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Abstract

Therapeutic alliance, defined as the collaborative working relation-

ship between therapist and patient, is among the most consistent

predictors of psychotherapy outcome, yet existing mental health

large language models (LLMs) are optimized primarily for surface

helpfulness rather than the relational dynamics that shape clinical

effectiveness. We propose TARM (Therapeutic Alliance Reward

Model), a multimodal multi-task reward model that provides a turn-

level alliance signal for downstream alliance-guided reinforcement

learning (RL) of mental health LLMs. Grounded in the validated

Rupture Resolution Rating System (3RS), TARM jointly predicts

an overall Working Together alliance score from textual and vocal

cues, with rupture and repair as auxiliary supervision tasks, inte-

grating text and audio through gated residual cross-modal fusion

with an auxiliary audio supervision head. On a curated 7,447-turn

corpus of public educational and role-play psychotherapy videos,

controlled ablations show that cross-modal fusion with a resid-

ual gated combination of fused and text representations gives the

largest within-session alliance gain over text-only baselines, while

auxiliary audio supervision additionally lifts pooled correlation. To

our knowledge, TARM is the first turn-level alliance reward model

grounded in established observer coding, providing the per-turn

signal required for alliance-guided RL of mental health LLMs.

CCS Concepts

• Computing methodologies → Natural language process-

ing; Speech recognition; Neural networks; Reinforcement learning; •
Applied computing→ Health informatics.
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1 Introduction

Mental health conditions impose substantial individual and societal

costs, and psychotherapy remains a widely used treatment [33].

Decades of psychotherapy research identify the therapist–patient

relationship as a central determinant of engagement and outcome [22,

30]. Within this broader relational construct, the therapeutic al-
liance, defined as agreement on goals, assignment of tasks, and

development of bonds [2], has emerged as one of the most con-

sistent predictors of clinical outcome and premature treatment

dropout [8, 28]. Therapeutic alliance is inherently dynamic. During

a session, the alliance may be disrupted by ruptures, defined as

alliance deteriorations involving reduced task/goal collaboration or

strains in the emotional bond, and expressed as patient withdrawal

(moving away) or confrontation (moving against). Therapists ad-

dress ruptures through repair strategies that restore collaboration
and bond, such as exploring the rupture or refocusing on tasks and

goals, or acknowledging one’s contribution to it [6]. The Rupture
Resolution Rating System (3RS) [7], one of the most widely used

observer-based coding systems for alliance rupture and repair, op-

erationalizes these dynamics by producing a Working Together

rating for overall alliance and event-level codes for rupture and

repair. However, 3RS coding is typically performed retrospectively

by trained observers and therefore provides limited support for

in-session alliance monitoring. This limitation is especially salient

in online psychotherapy, where a reduced physical presence makes

the assessment of real-time alliances more difficult.

Mental health large language models (LLMs) offer a promising

basis for in-session decision support, but their utility for alliance

support remains limited for two reasons. First, existing mental

health LLMs primarily focus on mental-state assessment, inter-

pretable diagnostic analysis, or response-level qualities such as

empathy and fidelity [4, 13, 34, 36], but do not model therapeutic

alliance or its rupture–repair dynamics. Second, current mental

health LLMs are predominantly text-based and therefore miss al-

liance signals conveyed through vocal behavior. This departs from

established alliance-coding practice, which incorporates paraverbal

cues such as tone of voice, voice quality, and warmth [5–7]. By re-

lying only on text, existing LLM-based systems may miss clinically

meaningful alliance signals conveyed through speech.

