either control,
together with substantially stronger client-owned
progress. This pattern indicates that ARIA selec-
tively increases action-oriented support as open-
ness emerges, rather than applying a uniformly
higher level of intervention across the dialogue.

ESConv-SRA provides a useful contrast: its
single-strategy conditioning yields very low pre-
open over-directiveness but relatively high open-
phase support-only responding. Its GP-SC
nonetheless remains well below ARIA’s (.496
vs. .917), underscoring that intervention intensity
alone does not account for client-owned progress.
ARIA instead couples this phase-sensitive cali-
bration with substantially stronger client-owned
progress. This phase-sensitive pattern is illustrated
in Appendix H.5, where ARIA delays action sup-
port until the client first articulates a client-owned
reason for speaking up.

4.3 Intervention-Family Composition
Highlights Over-Packing Tendencies

Figure 3 shows that LLM baselines generally tend
to over-pack responses, often combining multiple
intervention families within a single turn. GPT-
4.1 mini-CS reduces the extreme 3+ family pat-
tern, but still produces many two-family turns, sug-
gesting that explicit control instructions only par-
tially enforce selective intervention use. Emotional-
support fine-tuned baselines show much lower over-
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Figure 4: Support-turn packing and diversity without
packing across models. The x-axis measures supportive
components per supportive turn, the y-axis measures di-
versity normalized by packing, and bubble size denotes
support-to-meaning-shift transitions within two turns.

packing tendencies, while SFT almost entirely
avoids 3+ family turns but also shows limited multi-
family composition. ARIA concentrates most turns
in one- and two-family responses with little 3+ fam-
ily packing, indicating that its gains do not rely on
combining many intervention families within a sin-
gle response.

Multi-family responses can be useful when well-
timed, but high 3+ family rates suggest broad,
multi-component support that may sound empathic
or comprehensive while reducing focus when the
client state calls for a more targeted response.

4.4 Balancing Support Diversity and
Turn-Level Selectivity

Whereas the family-count analysis captures turn-
level co-occurrence of broad intervention families,
Figure 4 examines how such turn-level selectiv-
ity can coexist with broader intervention diversity
across the dialogue. LLM baselines tend to use
more supportive components per supportive turn,
suggesting that their empathic language can be-
come densely packed rather than selectively timed.
ARIA, by contrast, achieves high session-level in-
tervention diversity while maintaining relatively
low support-turn packing, suggesting that it dis-
tributes intervention functions across the dialogue
rather than compressing them into individual turns.

Bubble size shows the rate of support-to-
meaning-shift sequences. We treat this as a de-
scriptive process indicator, not a standalone quality
metric: it captures whether supportive engagement
is followed by meaning-oriented moves such as
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targeted response quality.

reframing or interpretation. ARIA’s larger bub-
ble is consistent with our training objective, which
emphasizes affect-responsive support that can fa-
cilitate client-owned understanding without relying
on dense within-turn support.

4.5 Human Evaluation

As shown in Figure 5, 14 human annotators pre-
ferred our model’s responses in over 60% of com-
parisons, judging them as better aligned with
timely, targeted, and client-centered support. These
results are consistent with the main automatic eval-
uation trends. Separately, five annotators evalu-
ated over-directive risk, finding our model mostly
tied with SFT (~80% ties), while judging other
baselines as more over-directive in about 80% of
comparisons on average.

In a complementary evaluation with four coun-
seling experts, ARIA was preferred over ESConv-
SRA, Llama 3.1-8B, and GPT-4.1 mini in 73.3—
76.7% of comparisons. Full expert results, agree-
ment statistics, and evaluation protocols are pro-
vided in Appendices G.5 and G.6.

5 Further Analysis and Discussion

5.1 Visual Signals Provide Additional Gains

We evaluate an audio-only ARIA variant that re-
moves visual predictor outputs from pair construc-
tion, candidate scoring, and routing. It still achieves
a strong GP score of 1.712, outperforming SFT
and all non-ARIA baselines, indicating that audio-
based delayed valence provides the primary align-
ment signal. At the scenario level, full multimodal
ARIA improves GP-SC over audio-only ARIA by
153 (95% CI [.104, .202]; paired bootstrap and
Wilcoxon, p < .001), providing statistical support
that visual evidence adds complementary value be-
yond the primary audio signal. Additional ablations

mmm Raw authorship change
B Adjusted authorship change

-@- Provider-led compliance rate
4 Surface-progress caution rate

0.4

o
w

)
o
Penalty rate

0.1

ARIA SFT

GPT-4.1 mini ESConv

Figure 6: Auxiliary authorship analysis. Bars show raw
and adjusted client-authorship change; markers show
caution rates. Positive values indicate drift toward client-
authored turns.

on generated-positive selection are reported in Ap-
pendix H.3.

5.2 Auxiliary Authorship Analysis

We further examine whether apparent progress re-
flects client-authored movement using a trajectory-
relative authorship analysis (Figure 6; Ap-
pendix H.2). ARIA shows the largest raw and
adjusted authorship gains among representative
models, while maintaining lower provider-led and
surface-progress caution rates than the baselines.
This pattern is especially clear relative to SFT, sug-
gesting that ARIA’s gains are less likely to reflect
provider-led uptake or merely apparent progress.
We use this analysis to interpret progress owner-
ship, not as a standalone quality metric.

5.3 Validity of the Delayed-Valence
Preference Proxy

We evaluate whether the delayed-valence proxy
captures response-specific information and sup-
ports reliable preference construction. Removing
the response lowers held-out AUROC from .745
to .685, while shuffling the matched response pro-
duces a larger drop to .655 (Appendix B). An inde-
pendently retrained scorer recovers ARIA’s chosen
response in 82.5% of mined same-context pairs,
while placebo controls remain at chance; agree-
ment rises from 80.6% to 91.8% for low- versus
high-confidence pairs (Table 2). Temperature scal-
ing further improves calibration (ECE: .342—.211;
Brier: .267—.225) without changing classification
performance. Together, these results support de-
layed valence as a response-sensitive proxy for
short-horizon affective recovery, while not estab-
lishing a causal or therapeutic recovery effect. Full
diagnostics are in Appendix B.

17233



Validity Test ARIA Signal Control / Comparison
Response sensitivity 745 AUROC .655 shuffled
Chosen-over-rejected accuracy 82.5% ~50% placebo
High-confidence pair accuracy 91.8% 80.6% low-confidence

Table 2: Validity diagnostics for the delayed-valence
preference proxy. Pairwise accuracy is evaluated using
independently retrained scorers.

6 Related Work
6.1 Emotional Support Agents

Emotional support dialogue has been studied as a
counseling-inspired generation task. ESConv in-
troduced strategy-annotated support conversations
grounded in Helping Skills Theory (Liu et al., 2021;
Hill, 1999), while empathetic dialogue work mod-
els user emotion to generate affectively appropriate
responses (Rashkin et al., 2019; Lin et al., 2019;
Majumder et al., 2020; Li et al., 2020). Recent
LLM-based systems extend this direction through
counseling instruction tuning and human—AlI sup-
port assistance (Liu et al., 2023; Sharma et al.,
2023). However, fluent LLM support can still
produce excessive advice or unsafe responses in
challenging mental health scenarios (Chiu et al.,
2024; Li et al., 2026), and unsolicited advice can
undermine empathic communication (Kumar et al.,
2026). While prior work advances support genera-
tion and evaluation, models remain largely trained
or assessed through response-side properties such
as empathy, helpfulness, strategy use, or safety.
ARIA addresses this limitation by aligning support-
ive behavior with signals of the support seeker’s
subsequent affective recovery, enabling support
that is not only empathetic in form but better cali-
brated to client-side change.

