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Abstract

On-device LLM personalization must satisfy
two constraints simultaneously: (i) task correct-
ness and (ii) user-specified response style, un-
der strict resource limits. We present TRIAD-
TS, a multi-agent orchestration framework that
(1) decomposes a request into task and style
intents, (2) retrieves evidence in an explain-
able latent space using precomputed intent
centroids, (3) blends style adapters via an ex-
plicit weight vector, and (4) applies a learned
quality-driven abstention policy that avoids
unreliable outputs without conflating uncer-
tainty with device feasibility. We also in-
troduce TriadBench-TS, a benchmark span-
ning 8 task categories and 12 therapeutic com-
munication styles, with verification that fil-
ters invalid rewrites. Using ELO-based pair-
wise evaluation across three dimensions (task,
style, joint), TRIAD-TS achieves 3.7% higher
joint ELO rating (+41 points) than state-of-
the-art adapter composition methods and re-
duces style drift by 52% compared to instant
adapter blending (CRAYON), while providing
transparent rationales through centroid matches
and adapter-weight explanations. Code and
data are available at https://anonymous.
4open.science/r/TRAID-02C1.

1 Introduction

Mental health support requires Al systems balanc-
ing therapeutic correctness with appropriate in-
terpersonal tone while protecting sensitive user
data. Unlike general assistants, therapeutic Al
faces unique constraints: users share trauma his-
tories, suicidal ideation, and relationship conflicts
demanding both clinical appropriateness and em-
pathetic delivery. Technically correct interventions
in wrong tone damage therapeutic alliance (Nor-
cross, 2011), while supportive responses lacking
clinical grounding cause harm (American Psycho-
logical Association, 2017). This creates acute
need for on-device deployment—cloud systems

introduce privacy risks undermining trust essen-
tial for therapeutic disclosure (Martinez-Martin
et al., 2020)—but on-device processing imposes
severe constraints. TRIAD-TS addresses this
through a hybrid architecture: client-side mod-
els process sensitive dialogue locally and ex-
tract compact, anonymized signals (task weights,
style indicators); only these de-identified signals
reach server-side coordination agents, ensuring
raw therapeutic content never leaves the device.
Within these constraints, responses must simulta-
neously satisfy what the user needs therapeutically
(task intent) and how they need it communicated
(style intent). Task and style are not independent:
directive safety planning in cold clinical language
violates person-centered principles (Rogers, 1957).

While adapter composition techniques have ma-
tured (Bang et al., 2024; Huang et al., 2023; Pfeiffer
et al., 2021), their application to mental health re-
mains unexplored. Existing methods optimize gen-
eral task performance, but therapeutic contexts re-
quire: (i) privacy-preserving on-device processing,
(ii) clinical appropriateness beyond user preference,
(iii) interpersonal calibration where tone constitutes
therapeutic action, and (iv) safety-critical decision-
making. Crayon (Bang et al., 2024) blends adapters
via embedding similarity without conflict resolu-
tion; XPerT (Wang et al., 2025) selects entire
models, forcing all-or-nothing choices. Neither
provides explainability essential for clinical adop-
tion (Torous and Keshavan, 2020) nor distinguishes
computational exhaustion from genuine clinical
risk.

We present TRIAD-TS, the first multi-agent
framework bringing adapter composition to men-
tal health support through orthogonal factorization
with clinically-informed coordination. Offline, we
build (i) task-specialized adapters corresponding
to the 8 ESConv support strategies (Liu et al.,
2021) via mixture-of-experts training (Shazeer
et al., 2017), and (ii) style adapters from paired
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response comparisons (Christiano et al., 2017). On-
line, a lightweight client sends compact JSON
signals to server-side agents: a Clinical Assess-
ment Agent infers therapeutic priorities; a Com-
munication Strategy Agent determines style; a
deterministic module enforces compatibility and
applies quality-driven abstention. We introduce
TriadBench-TS (1,847 test examples from 8 tasks
x 12 styles). Using ELO-based evaluation (Zheng
et al., 2023), TRIAD-TS achieves +41 ELO over
XPerT, 52% lower style drift than Crayon.

2 Related Work

LoRA (Hu et al., 2021) enables parameter-efficient
fine-tuning. Subsequent work develops compo-
sition methods: AdapterFusion (Pfeiffer et al.,
2021) via attention, LoraHub (Huang et al., 2023)
via gradient-free search, Crayon (Bang et al.,
2024) via instant embedding similarity. MoE ap-
proaches (Shazeer et al., 2017) inspire our soft
mixture training where adapters specialize via cen-
troid proximity. However, these methods optimize
general NLP tasks without considering clinical ap-
propriateness or safety, treat style implicitly rather
than as independent composable dimension, and
lack conflict resolution for task-style misalignment.
XPerT (Wang et al., 2025) selects cached models
but cannot independently adjust task and style.

Prior mental health chatbots (Fitzpatrick et al.,
2017; Inkster et al., 2018) use rule-based systems
without personalization. MentalLLaMA (Yang
et al., 2024) fine-tunes on mental health data but
treats style implicitly. Multi-agent systems for ther-
apy exist: MindAgent (Gong et al., 2023) separates
assessment and intervention but requires cloud de-
ployment; TherapyBot (Sharma et al., 2023) uses
specialized agents but needs 15+ seconds; PART-
NER (Liu et al., 2024) adapts style but treats it
monolithically. None address: (i) privacy via on-
device processing, (ii) sub-3s latency constraints,
(ii1) explainable clinical reasoning, or (iv) princi-
pled abstention separating resource limits from clin-
ical concerns.