We propose TARM (Therapeutic Alliance Reward Model), a mul-

timodal multi-task reward model for turn-level alliance assessment

from textual and vocal cues. Grounded in the 3RS framework, TARM

jointly predicts overall alliance through theWorking Together score,

with alliance rupture and repair as auxiliary binary tasks. Building

on the alignment of LLM based on the reward-model [23], we fur-

ther propose an alliance-guided reinforcement learning framework

in which TARM provides the reward signal to fine-tune a domain-

adapted mental health LLM to alliance-supportive responses. The

framework is intended to support real-time, turn-level clinical deci-

sion making by helping therapists identify emerging disruptions

and repair opportunities during psychotherapy sessions. This paper
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reports on ongoing work on framework design and a preliminary

evaluation of TARM; full RL training and policy evaluation will be

reported in an extended version.

This paper makes three primary contributions. First, we formu-

late therapeutic alliance assessment as a theory-grounded multi-

task reward modeling problem based on the 3RS framework, with

overall alliance as the primary target and rupture and repair as

auxiliary turn-level supervision. Second, to our knowledge, we

provide the first controlled architectural ablation of multimodal

reward models for the turn-level therapeutic alliance, showing that

cross-modal text–audio fusion combined with residual gating gives

the largest within-session alliance gain over text-only baselines,

while auxiliary audio supervision further improves the pooled cor-

relation. Third, we position TARM as a turn-level reward signal

for alliance-guided reinforcement learning of mental health LLMs:

because TARM is discriminative within sessions rather than only

at the aggregate level, it can support future policy optimization

toward alliance-supportive responses in context. As preliminary

evidence, we train and evaluate TARM on a curated 7.4K-turn mul-

timodal psychotherapy corpus and show that vocal cues improve

within-session alliance prediction over text-only baselines.

2 Related Work

We situate TARM in three lines of recent work: the training objec-

tives and approaches of mental health LLMs (§2.1), the utilization of

vocal cues in mental health LLMs (§2.2), and reinforcement-learning

fine-tuning of LLMs for conversational quality (§2.3).

2.1 Existing Mental Health LLMs

Mental health LLMs have been developed for mental-state classifica-

tion, such as Mental-LLM [34], MentaLLaMA [36], and MACR [14];

counseling response quality and empathy, such as ChatCounselor [16]

and SoulChat [4]; and fidelity to therapeutic frameworks such as

cognitive behavioral therapy, as in CBT-LLM [20]. Most systems

rely on prompt engineering or supervised fine-tuning on clinical or

counseling data [12], with reinforcement-learning-based alignment

explored only in limited settings [1, 29]. Despite the importance of

therapeutic alliance for treatment outcomes, existing mental health

LLMs do not explicitly optimize for therapist-patient relational

dynamics. TARM addresses this limitation by providing a multi-

modal, turn-level reward model of therapeutic alliance grounded

in an established observer rating system, enabling alliance-guided

reinforcement learning for mental health LLMs.

2.2 Vocal Cues in Mental Health LLMs

Vocal cues provide clinically meaningful information: prosodic,

energetic, and timing patterns vary systematically in depression

and other affective disorders [17, 19], and alliance-coding systems

such as the 3RS consider patient affect and paralinguistic expression

when identifying alliance rupture [7]. However, mental health LLMs

remain largely text-based. Existing audio-aware mental health sys-

tems are typically standalone classifiers for distress or depression

detection [17] rather than conversational models, while recent

voice-enabled mental health chatbots often rely on speech-to-text

and text-to-speech modules that process transcripts but discard

acoustic signals [21]. Speech-LLMs such as BLSP-Emo [31] show

that paralinguistic emotion cues can improve empathetic response

generation, but they target general emotional conversation rather

than therapeutic dialog. TARM addresses the underutilization of

vocal cues in mental health LLMs by integrating patient speech

features with text for turn-level therapeutic alliance prediction.