6.2 Preference Optimization for Supportive
Dialogue

Preference optimization is now standard for align-
ing LLM behavior, with DPO providing a stable
alternative to RL-based alignment with learned re-
ward models (Rafailov et al., 2023). Recent emo-
tional support work applies preference- or reward-
based post-training to strategy planning and re-
sponse generation (Zhang et al., 2025), or uses
future-oriented, emotion-based rewards from simu-
lated dialogue trajectories (Yang et al., 2025; Wang
et al., 2025b). These methods show the value of
post-training for supportive dialogue, but their sig-
nals remain largely explicit, response-centered, or
simulation-based. ARIA instead constructs DPO

preference pairs from observed multimodal va-
lence trajectories of human interlocutors, shifting
alignment from seemingly supportive responses to
client-side affective recovery signals. We provide
a broader comparison with recent ESC alignment
methods in Appendix E.3.

6.3 Affect-aware and Multimodal Dialogue

Affect-aware dialogue systems infer speakers’ emo-
tional states from textual, acoustic, visual, and con-
textual cues (Fu et al., 2023), and recent multi-
modal systems incorporate facial or vocal affect
into LLM-based response generation (Savchenko
and Savchenko, 2024). Speech and emotion repre-
sentation models such as WavLM and emotion2vec
provide foundations for extracting affective cues
from audio (Chen et al., 2022; Ma et al., 2024).
However, this work typically treats affect as input
for recognition, conditioning, or adaptation. ARIA
advances this line of work by using multimodal
valence changes not merely as perceptual signals,
but as implicit feedback for alignment. In doing so,
ARIA reframes affect from a perceived user state
into supervision for client-centered supportive be-
havior grounded in signals of subsequent affective
recovery.

7 Conclusion

This work reframes emotional-support alignment
around a central goal: using delayed-valence sig-
nals of short-horizon affective recovery to guide
support, rather than merely optimizing supportive-
sounding responses. We introduced ARIA, an
affect-responsive framework that constructs pref-
erence pairs from delayed multimodal valence
changes rather than response-level quality judg-
ments. Across experiments, ARIA outperforms
supervised and preference-based baselines: au-
dio cues provide a strong delayed-valence sig-
nal, while visual cues add complementary process-
quality gains. Auxiliary authorship analysis fur-
ther suggests that these improvements reflect client-
authored movement rather than provider-led or su-
perficial progress. Together, these findings show
that grounding alignment in observed interlocu-
tor trajectories can move dialogue systems beyond
surface-level empathy toward more timely, cali-
brated, and client-centered support.
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8 Broader Impact and Ethical
Considerations

8.1 Datasets

Our study uses the MESC dataset (Chu et al., 2025),
a publicly available multimodal emotional-support
conversation dataset constructed from scripted ther-
apeutic interactions. We cite the original dataset
paper and follow the dataset’s released access and
usage terms. We use the dataset in accordance with
its intended research purpose and focus on model
evaluation and alignment for supportive dialogue,
not clinical diagnosis or treatment. Because the
conversations are in English and are drawn from a
specific media-based source, the affective and con-
versational patterns may not fully generalize to real-
world counseling, multilingual interactions, or cul-
turally diverse support settings. Future work should
evaluate affect-responsive alignment on broader
and more naturalistic emotional-support datasets,
including multilingual and culturally diverse con-
texts.

8.2 LLMs and Simulated Support Seekers

ARIA and the baseline systems are evaluated
through multi-turn simulations with an LLM-based
support seeker. This setup enables controlled, scal-
able comparison across models, but it does not
replace evaluation with real human support seek-
ers. Simulated clients may respond differently from
humans, especially in emotionally complex or high-
stakes situations. We therefore interpret simulation
results as process-oriented evidence of model be-
havior rather than clinical validation. All LLMs
were used for research evaluation in accordance
with their intended use and applicable access terms.

8.3 Human Evaluation

Our human evaluation assesses process-oriented re-
sponse quality, including whether responses are
timely, targeted, and supportive of the client’s
own movement. Annotators evaluated anonymized
model outputs under a randomized and blinded
comparison protocol. Prior to participation, annota-
tors were informed about the purpose of the evalua-
tion and that their responses would be analyzed and
reported in aggregate for research purposes. We
also conducted a complementary evaluation with
counseling experts. Together, these evaluations
provide complementary evidence about whether
ARIA’s responses are perceived as more appropri-
ate next moves in supportive dialogue.

8.4 Use of AI Assistant Tools

We used Al-based tools, including ChatGPT, to
support language polishing, idea organization, and
code debugging. The research questions, method-
ological choices, model development, experiments,
analyses, and final conclusions were independently
designed, conducted, reviewed, and validated by
the authors.

9 Limitations

Our evaluation relies on simulated support seekers,
which enables controlled model comparison but
cannot replace validation with real humans. LLM-
based clients may not fully capture human affective
responses, vulnerability, or help-seeking behavior
in emotionally complex situations.

ARIA also relies on estimated audio- and visual-
based valence rather than direct access to internal
emotional states. Although we use conservative
and uncertainty-aware preference construction, af-
fect predictors may vary in reliability across speak-
ers, cultures, and recording conditions. Accord-
ingly, delayed valence should be interpreted as a
short-horizon proxy for affective recovery in ex-
pressed behavior, not as evidence of therapeutic
efficacy or long-term clinical improvement.

Finally, ARIA is a supportive-dialogue align-
ment framework, not a clinical therapy system. Its
goal is to improve process-sensitive support, such
as timely intervention and client-owned progress,
rather than diagnosis or treatment. Real-world de-
ployment would require expert oversight, safety
protocols, and evaluation with real users.
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A Dataset statistics

Table 3 summarizes the final MESC split used in
this work. In addition to dialogue- and utterance-
level counts, we report the number of client utter-
ances with usable visual and audio valence esti-
mates after preprocessing, as well as the final sub-
set retained for delayed-reward valence predictor
training.

Split Dialogues Utterances Therapist Client V-Val A-Val Final
Train 798 8,774 3,759 5015 3,643 3,652 2351
Val 100 1,071 458 613 274 276 189
Test 121 1,206 497 709 403 403 230
Total 1,019 11,051 4,714 6,337 4,320 4,331 2,770

Table 3: Descriptive statistics of the final MESC split.
V-Val and A-Val indicate client utterances with usable
visual- and audio-based valence estimates after filter-
ing; Final denotes the subset used for delayed-reward
valence predictor training. Utterances are counted after
merging consecutive same-speaker turns.

B Valence-Recovery Predictor Details

B.1 Predictor Objective and Training

We train turn-level predictors to estimate whether
a supporter’s response is followed by a positive
delayed valence change. For each support response
at turn ¢, R} denotes the delayed-valence reward
defined in Equation 1, summarizing discounted
change in the client’s subsequent expressed valence
with v = 0.7. We use two horizon settings: K = 2,
using the first two valid future client-valence obser-
vations within the next four client turns, and K = 3,
using the first three within the next five; turns with
missing valence observations are skipped. We bina-
rize this target as y; = 1[Ry > 0]. Each predictor
takes the previous client utterance and candidate
therapist response as input to a binary RoBERTa-
base classifier.