Privacy risks in digital mental health (Martinez-
Martin et al., 2020) motivate on-device approaches.
Explainability is non-negotiable for clinical adop-
tion (Torous and Keshavan, 2020); we leverage
Sentence-BERT (Reimers and Gurevych, 2019) for
interpretable centroid similarity. General multi-
agent frameworks (MetaGPT (Hong et al., 2023),
AutoGen (Wu et al., 2023), ReAct (Yao et al.,

2023)) decompose tasks into specialized roles
but target cloud deployment without domain con-
straints. Our design differs: (i) server agents
process only compact JSON signals maintaining
client privacy, (ii) orthogonal factorization (clin-
ical priorities vs. communication strategy) en-
ables parallel reasoning, (iii) deterministic inte-
gration enforces compatibility constraints from
counseling frameworks (Hill, 2014). Style con-
trol methods (Keskar et al., 2019; Ouyang et al.,
2022) treat style aesthetically; we recognize task-
style interdependence through compatibility ma-
trices. Pairwise preference learning (Christiano
et al., 2017) inspires our drift extraction. Absten-
tion methods (Chow, 1970; Geifman and El-Yaniv,
2017) conflate failure modes; we separate feasibil-
ity gating from quality-based abstention, critical
for safety. ELO ratings (Zheng et al., 2023) enable
our multi-dimensional therapeutic assessment.

3 TriadBench-TS: A Verified Task—Style
Benchmark

To enable rigorous evaluation of joint task-style
alignment in mental health counseling, we intro-
duce TriadBench-TS, constructed from two com-
plementary sources: ESConv (Liu et al., 2021)
(14,855 task-labeled therapeutic utterances, avg.
20.2 words) and MentalChat16K (Xu et al., 2025)
(16,113 caregiver interactions, avg. 185.4 words).
While ESConv provides concise strategy-focused
responses, MentalChat16K offers longer naturalis-
tic conversations reflecting real-world counseling
complexity.

3.1 Task-Style Factorization

We adopt ESConv’s eight support strategies (Liu
et al., 2021) as our task taxonomy following Hill’s
Helping Skills Theory (Hill, 2014) (detailed defini-
tions in Appendix F): QUESTION, RESTATEMENT
OR PARAPHRASING, REFLECTION OF FEELINGS,
SELF-DISCLOSURE, AFFIRMATION AND REAS-
SURANCE, PROVIDING SUGGESTIONS, INFOR-
MATION, and OTHER. The first seven categories
correspond to specific therapeutic actions; OTHER
captures pleasantries and miscellaneous support.
Throughout this paper, “task” refers to these 8
evidence-based therapeutic actions; “task adapters’
are the 7 LoRA modules trained on the first 7
categories (excluding OTHER, which requires ab-
stention rather than adapter routing); and “task in-
tent” denotes which therapeutic action is clinically
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appropriate for a given context.

For MentalChatl6K (no task labels), we
use GPT-4-turbo with 20-shot prompting (Ap-
pendix B). Three licensed clinicians verified 800
samples, achieving Fleiss’ k = 0.71 across both
datasets. Examples labeled as OTHER are used
for style training but excluded from task adapter
pools, as they represent contexts requiring absten-
tion or clarification rather than specific therapeutic
interventions.

We generate style variants spanning 12 thera-
peutic communication styles (Appendix E). For
27,997 base examples, we generate 15 candi-
dates per example using GPT-3.5-turbo, producing
419,955 candidates. A five-stage filtering pipeline
(SimHash deduplication, Sentence-BERT seman-
tic verification, GPT-4 style compliance, length
constraints, toxicity filtering) eliminates 81.0%,
yielding 79,972 verified variants. Three clini-
cians verified 3,500 samples (ICC=0.71 for seman-
tic preservation, 0.68 for stylistic authenticity), con-
firming 73.6% meet quality standards (details in
Appendix C).

Semantic Preservation. Style augmentation in-
creases length by 15-20% through stylistic elabo-
ration (e.g., “try setting goals” — “consider trying
to set small, achievable goals™) while preserving
task category via explicit constraints: interroga-
tive structures for QUESTION, emotional vocabu-
lary for REFLECTION, actionable content for SUG-
GESTIONS. Verified via GPT-4 (threshold: 0.85
Sentence-BERT similarity).

3.2 Test Set with Hard-OOD Evaluation

Test sets use ESConv’s 20% holdout (n=2,971) ex-
clusively, ensuring gold-standard human annota-
tions and clean separation from training. We allo-
cate 1,847 for Standard (in-distribution) and 1,124
for Out-of-Distribution (OOD) evaluation. OOD
refers to scenarios where inputs differ systemati-
cally from training distributions—novel task cate-
gories, communication styles, or both—critical for
real-world deployment where user needs exceed
predefined taxonomies.

Three Hard-OOD subsets test different failure
modes:

* Task-OOD (n=539): exclusively OTHER-
labeled queries (rapport-building pleasantries,
crisis intervention, grief counseling) excluded
from the 7-adapter training pool, testing absten-
tion rather than forced routing.

Table 1: TriadBench-TS composition. In-Task counts
examples labeled with the 7 trained task categories (ex-
cluding OTHER). Standard and Style-OOD reflect nat-
ural task distribution from ESConv holdout (~75% in-
pool, ~25% OTHER); Task-OOD and Both-OOD are
exclusively OTHER by design.

Subset Source Base In-Task  Var.  Total Use

Training

Task-labeled ESConv (80%) 11,884 9,727 35,658 47,542 T+S
Unlabeled  MentalChatl6K 16,113 12,085 44,314 60,427 S
Subtotal 27,997 21,812 79,972 107,969
Evaluation (ESConv 20%)

Standard ESConv 1,847 1,388 - 1,847 1In-d
Task-OOD  ESConv 539 0 - 539 OOD
Style-OOD  ESConv 461 346 - 461 OOD
Both-OOD  ESConv 124 0 - 124 OOD
Subtotal 2,971 1,734 - 2971

Total 30,968 23,546 79,972 110,940

Style-OOD (n=461): culturally-specific or tech-
nical communication absent from 12 styles. Task
distribution reflects natural ESConv holdout
(75% in-pool tasks, 25% OTHER), testing style
fallback under task variance.

* Both-OOD (n=124): compounded misalignment
(both task and style out-of-pool).

Note: “In-Task” in Table 1 denotes examples
whose task label belongs to the 7 trained categories.
Standard and Style-OOD naturally contain mixed
task distributions from ESConv’s holdout set, while
Task-OOD and Both-OOD are exclusively OTHER-
labeled by construction. Note: OTHER encom-
passes both low-risk contexts (greetings, admin-
istrative) and high-risk situations (crisis, grief)
that both warrant specialized handling beyond
standard adapter selection. Style-OOD includes
culturally-specific communication and technical
language (Appendix G). Three clinicians annotated
all labels (x = 0.71, OOD agreement: 87.3%).