2.3 Reinforcement Learning (RL) in Mental

Health LLMs

RL is a standard approach for aligning LLMs with holistic con-

versational qualities that are difficult to optimize through token-

level supervision alone. Following the RLHF paradigm of Instruct-

GPT [23], alignment commonly uses policy-gradient methods such

as PPO [26] and GRPO [27], or preference optimization methods

such as DPO [24]. In emotionally supportive dialogue, this para-

digm has been applied through PPO with verifiable emotion re-

wards [32], future-oriented reward modeling [38], and GRPO with

rubric-derived empathy rewards [39]. Therapeutic alliance is a nat-

ural target for reward-based alignment because alliance-supportive

responses require optimizing relational outcomes, such as sustain-

ing collaboration and repairing ruptures, rather than matching

token-level labels. We therefore adopt GRPO [27], with TARM pro-

viding the learned turn-level reward signal.

3 Problem Definition

We cast the development of alliance-aware mental health LLM as a

two-stage learning problem: multimodal alliance reward modeling
followed by alliance-guided policy optimization. The optimization

target is the turn of the therapist. Specifically, the policy generates a

text response for the therapist given the context of the multimodal

patient, and the reward model evaluates the state of the alliance

given the context of the response.

For a target therapist turn at index 𝑡 , we define a turn-level

segment as

𝑠𝑡 = (xtext𝑡 , xaudio𝑡 ),
where xtext𝑡 denotes a context-windowed textual representation of

the dialogue up to the target therapist turn, including speaker tags,

and xaudio𝑡 denotes an acoustic representation of the immediately

preceding patient turn. The model uses audio only from the patient

side, while the policy output remains text.

Each segment is annotated with three labels derived from the

3RS framework: (1) a continuousWorking Together score 𝑦a𝑡 ∈ [1, 5]
(computed as the mean of five 3RS WT item ratings), which serves

as the primary alliance target; (2) a binaryAlliance Rupture indicator
𝑦r𝑡 ∈ {0, 1} capturing patient withdrawal or confrontation behaviors
that strain the alliance; and (3) a binary Alliance Repair indicator
𝑦
rep

𝑡 ∈ {0, 1} capturing attempts to restore the alliance following

rupture. The reward model learns

𝑓𝜃 : (xtext𝑡 , xaudio𝑡 ) → (𝑦a𝑡 , 𝑦r𝑡 , 𝑦
rep

𝑡 ),
where rupture and repair are treated as auxiliary supervisory tasks

alongside the primary alliance prediction. Given the trained reward

model, the second stage optimizes a domain-adapted mental health

LLM 𝜋𝜙 using the primary alliance head as the reward:

𝑅(𝑐,𝑦) = 𝑅alliance (𝑐,𝑦), (1)
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where 𝑅alliance (𝑐,𝑦) is obtained from the alliance prediction of 𝑓𝜃 for

a patient context 𝑐 and candidate therapist response 𝑦. The policy is

initialized from a reference policy 𝜋ref and fine-tuned to maximize

E𝑐∼D, 𝑦∼𝜋𝜙 ( · |𝑐 ) [𝑅(𝑐,𝑦)],
thereby encouraging therapist responses that strengthen therapeu-

tic alliance.

4 Proposed Method

Ourmethod follows the reward-model-based alignment paradigm [23]:

we first train TARM, a multimodal multi-task reward model that

predicts turn-level therapeutic alliance from dialogue text and pa-

tient vocal cues (§4.1), and then use its per-turn alliance score as the

reward signal for GRPO-based fine-tuning of a mental health LLM

policy (§4.2). As ongoing research, this paper focuses on TARM’s

design, training, and empirical evaluation.

4.1 Multi-Modal Therapeutic Alliance Reward

Modeling

We instantiate the reward model 𝑓𝜃 from Section 3 as TARM, a

multimodal multi-task network for alliance-guided RL (Figure 1).

TARM follows two design constraints. First, reward inference is

causal: the model conditions only on prior dialogue and the target

therapist turn, while the following patient response is used only

for supervision. Second, because the downstream policy generates

text-only therapist responses, acoustic input is restricted to the

preceding patient turn, preserving train–inference symmetry.