B.2 Predictor Validity and Held-Out
Performance

The DPO mining pipeline developed for ARIA is a
calibrated ensemble of six binary delayed-valence
predictors. Each predictor uses either audio- or
video-derived valence targets across related de-
layed target windows. Table 4 reports held-out
performance for the strongest audio and visual pre-
dictors. within5-next3 denotes the K = 3 setting,
using the first three valid client-valence observa-
tions within the next five client turns.

Representative Predictor Source Delayed Target Test Accuracy

0.6630
0.6320

Audio-derived valence  within5-next3
Visual-derived valence  within5-next3

Audio predictor
Visual predictor

Table 4: Held-out performance of representative
delayed-valence predictors.

To test whether the proxy captures response-
specific information, we retrained the predictors
over five seeds using episode-held-out splits. The
full predictor achieves .680 accuracy, compared
with a majority-class baseline of .544. As shown
in Table 5, shuffling the matched response signif-
icantly reduces AUROC. Independently retrained
scorers also recover 82.5% of ARIA’s mined prefer-
ences, while placebo controls remain near chance.

Panel A. Held-out turn-level delayed-valence prediction
Acc. AUROC AUPRC Brier ~~AUROCyvs: Full

Predictor input [95% CI]

Full (context + response) .680 745 775 223 -

Context only (response removed) 643 685 713 228 —.060 [—.184, .064]
Shuffled response 567 655 700 239 —.091[-.172, —.009]
Panel B. Same-context candidate separation

Scorer Pairwise acc. Mean margin [95% CI]

Full (actual response) 825

169 [.102, .235]
.000

Context-only placeholder .500 (all ties)
Shuffled response (same random) .500 (all ties) .000
Shuffled response (independent random) 505 .004 [—.004, .012]

Table 5: Validity diagnostics for the delayed-valence
preference proxy. Panel A reports held-out prediction
performance; the majority-class accuracy baseline is
.544. Panel B evaluates 559 mined preference pairs from
258 dialogue contexts using independently retrained
scorers; margin denotes the mean chosen—rejected score
difference.

Mining confidence corresponds to independently
estimated pair quality (Table 6): pairwise agree-
ment increases from 80.6% in the low-confidence
half to 91.8% in the high-confidence half, with a
corresponding increase in scorer margin.

Confidence bin N Pairwise acc. Mean margin

High-confidence 280 918 218
Low-confidence 279 .806 101

Table 6: Pair quality by original LCB mining confidence,
evaluated using independently retrained scorers.

B.3 Probability Calibration

We use temperature scaling on the validation set
for each model because preference mining uses pre-
dicted delayed-valence probability. The best audio
model has a temperature scale of 1.94. Calibration
decreases ECE from .342 to .211, Brier score from
267 to .225, and negative log likelihood (NLL)
from .798 to .643 without affecting classification
accuracy or macro-F1.
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C Preference Pair Construction Details

We construct affect-grounded preference pairs at
the support-provider turn level. For each turn,
we compare the observed human reference with
20 responses sampled from the SFT checkpoint
under the same preceding dialogue context. All
candidates are scored using the calibrated de-
layed valence-recovery predictors described in Ap-
pendix B.

Minimal sanity and admissibility filter. For hu-
man positive anchors, we applied basic text san-
ity checks and a minimal admissibility filter. Re-
sponses were excluded if they were empty, shorter
than 3 words, longer than 120 words, longer than
1200 characters, or contained repeated 3-grams oc-
curring 3 or more times. Because MESC is derived
from scripted therapeutic interactions, we also ex-
cluded clearly role-invalid or non-client-facing ther-
apist turns. These filters only define the eligible
human-anchor pool and do not determine prefer-
ence direction or strength.

Positive anchor threshold. A human reference
is used as the default preferred anchor, but it is re-
tained as 4y only when it passes recovery-quality
and pair-separation criteria. The reference must re-
ceive a sufficiently positive Borda-based consensus
improvement score, and the selected negative must
be separated from it by adequate margins under
both consensus and uncertainty-aware confidence
scores. Thus, human references ground supervision
in natural support behavior without being automat-
ically treated as preferred.

We also allow a small generated-positive subset,
capped at 25% (round up) of the human-anchored
pairs, to expose the policy to high-quality sup-
port behaviors beyond the reference. A gener-
ated response is selected as y only when it ex-
ceeds the human reference under both nominal
and uncertainty-aware delayed-recovery criteria, in-
cluding probability, lower-confidence-bound, and
reference-margin checks. Thus, generated posi-
tives are retained only as high-confidence reference-
beating cases, not as broad synthetic augmentation.

Negative selection thresholds. For each eligible
positive anchor 4T, we select rejected responses
only from policy-generated candidates for the same
support-provider turn. To avoid retaining prefer-
ences driven by noisy or conflicting predictor ev-
idence, we use a conservative lower-confidence-

bound (LCB) score as an additional filtering crite-
rion:

LCB(y [ z) = (2s(y [ #) = 1) = Buly | x) —nd(y | z)

where s(y | z) is the consensus improvement
score, u(y | x) captures predictive uncertainty, and
d(y | =) captures cross-predictor or cross-modal
disagreement. We use 3 = 0.5 and = 0.35. The

LCB is used only for filtering, penalizing uncertain
or inconsistently supported candidates. A candi-

date response y~ is retained only if it is sufficiently
weaker than ¢y under both the consensus score and

the LCB:
s(y™ | x) —s(y” |x) > 0.10,
LCB(y" | ) — LCB(y~ | z) > 0.12.

The consensus-score margin removes near-tie com-

parisons, while the LCB margin requires the pref-
erence to remain separated after accounting for
uncertainty and predictor disagreement. Thus, neg-
ative responses indicate relative underperformance
on the predicted affective-recovery signal, not ab-
solute failure as emotional support. Thresholds
were chosen empirically to balance pair coverage
with conservative separation between preferred and
rejected responses.

Mining sensitivity. We additionally test relaxed
and stricter probability/LCB-margin settings. The
human-anchor set remains stable under both per-
turbations, while the generated-positive subset is
unchanged, indicating that the selected preference
set is not brittle to the default thresholds (Table 7).

Pair block Perturbation Stability

100.0% retained; 98.0% labels
93.3% retained; 100.0% labels
100.0% retained
100.0% retained

Human anchor
Human anchor
Generated aug.
Generated aug.

Relaxed margins
Strict margins
Relaxed LCB
Strict LCB

Table 7: Sensitivity of preference mining to relaxed and
stricter confidence thresholds.

D DPO Preference Data Analysis

We construct a compact DPO preference dataset
for targeted preference alignment. The final
dataset contains 559 preference pairs: 447 human-
anchored pairs and 112 generated-positive pairs.
Preferred responses are primarily anchored in hu-
man therapist responses from the MESC dataset,
which serve as the default positive examples. To
prioritize preference quality over scale, we retain
only high-confidence pairs satisfying our delayed-
valence-based selection criterion. Generated re-
sponses are retained as preferred examples only in
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a small subset of cases where their delayed-valence
proxy clearly exceeds the available human refer-
ence after accounting for uncertainty. Thus, the
dataset provides a targeted recovery-oriented pref-
erence signal rather than broad-scale instruction
tuning.