Table 1 summarizes TriadBench-TS: 107,969
training examples and 2,971 expert-annotated
test cases.

4 TRIAD-TS Framework

Figure 1 overviews TRIAD-TS. Given a client con-
text Xclient, T RIAD-TS builds task and style adapter
pools offline. At deployment time, a lightweight
client-side module extracts compact signals and
sends a JSON payload to a server-side multi-agent
system. The server agents infer (i) clinical prior-
ities and (ii) communication intent, after which a
deterministic integration module assembles a per-
sonalized model Mtriap. Algorithm 1 details of-
fline construction; Algorithm 2 summarizes online



Algorithm 1 Offline: Build Task/Style Adapter
Pools

Require: Mg, D, {Ds}ses
Ensure: {({s,,cn)}ho1, {(As,2s)}ses
1: Extract qz = Mgf) (x) for first 7 task categories, PCA
(128-dim), K-means — {c,, }5_,
: Initialize 7 LoRAs {£g,, }7_1
: for epoch = 1..10 do
for minibatch (z,y) do
Compute o, (g5 ); Update {6, } (Eq. 2)
end for
end for
: forall s € Sdo
Ma, + FineTune(Ma,, Ds); Collect {h{"™™}
: end for
: Build basis {v;}; project z;, convert A, (Appendix A)

TR NLERE

— —

Algorithm 2 Online: Multi-Agent Selection + In-
tegration

Require: Client context Xciient, pools, t(n), C, T
Ensure: Mrriap, {an =1, {72" }ses
1: Extract signals ejng, {;;, }. Satyte; send JSON u to server
2: p — CLINICALAGENT(u);  Wayle —
COMMAGENT(u)
3: Solve {7:} (Eq. 4); compute {&x } (Eq. 6)
4: Compute Ceompar, {72 *} (Eq. 7); assemble Mrriap (Eq. 8)

selection and integration.

4.1 Offline Adapter Pools

Task pool. We extract layer-16 representations
from Mg, , apply PCA (128-dim, 89.3% variance),
and cluster examples from the first 7 task cat-
egories into NV = 7 centroids via K-means. We
train 7 LoRA modules via soft mixture (Eq. 1, 2),
where soft assignment weights o, (q,) are normal-
ized cosine similarities to centroids. Online, we se-
lect Top- K5k = 3 adapters via temperature-scaled
softmax (7 = 0.1).

cos(cn, qz) +1

max Z Zlogp@ﬁmb(@z)(yt |z, y<t) (2
)

Style pool. For each style s € S, we fine-tune
Mg, on D, to obtain Mg. Using M = 50 stan-
dardized prompts (Appendix B.1), we compare re-
sponses via summarization model Mg, and ex-
tract drift vectors:

4.2 Online Multi-Agent Selection and
Deterministic Integration

Privacy-preserving computation flow: At deploy-
ment time, a lightweight client module running
on-device performs the following operations lo-
cally:

1
1. Embeds context: qclient = Mgpf) (Xclient)
2. Computes cosine similarities to all 7 task cen-
troids

3. Selects Top-Ksx = 3 adapters via Eq. 3

4. Extracts style indicators and other signals

Only the resulting compact JSON payload u
(containing {a,}, Ssyles €ind, but Nno raw text)
is sent to server-side agents. Server agents out-
put clinical priorities p and communication intent
Wityle, Which are returned to the client for final on-
device integration. The clinical assessment agent
reads u and outputs normalized priorities p € R?
over evidence-based therapeutic approaches (CBT,
DBT, MI, Psychoeducation, Supportive), while the
communication strategy agent outputs a weighted
intent Wyl Over communication descriptors. (Re-
call: embedding and Top-K selection already
occurred client-side; u contains the resulting
{aZ } weights.) The task selection formula for ref-
erence:

exp(cos(Cn,Aelient) /T)
o = Zn/eTopK eXp(COS(Cn::QClient)/T) ne TOPK
n 0 otherwise.
(3)

We set 7 = 0.1 and Ky, = 3 in all experiments.
We solve simplex-constrained least squares

(Eq. 4) to blend style adapters {7}, enabling con-

tinuous interpolation rather than binary selection.

g Vstds — VNVstyle
s

Sy >0, ) v =1
S

2

{2} = argmin
Y

2

We modulate the selected task weights using
the clinical priorities. Let t(n) € {1,...,7} de-
note the task category index for adapter n, where
categories map to: (1) QUESTION, (2) RESTATE-
MENT, (3) REFLECTION, (4) SELF-DISCLOSURE,
(5) AFFIRMATION, (6) SUGGESTIONS, (7) IN-
FORMATION. (OTHER is excluded from the
adapter pool.) The clinical agent outputs prior-
ities p € R over therapeutic approaches (CBT,
DBT, M1, Psychoeducation, Supportive). We map
these to task categories via a learned compatibility
matrix T € R™*5 where T;; indicates how strongly
task ¢ aligns with approach j (e.g., Ts.cr = 1.0
since SUGGESTIONS strongly aligns with CBT’s
behavioral activation; Th v1 = 0.9 since QUES-
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Figure 1: TRIAD-TS overview. Offline: build task-specialized LoRA pool (7 adapters for first 7 ESConv strategies)
and style adapter pool (12 therapeutic styles). Online: client locally computes task weights and style signals,
sends only compact anonymized signals to server agents for coordination; final model assembly occurs client-side,

ensuring raw dialogue never leaves device.