Frozen encoders with lightweight adaptation. We encode text with

DeBERTa-v3-large [10] and audio with WavLM-large [3], freezing

both encoders and adapting each modality with a Houlsby-style

bottleneck adapter [11] with width 128. Text input contains a six-

turn dialogue window, comprising five prior turns and the target

therapist turn, encoded into a vector htext ∈ R1024
. Audio input

is the frame-level WavLM representation of the immediately pre-

ceding patient turn. We retain all 24 hidden layers and collapse

them through a learnable softmax-weighted sum [37], then pass

the resulting frame sequence through the audio adapter to obtain

Haudio ∈ R𝑇×1024
as keys and values for cross-modal fusion.

Cross-modal fusion. To inject vocal information into alliance

prediction, we apply a single pre-LN cross-modal attention block

with htext as the query and Haudio
as keys and values, producing a

fused turn representation hfused. The primary alliance head reads

from a gated residual combination of fused and text representations:

ha = 𝛼 LN(hfused) + (1 − 𝛼) LN(htext), 𝛼 = 𝜎 (𝑔), (2)

where 𝑔 is a learnable scalar initialized at zero. This design pre-

serves the text pathway as a strong baseline while allowing audio

to contribute additively rather than replace it.

Auxiliary audio supervision. Because fusion can be dominated by

text and underutilize audio, we add an auxiliary alliance regression

head over an attention-pooled audio summary [25], predicting the

same alliance target as the primary head. This auxiliary objective

injects direct gradient signal into the audio pathway during training,

while remaining unused at inference.

Task heads. TARM predicts three outputs. The primary alliance

head regresses the Working Together score from ha. The rupture
and repair heads are binary classifiers that read only from htext.
We restrict these auxiliary heads to the text pathway because their

3RS markers are primarily linguistic, and our audio diagnostic

showed that audio improves alliance prediction but does not provide

additional predictive value for rupture or repair beyond text. This

routing focuses audio capacity on the primary alliance task.

Training objective. TARM is trained end-to-end via a multi-task

supervised objective combining the primary alliance regression

with the rupture, repair, and auxiliary alliance heads:

LTARM =𝑤a LMSE

a
+𝑤r Lfocal

r
+𝑤rep Lfocal

rep
+𝑤aux LMSE

aux
, (3)

whereLMSE

a
andLMSE

aux
are mean-squared errors on the primary and

auxiliary alliance heads, and Lfocal

r
, Lfocal

rep
are focal cross-entropy

losses [15] on the rupture and repair classification heads, addressing

their class imbalance in the training split (6.8% rupture, 3.6% repair).

Loss weights (𝑤a,𝑤r,𝑤rep,𝑤aux) = (1.0, 0.5, 0.1, 0.5) balance the

alliance regression objective with auxiliary supervision.

4.2 Alliance-Guided Reinforcement Learning

Wepropose to fine-tune amental health LLMpolicy𝜋𝜙 with TARM’s

per-turn alliance prediction as the reward signal, using Group Rel-

ative Policy Optimization (GRPO) [27]. The policy is initialized

from a reference policy 𝜋ref obtained by supervised fine-tuning

a general-purpose LLM on therapy session transcripts; 𝜋ref both

seeds clinically appropriate dialogue style and serves as the KL

anchor that constrains policy drift during RL.

For each patient context 𝑐 drawn from our therapy corpus, the

policy samples a group of 𝐾 candidate therapist responses; TARM

scores each under identical patient-side context, group-relative

advantages are computed from the resulting rewards, and 𝜋𝜙 is

updated via a clipped surrogate objective with a KL penalty to 𝜋ref.

5 Preliminary Results

We evaluate TARM and its ablation variants as turn-level alliance

predictors on held-out test sessions; the downstream RL stage is

planned as follow-up work.