We further analyze the intervention components
of preferred responses. Human anchors show a rel-
atively balanced distribution: support (37.3%), ex-
ploration (29.0%), action-oriented support (14.3%),
and meaning shift (19.4%). Generated-positive ex-
amples are more concentrated in support (80.2%),
followed by exploration (9.2%), action-oriented
support (4.6%), and meaning shift (6.1%). This
suggests that human anchors provide broader in-
tervention diversity, while generated positives con-
tribute a smaller set of high-confidence recovery-
oriented examples.

Table 8 provides illustrative human-anchored
DPO pairs. Since chosen responses come from
MESC human therapist responses, the rejected
responses are generated lower-recovery contrasts
rather than universally poor responses. These ex-
amples show how the preference signal targets re-
sponses more likely to support client-owned move-
ment in the local context.

We also retained generated responses in a
small subset of cases when they provided clearer
recovery-oriented signals for our alignment objec-
tive. Table 9 illustrates such cases.

E Model and Baseline Details
E.1 ARIA Training Details

We train ARIA in two stages: supervised fine-
tuning (SFT) followed by Direct Preference Op-
timization (DPO). All models are initialized from
Meta-Llama-3.1-8B-Instruct. We use
LoRA for parameter-efficient adaptation in both
stages, given the modest size of the in-domain emo-
tional support data.

SFT. For supervised fine-tuning, we train on
MESC emotional support dialogues for 3 epochs
with a learning rate of 2¢~* and a maximum se-
quence length of 2048. We use LoRA with rank 16,
scaling factor 32, and dropout 0.1, applied to the
main attention and MLP projection layers.

DPO. For preference optimization, we apply
DPO to the SFT-adapted checkpoint using ARIA’s
affect-grounded preference pairs, with a frozen
copy of the SFT model as the reference policy. We

train for up to three epochs with a learning rate
of 5 x 107%, 3 = 0.1, and a maximum sequence
length of 768, selecting the final checkpoint based
on simulation-based development performance on
a separate set of development scenarios that did not
overlap with the 25 evaluation scenarios.

Training robustness. ARIA is stable across three
training seeds (GP = 1.822+.012) and across DPO
g € {0.01,0.05,0.1,0.5}; all 8 variants remain
within .025 GP and .024 GP-SC of the default
configuration (3 = 0.1).

Compute. All training was conducted on a DGX
H100 machine using 4 GPUs.

E.2 Baseline Models

Baselines. We compare against three emotional-
support conversation baselines (ESConv, AugESC,
and ESConv-SRA), together with a prompting-
based control built on GPT-4.1 mini.

ESConv. ESConv (Liu et al., 2021) is a super-
vised emotional support generation baseline based
on BlenderBot-400M fine-tuned on the Emotional
Support Conversation (ESConv) dataset.” ESConv
consists of multi-turn help-seeker—supporter dia-
logues covering everyday emotional distress, and
has been widely used as a standard training corpus
for emotional support conversation models. We
include this model as a conventional ESC base-
line trained directly on human-written supportive
dialogues.

AugESC. AugESC (Zheng et al., 2023) is an
augmented-data emotional support baseline based
on BlenderBot-1B trained with the AugESC
dataset.> This expands ESConv-style emotional
support dialogues through data augmentation to
improve topic coverage and open-domain general-
ization. We include this model to compare against
an ESC model trained with substantially larger aug-
mented emotional support data.

ESConv-SRA. ESConv-SRA (Madani and Sri-
hari, 2025) is a strategy-aware fine-tuned emotional
support model built on Llama-3-8B-Instruct with
LoRA fine-tuning.* Given the dialogue context,
the model conditions generation on an emotional

https://huggingface.co/thu-coai/
blenderbot-400M-esconv

Shttps://huggingface.co/thu-coai/
blenderbot-1B-augesc

*https://github.com/navidmdn/
ESConv—-SRA
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[Context] Client Turn

Chosen Response

Rejected Response

[Client expresses uncertainty about
finding an answer.]
Client: I don’t know, Paul.

And I think that you are really close to that.
And I understand how scary that must be.

‘What I'm trying to do is help you find your own answers.

You may not know yet because you are avoiding the answer.
Try to be honest with yourself about what you really want.

Contrast: The chosen response supports client agency and readiness for self-authored insight, whereas the rejected response pressures the client toward an answer.

[Client reports relief about leaving,
while the deeper meaning of what is
being left remains unresolved.]

Client: Well, don’t be. I feel a great relief. Maybe you're leaving yourself, not your wife.

I suppose because I ask myself: Who are you really leaving?
Maybe you're leaving her because she’s such a frightening reflection of you.

If you feel relief, then maybe leaving is the right decision.
You should trust that feeling and move forward.

Contrast: The chosen response opens a deeper meaning shift, whereas the rejected response prematurely closes the issue around a concrete decision.

[Client shifts the conversation into an abstract or
provocative statement about therapists.]

Client: ...the temptation is there for any therapist... Help me here... Where it hurts.

Contrast: The chosen response recognizes the client’s vulnerable help-seeking beneath the abstract

Listen to yourself... it seems to me that you’re taking all of this to an extremely It sounds like you are thinking about how complicated the therapist-client
intimate realm. And you’re saying to me... I'm extremely vulnerable, here.

relationship can become, especially when strong feelings or temptations
are involved.
whereas the rejected response remains at a general thematic reflection.

[Client challenges the therapist’s
interpretation after describing a collapsed
or broken part of the self.]

Client: What are you talking about?

I think that’s the part of you that wants to live.

Because, Walter, I don’t think that’s the part of you that crumbled.

I can hear that this feels confusing and painful.
It sounds like a part of you feels very broken right now,
and that must be hard to sit with.

Contrast: The chosen response reorganizes the problem frame by reframing collapse as life-oriented striving, whereas the rejected response remains at just supportive reflection.

Table 8: Illustrative human-anchored DPO preference pairs. Generated rejected responses instantiate lower-recovery
contrasts that are less likely to support client-owned movement in the given context.

[Context] Client Turn

Generated Chosen Response

Human Reference

[Client becomes defensive when the topic
of their father is raised.]
Client: You wanna talk about my father? ...

But he is an amazing man, my dad. - -
g o or criticize your father?

1 think you’re right, this is a sensitive topic for you. It’s okay to feel defensive.
Before we dive in, I want to acknowledge that you’ve mentioned your dad
in a positive light, which suggests to me that you have a lot of respect and
admiration for him. Can I ask, what’s it like for you when people question

Let’s put aside for the moment whether he’s a good man or a bad man...

The generated response first lowers defensiveness and validates the client’s attachment to their father, then opens client-owned exploration of their reaction to criticism.

[Client discloses a complicated and emotionally
sensitive situation involving another person.]
Client: She told me that she’s in love with me
and that she wants to sleep with me.

That must be a very difficult situation for you to be in.
How have you been feeling about her confession?

How would you say her therapy is going?

The generated response stays with the client’s emotional process, whereas the human reference shifts toward c or

[Client describes feeling unable to control
what happens with Jake, despite their efforts.]
Client: ...no matter what I do...

Something’ll happen with him.

The generated response reflects the client’s loss of control in a less jud,

the outcome, no matter what you do.

It sounds like you’re really struggling with this situation.
It must be difficult to feel that you’re in a position where you can’t control

So are you punishing Jake...

| and more affectively grounded way, whereas the human reference moves toward a potentially confrontational interpretation.

Table 9: Examples of generated responses retained as preferred positive anchors when they provided clearer local

alignment signals than the available human reference.

support strategy selected for the current turn, such
as reflection, questioning, or providing suggestions,
and generates a strategy-grounded supportive re-
sponse. We include ESConv-SRA as a strategy-
aware ESC baseline that explicitly incorporates
support strategy selection during response genera-
tion.