TION enables motivational exploration). The task-
level priority becomes:

Z Ti(n).j Bi- 5)

ptask

We then apply priority modulation and renormal-
ization:
5 = a;kl(l + )\ptask(n)) 6)
" 22111 OZ:L/ (1 + )\ptask(n/)) ‘

Next, we enforce task-style compatibility via a
fixed matrix C € [0,1]N*IS|. Here N = 7 de-
notes the number of LoRA adapters (one per
ESConv task category, excluding OTHER), and
|S| = 12 denotes the number of therapeutic
styles. Each entry C),s encodes how appropriate
style s is for the therapeutic action represented by
adapter n. For example, Cj,—question,s=Empathic =
1.0 (exploration benefits from warmth), while
C1n:Question,s:ConfrontaLtional = 0.3 (challenge inap-
propriate during early exploration). The matrix is
initialized from counseling guidelines (Hill, 2014;
Miller and Rollnick, 2012) and remains fixed dur-
ing inference. We compute an aggregate compat-
ibility score and (only if needed) reweight style
coefficients, then renormalize:

7
- ZZ@nV: Cn57

Ccompat
n=1seS
7
Ps = E ap Chs,
n=1
*
Vs Ps
% — —+ — Ccompat < Tcompat;
Vs = ZS’GS Vs Ps’
vy otherwise.

(N

Finally, we assemble the personalized model by
directly combining the task pool and the (possibly
adjusted) style pool:

7
Mriap = M, +w Z anly, +(1-w) Z Ve As
n=1 seS
(®)

4.3 Implementation Details

We use Llama-2-7B-Chat as the baseline SLLM
Mg, and Llama-3.1-8B-Instruct as the summa-
rization model Mg,,. Each LoRA uses r = 16,
a = 32 (a/r = 2.0 prevents mode collapse).
Training: 10 epochs, AdamW (Ir=2 x 10~%), batch
size 32 with gradient accumulation, FP16, 4x
A100. Full details in Appendix A.

We use Llama-2-7B-Chat as Mg, and Llama-
3.1-8B-Instruct as Mg,m,. Each LoRA uses r = 16,
a = 32. Key hyperparameters: Kyg = 3,7 = 0.1,
A = 0.5, w = 0.6 (details in Appendix A).

S Experiments

We evaluate joint task-style alignment on
TriadBench-TS’s Standard test set (N=1,847 from
ESConv holdout), where each dialogue context is
annotated with gold task and style labels, enabling
both label-based routing evaluation and end-to-end
quality assessment. Standard test set reflects nat-
ural ESConv task distribution: 1,388 in-pool
tasks (75.1%) and 459 OTHER (24.9% ), ensur-
ing evaluation under realistic mixed conditions
rather than artificially filtered datasets.. Gold
labels: ESConv annotations (x = 0.79), OOD clin-
ician labels (n = 3, k = 0.71), GPT-4-verified
styles (n = 800, k = 0.71). To test calibrated be-
havior under distribution shift, we use three Hard-



OOD subsets from the ESConv holdout: (i) Task-
OO0OD (n=539) where the task is labeled OTHER
(not in the 7-adapter pool) while style is in-pool,
(i1) Style-OOD (n=461) where style is culturally-
specific (out-of-12-styles) with natural task dis-
tribution from holdout (~75% in-pool, ~25%
OTHER), and (iii) Both-OOD (n=124) where both
task and style are out-of-pool.

We compare routing strategies by varying task
and style routers while keeping the same backbone
model and adapter pools. Baseline configurations
include CRAYON/CRAYON (C/C), XPerT/XPerT
(X/X), XPerT/CRAYON (X/C), and LoraHub/Lo-
raHub (L/L), where the first component speci-
fies the task router and the second specifies the
style router. We directly compare TRIAD-TS
against a CRAYON-inspired edge-server hybrid
baseline (CRAYON-Hybrid) that offloads unconfi-
dent queries to a server LLM and replaces the on-
device output. CRAYON-Hybrid (C+O) offloads
low-confidence queries to a server LLM (thresh-
old tuned on n=300 validation set). TRIAD-TS
assigns task routing to CRAYON and style routing
to XPerT, coordinated through multi-agent orches-
tration with deterministic integration.

Routing accuracy is measured via Top-1 and Top-
3 correctness (Task@1/3, Style@1/3) using gold
labels from TriadBench-TS. Table 2 reports perfor-
mance on the Standard in-distribution test set only;
OOD performance appears in Table 5 with behavior
distributions rather than routing metrics, as OOD
scenarios by definition lack matching adapters to
route to.

For Hard-OOD splits, we report behavior dis-
tributions and counseling quality under the final
response path, with TRIAD-TS behaviors classi-
fied as Proceed (use in-pool adapters), Fallback
(safe nearest in-pool style while keeping task), or
Abstain (ask targeted clarifications), and CRAYON-
Hybrid behaviors as Proceed (in-pool blending) or
Server (offload with output replacement).

Counseling quality is assessed using two in-
dependent LLM judges (Claude-3-Opus, Gemini-
1.5-Pro) producing 7 criterion scores per response
on a 1-10 scale: Listen, Empathy, Safety, Non-
judgmentalness, Clarity, Boundaries, and Holistic
quality. For each system pair, we conduct random-
ized blind pairwise comparisons where each judge
evaluates both responses and declares a winner.
Each comparison involves 2 judges, thus produc-
ing 2 independent battles for ELO computation.
With N=1,847 test examples and 4 baseline systems

plus TRIAD-TS, we conduct (g) = 10 pairwise
comparisons, yielding 10 x 1,847 x 2 = 36,940
total battles. We compute ELO ratings (init 1000,
K=32) with 95% bootstrap confidence intervals
over 1,000 resamples.

We additionally quantify Style-Drift% as the
fraction of cases where responses are useful but
stylistically off (StyleScore < 4.0 while TaskUse-
fulness > 6.0), where StyleScore aggregates Empa-
thy, Non-judgmentalness, and Boundaries dimen-
sions. We conduct three sets of ablations: (i) re-
move one server-side assessment agent at a time
(ClinicalAgent or CommAgent), compare against
a single-LLM router without role separation, and
evaluate a deterministic-only variant without server
LLM routing, (ii) evaluate TRIAD-TS against De-
bate and Critic-Refine orchestration patterns, (iii)
evaluate TRIAD-TS across five on-device SLLMs
and five server routers.