5.1 Experimental Setup

Dataset and Label Generation. We curate amultimodal psychother-

apy corpus of 274 publicly available therapy demonstration and role-

play sessions from YouTube, yielding 7,447 turn-level segments. We

use a session-level 80/10/10 train/dev/test split (219/28/27 sessions;

5,989/730/728 turns), stratified by session length and rupture/repair

prevalence to preserve coverage of these rare events. In general, 6.8%

of turns are rupture-positive and 3.6% are repair-positive. Turn-level

3RS labels are generated by Qwen3-30B-A3B-Thinking-2507 [35]

as an LLM judge through a four-pass pipeline (withdrawal markers,

confrontation markers, repair strategies, and Working Together

items). Each turn receives three labels: (i) a continuous alliance
regression target in [1, 5], taken as the mean of five 1-5 Working

Together item ratings; (ii) a binary rupture indicator, set to 1 if

any withdrawal or confrontation marker is present; and (iii) a bi-

nary repair indicator, set to 1 if any repair strategy is present. The
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Figure 1: Full TARM architecture: frozen DeBERTa-v3-large (text) and WavLM-large (audio) encoders with Houlsby bottleneck

adapters, cross-modal attention fusion, gated residual combination, auxiliary audio supervision head, and three task heads

(alliance, rupture, repair).

full 3RS coding scheme used as the judge rubric is summarized in

Appendix A.

Model configurations and Implementation Details. We ablate five

variants against our full TARMmodel, rm-a3-res, to isolate the con-

tribution of each design choice. Two text-only baselines remove the

audio modality entirely: rm-t1 predicts only the primary alliance

score, whereas rm-t3 predicts alliance, rupture, and repair jointly.

The remaining four multimodal models share the three-task setting

and form a 2 × 2 design over fusion type and auxiliary audio su-

pervision: rm-m3-tri, rm-m3-res, rm-a3-tri, and rm-a3-res. Here,

res denotes the residual fusion in Equation 2, tri denotes a 3-way

softmax fusion over fused, text, and pooled-audio branches, and a3

indicates that the auxiliary audio supervision head is enabled.

Text inputs are capped at 512 tokens (left-truncated); audio is

16 kHz mono. The cross-modal fusion block uses 8 attention heads,

FFN dimension 1024, and dropout 0.3; focal-loss 𝛾 = 2.0 for the rup-

ture and repair heads. We train with AdamW [18], 500-step linear

warmup, cosine decay, weight decay 0.01, batch size 32, and up to

30 epochs with early stopping (patience 5) and gradient clipping

at 1.0. Learning rates are selected from {1e−4, 3e−4, 1e−3, 3e−3}
based on pooled alliance Pearson. We use a single NVIDIA A100

40GB GPU per run.

Evaluation metrics. We report Pearson correlation between pre-

dicted and gold Working Together scores (i.e., turn-level alliance

ratings) under two aggregation schemes. Pooled Pearson is computed

over all test turns and measures the aggregate prediction quality

across the test set. Session-mean Pearson averages per-session Pear-

son correlations over the test sessions and measures within-session

turn-level discrimination, the property most relevant for using

TARM as a per-turn reward in downstream RL.

Table 1: Rewardmodel results: alliance Pearson under pooled

and session-mean aggregation, mean±std over 3 seeds. All

multimodal models and rm-t3 use three tasks (alliance, rup-

ture, repair); rm-t1 uses alliance only. rm-a3-res is the full

TARM. Bold = best per column.

Model Audio Aux Fusion Pooled 𝑟 Session 𝑟

rm-t1 – – – 0.557±.002 0.368±.006
rm-t3 – – – 0.545±.011 0.349±.009
rm-m3-tri ✓ – tri 0.553±.006 0.399±.015
rm-m3-res ✓ – res 0.540±.016 0.413±.025
rm-a3-tri ✓ ✓ tri 0.555±.009 0.371±.018
rm-a3-res ✓ ✓ res 0.562±.008 0.409±.025

5.2 Reward Model Evaluation

Table 1 reports alliance Pearson under both aggregation schemes

across six configurations, with best-performing methods in bold.