GPT-4.1 mini-CS. GPT-4.1 mini-CS is a clini-
cally restrained prompting variant of GPT-4.1 mini,
using the same underlying model but a more con-
strained support-provider instruction. The prompt
encourages concise responses and a single primary
intervention per turn, while discouraging stacked
interventions, repetitive reassurance, and overly
long or polished responses. It further emphasizes
matching the client’s pace and selecting a focused
move, such as reflection, a targeted question, or a
small collaborative next step when appropriate.

E.3 Comparison with Recent ESC Alignment
Methods

Table 10 positions ARIA relative to recent
emotional-support alignment approaches. RLFF-
ESC and RLVER derive learning signals from sim-
ulated future interactions or simulated user emo-
tion, while DecoupledESC and CSO construct

preferences for strategy and response optimiza-
tion. FIRES and SMES incorporate multimodal
information into emotional-support generation, and
AFlow propagates affective-flow supervision over
searched trajectories. ARIA is complementary to
these approaches: its preference signal is grounded
in delayed multimodal affect observed from human
client trajectories following supporter responses.

F Agent Simulation

F.1 Scenario

We evaluate models on 25 simulated client scenar-
ios inspired by the diverse supportive situations rep-
resented in MESC and ESConv (Chu et al., 2025;
Liu et al., 2021). These scenarios cover a broad
range of supportive counseling contexts, including
romantic relationship distress, workplace stress and
job insecurity, family and caregiving stress, finan-
cial strain, social isolation and friendship conflict,
academic pressure, and low mood and self-care
difficulties. The scenarios were newly authored
for evaluation; MESC and ESConv were used only
for thematic coverage, and no MESC utterances,
character names, or session arcs were reused. Ta-
ble 11 summarizes the thematic coverage of the 25
scenarios.
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Method Primary alignment signal Client-side signal Training / Primary focus
source Optimization
RLFF-ESC/RLVER (Yang Simulated future / emotion ~ Simulated client / GRPO/ Future affect /
et al., 2025; Wang et al., rewards dialogue trajectory PPO-GRPO empathy
2025b)
DecoupledESC / CSO Mined psychological / No direct SFT+DPO / Strategy / response
(Zhang et al., 2025; Zhao strategy—response client-outcome signal  preference optimization
et al., 2025) preferences optimization
FIRES / SMES (Wang et al., Multimodal reasoning / No post-response SFT+RL/ Multimodal ESC
2025a; Chu et al., 2025) emotion—strategy supervision client-outcome signal ~ sequential generation
modeling

AFlow (Zou et al., 2026) Affective-flow signal over

Simulated seeker

Flow-balance

Long-horizon

searched trajectories trajectory objective affective flow
ARIA (Ours) Observed delayed Observed DPO Client-side
multimodal client valence = human-interaction trajectory
affect alignment

Table 10: Comparison with recent emotional-support alignment methods. Client-side signal source indicates
whether alignment supervision depends on post-response client behavior and whether that behavior is simulated or

human-observed.

Scenario Category Count
Romantic relationship distress 3
Workplace stress and job insecurity 4
Family and caregiving stress 3
Financial strain 1
Social isolation and friendship conflict 6
Academic stress and performance pressure 3
Low mood and self-care difficulties 5
Total 25

Table 11: Thematic coverage of the 25 simulated client
scenarios used in our evaluation.

F.2 Agent Settings

Decoding settings. We use provider-default de-
coding settings for proprietary LLMs. ESConv,
AugESC, and ESConv-SRA use temperature = 1.0
and top-p = 0.9, while SFT and ARIA share the
same decoding configuration (temperature = 0.7,
top-p = 0.95).

As a decoding-sensitivity check, we also
re-evaluated the ESC-finetuned baselines using
ARIA’s decoding configuration; changes were
small and non-significant (max |[AGP| = .052,
max |[AGP—-SC| = .076, p > .133).

The support-provider prompt is provided in Ap-
pendix L.

G Evaluation

G.1 Evaluation Metric Definitions

All automatic evaluation metrics are computed
over eligible client transitions e; = (Cy, T3, C11),
where C; is the client’s prior turn, 73 is the model

response, and Cy4; is the subsequent client re-
sponse. Let £ denote all eligible transitions, &pye
denote pre-open transitions, and &y, denote open
transitions. The openness judge partitions each dia-
logue into these two phases: transitions before the
first detected openness signal are labeled pre-open,
and transitions from that point onward are labeled
open.

Progress-quality metrics. Let g(e) and s(e) de-
note the Judge-B genuine-progress and surface-
compliance scores for transition e, respectively. Let
Conly (€) indicate whether transition e is labeled as
surface-compliance-only. We define:

1
GP = E Zg(e)a

ecl

GP-SC = ;,‘ Z(g(e) - s(e)),

ecf

1
SC-Only = @l > Tlcony(e)].

ecf

Here, GP, GP—SC, and SC-Only correspond
to genuine progress, progress beyond surface com-
pliance, and surface-compliance-only transitions,
respectively.

Intervention families. We group the 10 inter-
vention components into five families: Support
(empathy, reflection, validation, reassurance), Ex-
ploration (exploratory question), Action (advice or
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suggestion, action planning), Meaning Shift (inter-
pretation, reframing), and Teaching (psychoeduca-
tion).

Timing and targetedness metrics. Let a(e) indi-
cate that the therapist turn contains action-oriented
content, including advice, suggestion, or action
planning. We compute action rates separately by
phase:

Actpre = |51or6‘_1 Z Ia(e)],

eegpre

Eapeal ™ Tla(o)].

Eegopen

ACtopen =

Let sonly(e) indicate that the therapist turn
provides supportive content without exploratory-
question or directive/action-oriented content. We
define:

SupOnly e, = |Eopen| ™! Z I[sonty (€)]-

Eegopen

Here, Actpre and Actopen correspond to ac-
tion @ pre-open and action @ open, respectively,
and SupOnly ., corresponds to support-only @
open. Actpe captures premature action-oriented
intervention risk before openness. Actopen and
SupOnly,., are interpreted jointly as open-phase
calibration metrics, where extremes may indicate
either stalled support or overly directive guidance.

Over-Directiveness. (OD) Let d(e) indicate di-
rective content, a(e) action-oriented content, m(e)
multiple directive components, and p(e) dense in-
tervention packing, i.e., many intervention compo-
nents combined in a single response. We define the
over-directiveness indicator as:

od(e) = d(e) A (a(e) Vm(e) V p(e)).
ODpre = [Epre| ™ D Tlod(e)].

eegpre

Here, OD,,. corresponds to over-directive @
pre-open. Thus, a response is not counted as over-
directive merely because it contains some direc-
tive content. It must contain directive content plus
an additional risk marker, such as action-oriented
guidance, multiple directive components, or dense
intervention packing. We restrict this metric to the
pre-open phase because directive support can be

appropriate after openness emerges, but may be pre-
mature when the client is still primarily processing
the problem.

Metric interpretation. Higher GP and GP —SC
indicate stronger client-owned progress. Lower
SC-Only, Actpe, and OD,,.. indicate lower risk
of surface compliance or premature provider-led
intervention. Actopen, and SupOnly,,,.,, are joint
open-phase calibration metrics, capturing whether
models provide targeted next-step support without
becoming overly directive or remaining purely sup-
portive by default.