6 Results

Results establish four key findings: (i) TRIAD-
TS achieves best end-to-end counseling quality via
joint task-style optimization, (ii) this advantage
is mechanistic—simultaneous routing accuracy di-
rectly suppresses “useful-but-wrong-tone” failures,
(>iii)) TRIAD-TS demonstrates superior calibration
under distribution shift via explicit abstain/fallback
semantics, and (iv) multi-agent role separation is es-
sential—removing agents materially degrades qual-

ity.
6.1 End-to-End Counseling Quality

TRIAD-TS removes the task-style trade-off plagu-
ing existing methods. Baselines exhibit comple-
mentary failures: CRAYON/CRAYON achieves
strong task routing but under-controls style
(Style@1=0.63), while XPerT/XPerT strengthens
style at the cost of task accuracy (Task@ 1=0.70).
TRIAD-TS achieves best performance on both di-
mensions simultaneously (T@1=0.81, S@1=0.78)
(Table 2). This dual optimization is critical: task
errors mis-frame clinical intent, while style errors
violate relationship norms even when content is
correct.

TRIAD-TS achieves G-Eval ELO 116248, sur-
passing XPerT/XPerT (1121+9) by +41 and CRAY-
ON/CRAYON (1092+10) by +70 (Table 3), with
broad gains across all criteria (avg. 8.36/10). The
framework also reduces style drift—the critical fail-
ure mode where responses are useful but interper-



sonally miscalibrated—to 10.8%, representing a
27% relative reduction versus XPerT/XPerT and
52% versus CRAYON/CRAYON. This directly val-
idates the core design target: preventing tone, judg-
ment, and boundary violations even when content
is technically correct.

Table 4 provides a detailed breakdown of G-
Eval scores across all 7 counseling quality dimen-
sions, evaluated independently by two LLM judges
(Claude-3-Opus and Gemini-1.5-Pro). TRIAD-TS
achieves largest gains on Empathy (+0.88/+0.97
over XPerT for Claude/Gemini judges) and Bound-
aries (+0.91/+0.98), the exact dimensions where
naive adapter blending breaks—responses can be
technically helpful yet interpersonally invalidat-
ing. TRIAD-TS also improves Clarity and Holis-
tic scores, demonstrating that safety gains come
from principled task-style coordination rather than
generic outputs.

6.2 Robustness Under Distribution Shift and
Ablation Studies

TRIAD-TS achieves superior calibration under
distribution shift compared to server offloading.
CRAYON-Hybrid reacts via escalation (74% on
Task-OOD, 88% on Both-OOD), over-committing
without clarifying intent (Table 5). TRIAD-TS
treats OOD as a decision problem: Task-OOD trig-
gers clarification (67% abstain), Style-OOD falls
back to safe stances (56% fallback). This yields
higher quality (8.05 vs. 7.18) and lower style drift
(6.2% vs. 19.5%).

CRAYON-Hybrid is evaluated separately in
OOD (Table 5) due to incompatible deployment
paradigms and variable offload rates (26-88%).
Other baselines lack abstention mechanisms (100%
Proceed), providing no calibration insight.

Ablation studies confirm multi-agent role sep-
aration is essential. Communication Agent re-
moval causes the largest drop (34 ELO), consis-
tent with gains in empathy and boundaries (Ta-
ble 6). Single-router alternatives underperform (27
ELO), amplifying over-commitment and style drift.
Deterministic-only variants (71 ELO) show com-
patibility enforcement alone cannot replace multi-
agent reasoning.

Generic orchestration patterns underperform:
Debate (1139 ELO) and Critic-Refine (1131 ELO)
introduce intent oscillation and style inconsistency
(Table 7). TRIAD-TS achieves best stability via
structured intent signals and deterministic integra-
tion.

6.3 Deployment Robustness

Model sweep across 5 on-device SLLMs and 5
server routers demonstrates robustness (Table 13,
Appendix I). Stronger SLLMs consistently yield
higher ELO (1165 for Qwen2.5-1.5B vs. 1110
for SmolLLM, 55-point range), indicating on-device
capacity sets the quality ceiling. Router choice
induces smaller variations (*5-7 ELO), confirm-
ing framework robustness to substitution. Quali-
tative examples in Appendix H demonstrate how
TRIAD-TS handles profile personalization, ambi-
guity, and task-style conflicts through principled
coordination.

Method T@l T@3 S@1 S@3
CRAYON/CRAYON 0.77 092 0.63 0.82
XPerT/XPerT 0.70 0.89 0.74 0.90
XPerT/CRAYON 0.70 0.89 0.63 0.82
LoraHub/LoraHub 064 084 061 0.79
Ours: TRIAD-TS 0.81 095 0.78 0.93

Table 2: Adapter routing accuracy on TriadBench-TS
Standard test set (N=1,847) using gold human annota-
tions from ESConv. TRIAD-TS is best on both task and
style routing simultaneously.

7 Conclusion

We presented TRIAD-TS, a multi-agent framework
for on-device mental health support achieving joint
task-style optimization through clinically-informed
coordination. On TriadBench-TS (1,847 test ex-
amples, 8 tasks, 12 styles), TRIAD-TS achieves
+41 ELO over XPerT and 52% lower style drift
than CRAYON. Multi-agent role separation proves
essential (34 ELO when removing Communica-
tion Agent), providing explainability through inter-
pretable centroids and adapter weights with cali-
brated abstention. Our work establishes that ther-
apeutic Al requires domain-specific design with
clinical compatibility constraints. Future work
should explore multilingual personalization, feder-
ated training, and human studies validating explain-
ability with clinicians and clients.

8 Limitations

TRIAD-TS is a research framework, not a produc-
tion clinical system. Safety mechanisms reduce
obvious harms but do not guarantee medical cor-
rectness. Our 12 styles cannot represent all cultural
norms or therapeutic modalities. The 8-task tax-
onomy from ESConv, while evidence-based, may



Method G-Eval ELO Avg. G-Eval (1-10) Style-Drift %
CRAYON/CRAYON 1092 &+ 10 6.80 22.4
XPerT/XPerT 1121 £9 7.50 14.7
XPerT/CRAYON 1106 &9 7.01 20.6
LoraHub/LoraHub 1076 = 11 6.61 18.9
Ours: TRIAD-TS 1162 + 8 8.36 10.8

Table 3: Main results on Standard test set (N=1,847). TRIAD-TS achieves +41 ELO over XPerT/XPerT and +70
over CRAYON/CRAYON. Avg. G-Eval is mean over 7 criteria and 2 judges (36,940 total battles). TRIAD-TS
achieves best quality and lowest style drift.