The full TARM (rm-a3-res) matches the strongest text-only

baseline on pooled alliance Pearson (0.562 vs. 0.557 for rm-t1;

Δ<1𝜎) and matches the best session-mean alliance Pearson within

noise (0.409 vs. 0.413 for rm-m3-res; Δ<1𝜎), lifting session-mean

by +0.041 over the strongest text-only baseline (0.368, rm-t1) while
preserving pooled performance.

The pooled result confirms TARM’s predicted alliance closely

tracks gold ratings at the aggregate level, supporting its use as an

absolute alliance estimator. The session-mean result is the more

consequential for downstream RL: TARM’s elevated session-mean

exposes within-session variation that GRPO can exploit to train a

policy toward turn-level alliance-supportive behavior, whereas a

low session-mean would collapse policy optimization into a global

style mimic that issues near-constant rewards within a session.

The ablation suggests the two metrics are driven by different

components.Within-session gain is driven by audio modality and

residual gated fusion: removing audio at matched 3-task supervision
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(rm-t3: 0.349) drops session-mean by 0.060 relative to rm-a3-res,

and the 1-task text-only baseline rm-t1 (0.368) is similarly out-

performed, confirming text alone cannot capture within-session

variation; switching residual fusion to tri-branch (rm-a3-tri) drops

session-mean to 0.371, indicating the gated residual design is what

successfully integrates vocal information. Pooled performance is
driven by auxiliary audio supervision: removing it (rm-m3-res)

drops pooled to 0.540, showing the audio pathway needs direct

gradient signal to align with the primary head.

6 Discussion and Future Work

Our results show that vocal cues improve within-session alliance

prediction through residual gated cross-modal fusion, while auxil-

iary audio supervision further improves pooled correlation. These

findings support TARM as a turn-level alliance reward for down-

stream RL. We are fine-tuning a domain-adapted Llama-3.1-8B-

Instruct [9] with GRPO using TARM as the reward signal. The

resulting policy will be evaluated against general-purpose and men-

tal health LLM baselines using NLG and 3RS-based alliance metrics,

modality ablations, and a scenario-based therapist study measuring

perceived alliance, usefulness, and trust.
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A 3RS Coding Scheme

The Rupture Resolution Rating System [6] is an observer-based

coding system for therapeutic alliance dynamics. Coders rate each

segment on a 5-point salience scale (1 = not salient, 3 = somewhat

salient, 5 = very salient). Our LLM judge applies the rubric in Table 2

to produce three turn-level labels used to train TARM.

Table 2: 3RS dimensions used as the LLM-judge rubric, and

their mapping to TARM labels. Each item is rated on a 1–5

salience scale. The alliance regression target is the mean of

the five Working Together ratings ([1, 5]); the binary rup-

ture indicator is set to 1 if any withdrawal or confrontation

marker is rated as salient; the binary repair indicator is set

to 1 if any repair strategy is rated as salient.

3RS dimension Items / behaviors

Working Together — 5 items; mean used as the alliance regression target
WT1 Patient & Therapist are collaborating on the work of

therapy.

WT2 Patient & Therapist have a bond of mutual trust.

WT3 Therapist accepts and validates the Patient.

WT4 Therapist is curious and engaged.

WT5 Patient is engaged in the work; authentic and open.

Rupture markers — union used as the binary rupture indicator
Withdrawal Patient/Therapist moves away: shuts down (avoidant

denial, minimal response, giving up), avoids (abstract

communication, avoidant storytelling, topic shift), or

masks (deferential/appeasing, content/affect split).

Confrontation Patient/Therapist moves against: complains/criticizes

(the other, activities, parameters), pushes back (re-

jecting ideas, defending self, hostile denial), or con-

trols/pressures (overly directive, pushing ideas).

Repair strategies — any salient strategy yields the binary repair indicator
Focusing on task/goal Discussing changing the task/goal; explaining or re-

framing the rationale for a task.

Exploring the rupture Naming, observing, or inviting exploration of the rup-

ture or related vulnerable feelings.
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