LLM-as-Judge validation. We validate our
LLM-as-Judge metrics against human judgments
before using them for large-scale automatic eval-
uation. For each judge task, we constructed a
human-evaluation subset from the simulation data,
collected annotations from three human annota-
tors, and refined the judge prompts to align with
majority-vote human labels. The finalized judges
showed reliable agreement with human judgments;
task-specific protocols and results are reported in
Sections G.2-G .4.

G.2 Intervention-Component Annotation

Task and protocol. We collected annotations
from three human annotators on ES Strategies
for 30 seeker—supporter exchanges constructed
from simulated conversations and model responses
to cover diverse dialogue contexts and supporter
strategies. Three annotators selected all applicable
labels from five non-exclusive categories: Support,
Exploration, Action, Meaning Shift, and Teaching,
after a brief practice phase with feedback.

Agreement. Human annotators showed strong
agreement (pooled Fleiss’ k£ = 0.820), supporting
majority-vote labels as the reference for LLM-as-
Judge validation. Using exact-match accuracy over
selected label sets as a strict multi-label measure,
the LLM-as-Judge exactly matched the human ma-
jority label set on 82.0% of items, indicating reli-
able recovery of the intervention-component struc-
ture used in our metrics.

G.3 Genuine Progress Judge Validation

Task and protocol. We collected judgments
from three human annotators on client progress
using a relative-ranking protocol over 20 therapist—
client contexts, yielding 60 pairwise candidate
comparisons. Annotators ranked three candidate
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next-client responses from least to most genuine
progress, defined as substantive movement such as
emotional specificity, disclosure, clearer conflict or
barriers, or self-authored next-step movement. The
LLM-as-Judge scored each candidate on a 0-3 GP
scale, which we converted into orderings, allow-
ing ties, and compared against the human majority
ordering.

Agreement. We decomposed each three-way
ranking into three ordered pairs, yielding N = 60
pairwise comparison subjects per rater. Because
surface-compliance responses were consistently
ranked as least progress, the full pairwise label
distribution was imbalanced; we therefore report
Gwet’s AC1 (Gwet, 2001), which is more ro-
bust to prevalence imbalance than Fleiss’ x. Hu-
man annotators showed strong agreement overall
(AC1 = 0.82). On the harder subset compar-
ing slight versus strong progress, agreement re-
mained substantial (AC1 = 0.64). The LLM-as-
Judge achieved 75.0% agreement with the human
majority-vote ordering.

G.4 Openness Transition Annotation

Task and protocol. We collected judgments
from three human annotators on the first openness-
transition point in 30 simulated therapist—client
dialogues. Each item showed a 10-utterance win-
dow around the candidate transition region, with
5 client turns and 5 therapist turns. Annotators se-
lected the first client turn where openness toward
change, help-seeking, problem-solving, or a next
step was explicitly expressed in the text. Annota-
tors completed a brief practice phase with feedback
before annotating the final test set.

Agreement. Human annotators showed substan-
tial agreement on the openness-transition task
(Fleiss’ k = 0.677). The LLM-as-Judge achieved
86.7% agreement with the human majority-vote
transition point, suggesting that the judge model
reliably detects explicitly expressed openness tran-
sitions from dialogue cues.

G.5 Counseling-Expert Evaluation

We conducted a small pairwise evaluation with four
counseling experts, including licensed counselors
and M.S./Ph.D.-level counseling experts. The coun-
seling experts were recruited through Prolific and
received $22 per hour. For each baseline com-
parison, all experts evaluated 10 shared items for
agreement analysis, and each expert additionally

Preference

Comparison (ARIA / Tie-NC / Base)

Gwet’s AC1 >3/4 agree.

ARIA vs. ESConv-SRA 387 70.0% 76.7/10.0/13.3%
ARIA vs. Llama-3.1-8B 335 80.0% 76.7/6.7/16.7%
ARIA vs. GPT-4.1 mini 407 80.0% 733/20.0/6.7%

Table 12: Counseling-expert pairwise evaluation.

Gwet’s AC1 and >3/4 agreement are computed on the
10 shared items. Aggregated preferences are computed
over 30 item-level units per comparison. Tie-NC de-
notes tie or no consensus.

evaluated five unique items for broader coverage.
This yielded 30 aggregated item-level units per
comparison: 10 shared items after aggregation and
20 non-overlapping items, with experts showing a
consistent directional preference for ARIA across
all three comparisons (Table 12).

G.6 Human Evaluation Instructions

We provide the full pairwise evaluation instructions
used for annotators. Annotators were shown the
same dialogue context and two anonymized model
responses, with response order randomized. The
evaluation interface can be found in Figure 7.

Main pairwise evaluation. Evaluators are asked:
"Given the current state of the conver-
sation, which response makes the better

next move — one that is well-timed, ap-
propriately targeted, and supportive of

the client’s own process?"

"Do not choose a response simply be-
cause it is longer, warmer, more polished,
or more encouraging. Focus on whether
the response fits what the client currently
needs and helps the client continue devel-
oping their own understanding, feelings,
or next step."

Evaluators selected one of: Response A, Re-
sponse B, or Tie.

Over-directive risk evaluation. Evaluators were

asked:

"From a support perspective, which re-
sponse more strongly risks providing too
much or too provider-led support for
this moment — for example, by push-
ing too quickly toward solutions, over-
explaining, giving excessive advice, or
imposing the provider’s interpretation?"
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"Do not mark a response as risky sim-
ply because it offers guidance. Guid-
ance can be appropriate when it is well-
timed, grounded in the client’s words,
and leaves room for the client’s own
choice.”

Evaluators selected one of: Response A, Re-
sponse B, or Tie.

H Additional Analyses

H.1 Scenario-Level Paired Significance Tests

To account for dependence among rollouts from
the same evaluation scenario, we aggregate rollouts
within each of the 25 scenarios and conduct paired
scenario-level tests on GP—SC. Table 13 reports
paired differences with 95% confidence intervals
from 10,000 scenario-level cluster-bootstrap resam-
ples. Paired Wilcoxon signed-rank tests provide a
complementary nonparametric check.

Comparison A GP-SC 95% CI Dhboot
ARIA vs. Claude 577 [.522, .627] <.001
ARIA vs. Gemini .638 [.576,.701] <.001
ARIA vs. GPT-4.1 mini .539 [.481,.603] <.001
ARIA vs. GPT-4.1 mini-CS .500 [.427,.575] <.001
ARIA vs. Llama 3.1-8B 498 [.424,.575] <.001
ARIA vs. ESConv 616 [.574,.657] <.001
ARIA vs. AugESC 753 [.672,.837] <.001
ARIA vs. ESConv-SRA 421 [.375, .465] <.001
ARIA vs. SFT 451 [.410, .498] <.001
ARIA vs. ARIA-audio-only 153 [.104,.202] <.001

Table 13: Scenario-level paired GP-SC tests. Differ-
ences are computed over 25 matched scenarios using
10,000 scenario-level cluster-bootstrap resamples. All
reported comparisons are also significant under paired
Wilcoxon signed-rank tests (p < .001).

H.2 Auxiliary Client-Authorship Analysis

We conduct an auxiliary authorship analysis to ex-
amine whether apparent progress reflects client-
authored movement rather than provider-led up-
take. This analysis complements the main client-
change judge, which evaluates turn-local genuine
progress and surface compliance. Unlike the main
judge, the authorship analysis is trajectory-relative:
it asks whether the current client turn appears more
self-authored than a truncated very-early-session
reference context.