Listen? Empathy? Safetyt Non-judget Clarity T Boundaries? HolisticT

Method Claude Gemini Claude Gemini Claude Gemini Claude Gemini Claude Gemini Claude Gemini Claude Gemini
(task/style)

CRAYON/CRAYON  7.14 6.78 6.58 6.32 7.19 6.91 7.38 7.00 6.82 6.47 6.93 6.57 6.69 6.42
XPerT/XPerT 7.63 7.28 7.92 7.54 7.83 7.47 7.99 7.71 7.18 6.93 7.75 7.41 7.34 7.02
XPerT/CRAYON 7.27 6.98 6.92 6.63 743 7.07 7.58 7.21 6.99 6.69 7.08 6.82 6.87 6.60
LoraHub/LoraHub 6.95 6.57 6.42 6.08 7.08 6.68 7.09 6.79 6.61 6.29 6.77 6.58 6.49 6.14
Ours: TRIAD-TS 8.34 7.98 8.80 8.51 8.63 8.29 8.87 8.61 8.07 7.79 8.66 8.39 8.18 7.92

Table 4: Per-criterion G-Eval scores (1-10 scale; higher is better) from two independent LLM judges. TRIAD-TS

achieves the highest scores on all 7 criteria for both judges.

Hard-OOD Method Proceed Fallback Server Abstain Avg. G-Eval Style-Drift%
split

WOOD s on  aw 0w @ 805 62

Style-OOD %?AYDQ%Hybﬁd ZéZZ 56% 2091;? gZZ ;:ig 291.53

Bo-OOD g ag i 0w m% 79 S%

Table 5: Hard-OOD comparison on ESConv holdout OOD subsets. Proceed: answer with in-pool adapters; Fallback:
safe nearest in-pool style while keeping task; Server: CRAYON-style offload and output replacement; Abstain: ask
targeted clarifications with minimal safe support. TRIAD-TS is more calibrated and achieves higher counseling
quality with substantially lower style drift. Other baselines (CRAYON/CRAYON, XPerT/XPerT, etc.) are omitted
because they lack abstention mechanisms and uniformly proceed (100%), providing no calibration insight.

Variant

G-EvalELO A

Ours: TRIAD-TS (full)
—remove ClinicalAgent
—remove CommAgent
— single-LLM router
— deterministic-only

1162
1142
1128
1135
1091

—20
—34
—27
—71

Table 6: Ablation of multi-agent routing on Standard
test set. Removing CommAgent yields the largest drop,
matching the strong dependence of counseling quality
on style/ethics dimensions.

Architecture G-Eval ELO Typical failure mode

Debate 1139 Over-deliberation;
inconsistent intent
under ambiguity.

Critic-Refine 1131 Style oscillation;
polishing without
re-grounding.

Ours: TRIAD-TS 1162 Best stability via

deterministic integra-
tion.

Table 7: Multi-agent architecture comparison on Stan-
dard test set. TRIAD-TS is best by decoupling intent in-
ference (agents) from deterministic compatibility-aware
composition.



not capture all therapeutic actions required in real-
world practice. While quality-driven abstention
improves reliability, abstaining varies by distribu-
tion: 8.2% on Standard in-distribution test set, but
up to 67% on Task-OOD and 83% on Both-OOD
(Table 5). High OOD abstention rates reflect prin-
cipled uncertainty handling rather than system fail-
ure, but may frustrate users expecting instant re-
sponses across all query types. On-device process-
ing provides strong privacy guarantees for model
inference, though standard privacy-preserving tech-
niques could further strengthen training proce-
dures.
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A Implementation Details

A.1 Offline Pool Construction
Task Embedding.

().

Layer 16 is selected as it balances semantic rich-
ness (early layers encode surface features) with
task-relevant abstraction (late layers specialize for
generation).

aw = M5 )

Orthogonal Basis Update Rule.

accept v iff cos(v,v;) < Torn V7. (10)

We set 7orn = 0.15 to ensure style basis vectors
are approximately orthogonal, reducing style inter-
ference during blending.

Projection for Style Codes.

Vs . Vj T
ZSJ - ij” 3 ~7zs,K]

Y

Zs = (251, -

Low-rank Adapter Conversion.

A, = B,Ag, (Bs, As) = SVD, (reshape(V
(12)
A.2  Online Signals and Server Payload
Signal Extraction.
€ind = INDICATOREXTRACT (X¢lient).  (13)

Indicator extraction uses POS tagging (spaCy) to
identify emotional keywords (anxiety, stress), direc-
tive phrases (should, must), and question markers.

Sstyle = STYLESIGNAL (Xclient)- (14)

Style signals include detected emotional tone (va-
lence, arousal), formality level, and user history
preferences if available.

A.3 Task-Style Compatibility Matrix

The compatibility matrix C € [0, 1]7*!2 encodes
clinical appropriateness between the 7 trained task
categories and 12 therapeutic styles based on estab-
lished counseling frameworks (Hill, 2014; Miller
and Rollnick, 2012). Key entries:

* CQuestion,Empathic = 1.0: Exploration benefits

from warmth

° CQuestion,Confrontational = 0.3: Challenge inappro-
priate during early exploration

))-
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* Csuggestions,Directive = 1.0: Action stage allows
guidance

* CReflection,Mindful 0.95: Present-centered
awareness enhances emotional articulation

® CAfﬁrmation,Strength-Based = 1.0: Natural alignment

A.4 Full Training Details

LoRA Configuration. Each LoRA adapter uses
rank r = 16 with scaling @ = 32. The scaling fac-
tor o/r = 2.0 is intentionally set higher than the
conventional & = r to amplify adapter contribu-
tions during soft mixture training (Eq. 2), ensuring
that low-weight adapters (o, ~ 0.2) still mean-
ingfully influence gradients. This prevents mode
collapse where only the highest-weighted adapter
receives updates.