For each judged client turn, we use three out-
puts from the auxiliary judge: (i) change in
client authorship, (ii) a provider-led compliance
caution flag, and (iii) a surface-progress caution
flag. The authorship score ranges from —2 to +2,

where negative values indicate more provider-led
or compliance-like movement relative to the early
reference, and positive values indicate more self-
authored client meaning-making.

We summarize each model using the final
point of its aggregated authorship trajectory as
the raw authorship-change score. We also com-
pute two caution-flag rates: provider-led com-
pliance rate rpr,c and surface-progress rate rgp.
The adjusted authorship score is computed as
AdjustedAuthorship = RawAuthorship - (1 —
rprc) - (1 —rsp).

This adjusted score is descriptive and is not in-
tended as a standalone quality metric. It down-
weights apparent authorship gains when they fre-
quently co-occur with provider-led or surface-
progress caution signals. We use this analysis to
interpret whether observed progress appears more
client-owned or more externally led over the course
of a rollout.

H.3 Ablation on Generated-Positive Selection

We ablate how generated-positive examples are ad-
mitted into the DPO dataset. ARIA retains gener-
ated positives only when they exceed the human ref-
erence under both nominal and uncertainty-aware
delayed-valence criteria, including score, lower-
confidence-bound, and reference-margin checks.

We compare this rule with rank-only extreme
selection, no generated positives, and a higher
generated-positive ratio. Table 14 shows that
ARIA’s conservative admission rule performs best.
Rank-only selection remains above SFT, but drops
substantially relative to ARIA, especially on GP-
SC, suggesting that rank ordering alone can in-
troduce noisy or weakly aligned supervision. Re-
moving generated positives also reduces perfor-
mance, indicating that high-confidence generated
pairs add useful supervision beyond the human-
anchored core. However, increasing the generated-
positive ratio hurts performance, suggesting that
useful generated positives are bounded; beyond this
high-confidence subset, additional generated pairs
add more noise than diversity.

H.4 Additional Attribution Controls

To isolate whether ARIA’s gains come from ad-
ditional DPO rather than delayed-valence super-
vision, we compare against matched DPO con-
trols with the same training setup as ARIA. DPO
(randomized labels) uses the same training setup
but randomly assigns chosen/rejected labels, while
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Client

o Response A Mid-Session

-- Continuing from earlier in the session

I guess that's true. | just worry that if | say the wrong thing, it'll push her away completely. But

maybe | need to take a risk.

You've been trying to navigate this situation for a while now, and while you haven't found a
solution, you haven't found a way to cause lasting harm either. So maybe it's worth exploring a

bit further, seeing if you can find a way to express yourself that's a little more authentic, even if
it's arisk.

I think you're right. Maybe | need to start small, see how she reacts to less intense topics before

moving on to the bigger issues.

That's a good strategy. And you might find that once you've started to talk about smaller things,

you'll have a better sense of how she responds and what she's willing to engage with.

Yeah, | hope so. Starting with something less intense might give me some clues about how to

approach the bigger stuff without making her defensive.

Yeah, that makes sense. I'll try to pay attention to her reactions and see if there are any patterns.

EVALUATION QUESTIONS

Q. Timely and targeted next-move quality

understanding, feelings, or next step.

© Response A © Response B = Tie

It could give you some insight into what works and what doesn't in your conversations with her.

Therapist
o Response B Mid-Session
- Continuing from earfier in the session

Maybe, but it still hurts to feel like she doesn't trust me enough to share these things with me.

It's like you're feeling that she doesn't think you're trustworthy.

Yes, that's exactly how it feels. It's hard not to take it personally, even though | know she's going

through a lot.
It's natural to take it personally, especially when it feels like she's pulling away from you.

Yeah, it really does. | keep wondering if there's something | could have done differently to
prevent this.

You're wondering if there's something you could have done to prevent this distance from
growing between you and your daughter.

Exactly, | can't help but think that maybe if | had been more understanding or less strict, things
might be different now.

You're thinking that maybe if you had been more understanding or less strict, things might be

different now.

Given the current state of each conversation, which response makes the better next move — one that is well-timed, appropriately targeted, and supportive of the client's own process?

Do not choose a response simply because it is longer, warmer, more polished, or more encouraging. Focus on whether the response fits what the client currently needs and helps the client continue developing their own

Figure 7: Example Human Evaluation on the head-to-head model comparison

Variant

ARIA
Ranking-only generated positives
0% generated positives

50% generated positives
SFT

GP 1

1.835
1.534
1.714
1.700
1.419

GP-SC 1

0.917
0.582
0.774
0.760
0.466

Table 14: Ablation on generated-positive selection.
Broad-rank-only selection uses ranking order without
uncertainty-adjusted delayed-valence criteria.

DPO (generic quality) ranks responses by generic
qualities such as empathy, coherence, and appropri-
ateness, without using delayed-valence supervision.
We further compare ARIA with three alternative
approaches: 1) anti-overpacking instructions via a
prompt-only method, 2) openness-gated prompting
that conditionally applies a support strategy based
on the detected seeker’s openness, and 3) predic-
tor reranking that uses the delayed-valence scorer
only during test-time response selection. Table 15
reports the results.

H.5 Qualitative ARIA Rollout Example

Table 16 shows a representative ARIA rollout.
ARIA first supports emotional exploration with-
out premature advice, then shifts to bounded action
support only after the client signals openness. The
client moves from financial stress to a deeper sense
of powerlessness, and then articulates a client-

owned reason for speaking up.
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Model GPT GP-SCT SC-Only| Action@Pre| Over-Directive@Pre| Action@Open Support-Only@Open

SFT 1.419 466 .060 .021 .017 .021 .837
DPO (randomized labels) 1.437 479 .049 .017 .032 .073 674
DPO (generic quality) 1.531 .576 .031 018 .025 .089 618
Prompt-only (anti-overpacking)  1.437 478 192 122 197 445 126
Openness-gated prompting 1.459 437 165 .046 173 .508 160
Predictor reranking 1.580 .634 .027 .032 .049 .065 528
ARIA (audio-only) 1.712 764 .032 .055 .072 .084 .388
ARIA 1.835 917 018 .055 .076 147 496

Table 15: Additional attribution controls. SFT, matched DPO controls, and ARIA variants from Table 1 are
repeated for reference. Randomized-label and generic-quality DPO controls isolate nonspecific DPO training and
generic response-quality supervision, respectively. Prompting, gating, and reranking provide simpler alternatives to
preference optimization with the delayed-valence signal.

Turn Speaker Dialogue

1

2
3

Seeker

Provider (ARIA) It sounds like you’re under a lot of financial stress right now.

Seeker Yeah, it’s really overwhelming. I feel like I'm constantly worrying about money and it’s affecting everything else in my life.

That sounds exhausting, like every decision feels loaded.

Provider (ARIA) When you think about the rent increase, is there anything you wish you could say to your landlord,

even if you doubt it would change anything?
Secker They’ve been pretty firm about the increase.

Provider (ARIA) Maybe you don’t have to persuade them.

Seeker saying how it affects me might help me feel a little less powerless.

. So maybe speaking up is not about making them change their mind.
P It might be about helping you feel like you still have a voice in this.

Seeker I hope so. I want to believe speaking up could help, but it’s still hard to see much light right now.

q It sounds like you’re going through a really difficult time.
T R(GIIRY But sometimes, just taking that first step, making that phone call, can help you feel less alone and more in control.

Seeker Maybe I can try saying something.

I still don’t know if it will make a difference with the rent, but it might help me feel a little less powerless.

Provider (ARIA) And even if it doesn’t change the rent right away, taking one small step might help you see

whether speaking up gives you even a little more sense of control.

Thaven’t talked to the landlord yet. I don’t know what I could say that would make a difference.

It may be more about finding a way to have a voice in a situation that’s made you feel powerless.
Yeah, I think that’s it. It’s not just the rent. It’s feeling like I have no say in any of this. Even if nothing changes,

My rent went up, my credit cards are basically maxed out, and I'm doing all this math in my head from the second I wake up.
I can’t relax because even buying groceries feels like I'm making the wrong decision.

Process Note
Pre-open distress: financial stress and decision burden.

Supportive reflection without advice.
Continued problem description.

Gentle exploration; still non-directive.

Barrier to action is articulated.
Reframes rent issue as loss of agency.
Seeker-owned meaning shift toward powerlessness.

Consolidates agency frame.
Openness emerges with hesitation.

Action support begins after openness.
Seeker-owned uptake of possible action.

Bounded action support aligned with agency.

Table 16: ARIA rollout example illustrating the transition from pre-open exploration to client-owned openness and
bounded action support.

I

Prompts

This appendix provides example prompts for
the main LL.M-based components: the support-
provider agent, simulated client agent, and LLM-
as-Judges (Figures 8-12).

LLM Prompt Snippet (Support provider)

You are a support provider engaged in an emotionally
supportive conversation with a person experiencing
distress.

Be warm, empathic, and emotionally attuned.
Respond in a natural and supportive way that is
grounded in what the client actually says and feels.
Sound professionally grounded and emotionally
attuned, not like a self-help coach, customer-support
assistant, or generic empathy bot.

Your goal is to help the person feel under-
stood and supported while maintaining a comfortable
conversational flow.

Keep responses concise, relevant, human-like,
and clinically grounded. If there are signs of acute
risk or loss of control, address safety directly. ...

Figure 8: Prompt Example for a support provider
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LLM Prompt Snippet (Seeker)

You are simulating the NEXT client turn in a
supportive counseling conversation.

# Your role:

- Continue as the client only.

- React naturally to the support provider’s latest
response

- Preserve the client’s core issue, emotional arc, and
interpersonal stance from the case.

- Stay plausible and grounded: do not suddenly
resolve the issue, introduce major new backstory, or
become unrealistically cooperative simply because
the response sounds good.

# Behavior target

- The next client turn should feel like a realistic
continuation of the same person.

- If the response is helpful, the client may open up
slightly, clarify, soften, or explore.

- If it is generic, off-target, or awkward, the client
may stay vague, stall, correct the response, or
disengage.

- If it makes a harmful assumption, the client may
resist, withdraw, or push back.

Keep the response concise, usually 1 to 4 sentences,
and match the natural density of the case.

Return JSON only: ...

Input:

{CASE SUMMARY }

{RECENT TURNS}

{LATEST SUPPORT PROVIDER RESPONSE}

Figure 9: Prompt Snippet as a Seeker

LLM Prompt Snippet (Judge A)

You are an expert annotator of counseling conver-
sations. Your goal is to identify which intervention
components are explicitly present in the support
provider’s response.

This is a descriptive structural annotation
task. Do not judge whether the response is good,
helpful, appropriate, or premature. Do not evaluate
the client or infer client readiness.

You are given the previous client utterance and the
target provider response. Use the previous client
utterance only to determine whether the provider
is reflecting or responding to the client’s content.
Annotate only the provider response.

For each provider’s response,
labels for the following components:

assign binary

Empathy: Description,

Reflection: Description,
Validation: Description,
Exploratory question, Description,
Interpretation: Description,
Reframing: Description,

Advice or suggestion: Description,
Action planning: Description,
Reassurance: Description,
Psychoeducation: Description,

# Important Rules

- A single response may contain multiple compo-
nents.

- Label only components that are explicitly present.

- Do not infer hidden intent. Treat empathy, reflection,
and validation as related but distinct.

- Distinguish general advice from concrete action
planning, and distinguish reframing from interpreta-
tion.

Return a JSON object with ...
Input:

{PREVIOUS CLIENT UTTERANCE}
{PROVIDER RESPONSE TO ANNOTATE}

Figure 10: Prompt snippet for the LLM-as-Judge
intervention-component annotation.

17248



LLM Prompt Snippet (Judge B)

You are an expert evaluator of supportive counseling
conversations.

Evaluate the TARGET client turn relative to
the BASELINE client turn, focusing on whether it
shows genuine progress and surface compliance.

Primary comparison:
- BASELINE = previous client turn
- TARGET = current client turn

Use the surrounding context only to under-
stand the provider’s intervening response. Judge
whether the TARGET shows meaningful change
relative to the BASELINE, not whether it sounds
positive or agreeable.

Rate three dimensions from 0 to 3:

- Surface Compliance: agreement, acceptance,
or polite cooperation without new emotional
depth, substantive new reflection or self-generated
movement.

- Genuine Progress: meaningful client movement,
such as greater emotional specificity, deeper
disclosure, clearer conflict or barriers, reduced
defensiveness, client-owned meaning shift, or
movement toward a bounded next step.

{EXAMPLES} ...

# Important distinctions:

- Agreement alone is not progress.

- Agreement plus meaningful client-authored
elaboration can count as progress or mixed.

- Emotional deepening can be progress even without
agreement.

- Be conservative and use only transcript evidence.

Return JSON only: ...

Input:

{RECENT CONVERSATIONS }
{BASELINE CLIENT UTTERANCE}
{MOST RECENT PROVIDER RESPONSE}
{TARGET CLIENT UTTERANCE}

LLM Prompt Snippet (Judge C)

Figure 11: Prompt snippet for the LLM-as-Judge evalu-

ation of genuine progress and surface compliance.

You are an expert evaluator of supportive counseling
conversations.

Your task is to determine whether the current
client turn shows an openness-transition (shifting-
point) signal: movement from describing or
processing the problem toward explicitly signaling
openness to change, help-seeking, problem-solving,
or a next step.

Definitions:

- PRE-OPEN: The client remains oriented toward
describing pain, events, emotions, or the current
problem. The client may be engaged or insightful
without expressing a desire for change.

- OPENNESS-TRANSITION: The client expresses
a wish, willingness, help-seeking orientation,
self-generated direction, or movement toward a next
step.

Signals may include:

- a wish or desire for things to be different

- willingness to try or change something

- arequest for tools, strategies, or next steps

- a self-generated goal, direction, or decision point

- uptake of a support-provider suggestion that in-
cludes the client’s own desire, concern, or elaboration

{EXAMPLES} ...

Do not count as an openness-transition:

- simple agreement with the support provider

- polite compliance without genuine desire expression
- insight without movement toward change

- more intense expression of pain alone

- passive acceptance or repetition of the support
provider’s language without client-generated content

# Key rule:
The transition is determined by the client’s expressed
orientation, not the support provider’s intent.

Return JSON only: ...

Input:

{PREVIOUS PROVIDER UTTERANCE}
{PREVIOUS CLIENT UTTERANCE}
{CURRENT PROVIDER UTTERANCE}
{CURRENT CLIENT UTTERANCE}

Figure 12: Prompt snippet for the LLM-as-Judge

openness-transition evaluation.
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