Training Procedure. We train for F 10
epochs with no early stopping. Validation loss
plateaued consistently around epoch 8-9 in prelim-
inary experiments across all task adapters. Final
checkpoints use epoch 10 weights.

Training hyperparameters:

* Optimizer: AdamW

* Learning rate: 2 x 10~*
Betas: (0.9,0.999)

* Weight decay: 0.01

» Batch size: 32 with gradient accumulation over
4 steps (effective batch size: 128)

e Gradient clipping: max norm = 1.0
* Warmup: 100 steps with cosine annealing

* Precision: FP16 (mixed precision)

Hardware. All experiments conducted on 4x
NVIDIA A100 (40GB). Training time: 6 hours for
task pool, 2 hours per style adapter (24 hours total
for 12 styles).

B Prompts and Data
B.1 Complete List of 50 Probing Prompts

The following prompts were used to generate re-
sponse pairs for style drift computation:

1. “I feel anxious about my upcoming presentation
at work.”

2. “My partner doesn’t understand me anymore.”

3. “I can’t stop thinking about past mistakes.”



19.
20.
21.
22.
23.
24.
25.
26.
27.
28.

29.
30.
31.
32.
33.
34.
35.
36.

. “I’'m having trouble sleeping lately.”
. “I feel like I'm not good enough for this job.”

. “My parents are putting too much pressure on

E3]

me.

. “I’'m worried about my children’s future.”

. “I feel lonely even when I’m with people.”

. “I can’t seem to make important decisions.”
10.
11.
12.
13.
14.
15.
16.
17.
18.

“I’m struggling with my self-image.”

“Work stress is affecting my health.”

“I feel guilty about prioritizing my needs.”

“My relationships always seem to fail.”

“I’m afraid of disappointing others.”

“I can’t control my angry outbursts.”

“I feel stuck in my current life situation.”

“I’m having conflict with my teenage daughter.”

“I feel overwhelmed with all my responsibili-
ties.”

“I’m questioning my life choices.”

“I can’t seem to trust people anymore.”

“I’m procrastinating on important tasks.”

“I feel disconnected from my emotions.”

“My grief is interfering with daily life.”

“I’'m struggling with social anxiety.”

“I don’t know how to set healthy boundaries.”
“I feel hopeless about the future.”

“I’m having intrusive negative thoughts.”

“I can’t communicate effectively with my
spouse.”

“I feel burnout from my career.”

“I’m dealing with a major life transition.”
“I feel ashamed about my past actions.”
“I can’t stop comparing myself to others.”
“I’m experiencing panic attacks.”

“I feel misunderstood by my family.”
“I’m having trouble concentrating.”

“I don’t feel motivated to do anything.”

37.

38.
39.
40.
41.
42,
43.
44.
45.
46.
47.
48.
49.
50.

“I’m dealing with chronic pain and its emotional
toll.”

“I feel like I'm losing my identity.”

“I’m worried about my financial situation.”
“I can’t forgive someone who hurt me.”
“I’'m struggling with perfectionism.”

“I feel resentful in my relationship.”

“I’m having trouble adapting to retirement.”
“I feel inadequate as a parent.”

“I’m dealing with workplace harassment.”

“I can’t move on from a past relationship.”
“I feel trapped in my current circumstances.”
“I’m experiencing culture shock after moving.”
“I don’t know how to manage my stress.”

“I’m questioning my spiritual beliefs.”

B.2 Style Transformation Prompt

You are an expert mental health
counselor skilled in adapting
communication styles while
preserving therapeutic intent.

Original counseling response: "{

original_response}"

Task: Rewrite this response in a {
target_style} style while:
maintaining the core therapeutic
message and intent,

(2) preserving factual accuracy and
appropriateness,
(3) ensuring cultural sensitivity and
ethical boundaries,
(4) only adapting the communication

style and delivery.

B.3 Clinical Assessment Agent Prompt

12

System: You are a licensed clinical
psychologist with 15+ years of
experience 1in evidence-based
treatment planning. Your
expertise includes CBT, DBT, MI,
psychoeducation, and supportive
counseling.

Your task is to analyze client
information and recommend



appropriate therapeutic
intervention priorities based on
clinical presentation and
treatment stage.

Important constraints:

— Do NOT provide medical diagnosis

— Do NOT invent facts not present in
the client context

- If information is missing, make
conservative assumptions

— Output must be valid JSON only

User: Analyze the following client
context and assign priority
scores (0.0--1.0) for each
therapeutic approach.

CLIENT CONTEXT:

- Presenting Concerns: {concerns}
— Session History: {history}

— Current Symptoms: {symptoms}

— Treatment Goals: {goals}

Rate each approach (0.0--1.0):

1) CBT: cognitive restructuring,
behavioral activation

2) DBT: emotion regulation, distress
tolerance

3) MI: explore ambivalence,
strengthen motivation

4) Psychoeducation: explain symptoms/
skills

5) Supportive: validation,
encouragement, stabilization

Output format (JSON only):

{"CBT": <float>, "DBT": <float>, "MI
": <float>, "Psychoeducation": <
float>, "Supportive": <float>}

B.4 Communication Strategy Agent Prompt

System: You are an expert in
therapeutic communication styles
with deep knowledge of person-
centered therapy, evidence-based
communication strategies, and
alliance-sensitive counseling.

Your task is to recommend how the
assistant should communicate (
style/stance), given the client
context and relationship stage.

User: Given the client context below,
rate the appropriateness
(0.0--1.0) of each communication
style.

CLIENT CONTEXT:

— Current Emotional State: {emotion}

— Therapeutic Relationship Stage: {
stage}
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- Session Goals: {goals}

Rate each style (0.0--1.0):

1) empathetic: emotional attunement,
warmth

2) directive: clear structure,
concrete steps

3) validating: normalize and affirm
emotions

4) reflective: deepen insight and
self-awareness

5) confrontational: gentle challenge
(only if alliance strong)

6) supportive: encouragement,
strengths—focus

7) psychoeducational: explain
concepts/skills

8) motivational: evoke change talk,
autonomy-supportive

Output format (JSON only):

{"empathetic": <float>, "directive":
<float>, "validating": <float>, "
reflective": <float>, "
confrontational": <float>, "
supportive": <float>, "
psychoeducational": <float>, "
motivational": <float>}

Style Mapping: The agent outputs 8 descriptors
which map to our 12-style taxonomy via semantic
similarity (see Appendix B.5). Direct mappings in-
clude Empathic <+ empathetic (0.95), Directive <>
directive (1.0), Psychoeducational <+ psychoeduca-
tional (1.0). Styles not directly covered (Mindful,
Narrative) receive blended scores from related de-
scriptors.

B.5 Semantic Matching for Style Mapping

The Communication Agent outputs 8 communica-
tion descriptors: empathetic, directive, validating,
reflective, confrontational, supportive, psychoedu-
cational, motivational. These are not styles them-
selves but dimensional outputs that map to our 12
therapeutic styles. We use Sentence-BERT cosine
similarity for mapping:



Table 8: Mapping from 8 agent descriptors to 12 thera-

peutic styles.

Table 10: ESConv’s eight support strategies mapped to
Hill’s three-stage helping model.

Style (12) Agent Descriptor(s) Sim.
EMPATHIC empathetic 0.95
SOCRATIC reflective + confrontational 0.72
DIRECTIVE directive 1.00
MOTIVATIONAL motivational 1.00
PSYCHOEDUCATIONAL psychoeducational 1.00
MINDFUL validating + reflective 0.78
SOLUTION-FOCUSED  directive + supportive 0.81
NARRATIVE reflective + empathetic 0.76
STRENGTH-BASED supportive + validating 0.88
PERSON-CENTERED empathetic + validating 0.92
COLLABORATIVE supportive + reflective 0.79
INTEGRATIVE blend all descriptors 0.65

Task Category

Therapeutic
Goal

Stage

Question

Open inquiry
to understand
client’s situa-
tion

Exploration

Restatement or Paraphrasing

Reflection of Feelings

Clarify
client’s situa-
tion through
concise
rephrasing

Articulate

Comforting

Comforting

Important distinction: The 8 descriptors (validat-
ing, reflective, supportive, etc.) are agent outputs,
not therapeutic styles. Multiple descriptors com-
bine to form each of the 12 styles listed in Table 12.

C Dataset Construction Details

C.1 Source Dataset Statistics

Table 9: Detailed source dataset characteristics and us-
age.

Dataset Size Avg. Length Details
ESConv

Dialogues 1,053  29.8 uttr/dial ~ 80/20 split

Supporter Uttr. 14,855 20.2 words 8 strategies
MentalChat16K

Interview 9,775 152.9 words

Synthetic (GPT-3.5) 6,338 237.6 words

Combined 16,113  185.4 words 100% train

Avg. Length: ESConv = supporter output only; Men-
talChat16K = (input+output)/2 per QA pair. ESConv has
human-annotated task labels (Fleiss” k = 0.79); Men-
talChat16K labeled via GPT-4-turbo with 20-shot prompt-
ing, verified by clinicians (x = 0.71). ESConv split 80%
train / 20% test; MentalChat16K used entirely for training
(no test labels available).

C.2 Task Category Overview

ESConv (Liu et al., 2021) provides human annota-
tions for eight support strategies grounded in Hill’s
three-stage Helping Skills Theory (Hill, 2014).

C.3 Task Distribution After Labeling
D Therapeutic Style Taxonomy

E Therapeutic Style Taxonomy

F Task Category Definitions

Following Hill’s three-stage Helping Skills
model (Hill, 2014), the ESConv framework (Liu
et al., 2021) defines eight support strategies for
therapeutic conversation.

and validate
emotional
experience

Build al-
liance
through
shared expe-
rience
Validate
strengths and
provide en-
couragement

Self-disclosure Comforting

Affirmation and Reassurance Comforting

Offer
tionable
problem-
solving
advice

Providing Suggestions ac- Action

Provide Action
psychoedu-
cation and

resources

Information

Others Maintain rap- -
port; admin-

istrative tasks

F.1 Exploration Stage

Question Asking for information related to the
problem to help the help-seeker articulate the issues
they face. Open-ended questions are preferred.

* Examples: “Can you tell me more about what
happened?”, “How has this been affecting you?”

F.2 Comforting Stage
Restatement or Paraphrasing A simple, con-

cise rephrasing of the help-seeker’s statements.

* Examples: “So you’re saying that...”, “It sounds
like your main concern is...”

Reflection of Feelings Articulate and describe
the help-seeker’s feelings to demonstrate deep emo-
tional understanding.



Table 11: Complete task category distribution across
datasets (8 categories).

Task Category ESConv MentalChat16K
N % N %
Question 3,109 209 2,747 17.0
Restatement/Paraphrasing 883 59 955 5.9
Reflection of Feelings 1,156 7.8 986 6.1
Self-disclosure 1,396 94 1,521 9.4
Affirmation/Reassurance 2,388 16.1 2,678 16.6
Providing Suggestions 2,323 15.6 2424 15.0
Information 904 6.1 809 5.0
Others 2,696 18.1 3,993 24.8
Total 14,855 100 16,113 100

Table 12: Complete therapeutic style taxonomy with
theoretical foundations.

Style Key Characteristics Foundation (%)

EMPATHIC Reflective, emotionally validat- Rogers (1957) (12)
ing, client-centered

SOCRATIC Questioning, collaborative ex- Beck (2011) (10)
ploration

DIRECTIVE Clear guidance, structured in- Linehan (1993) (9)

terventions

MOTIVATIONAL  Autonomy-affirming, intrinsic Miller & Rollnick

motivation (2012) (9)
PSYCHO- Explains conditions and coping Anderson et al.
EDUCATIONAL strategies (1986) (8)
MINDFUL Present-centered, non- Kabat-Zinn (2003)
judgmental ()
SOLUTION- Goal-oriented, pragmatic de Jong & Berg
FOCUSED problem-solving (2013) (8)
NARRATIVE Story-based, meaning-making White & Epston
(1990) (8)
STRENGTH- Resource-focused, empower- Saleebey (2013) (8)
BASED ing
PERSON- Non-directive, unconditional Rogers (1957) (8)
CENTERED regard

COLLABORATIVE
INTEGRATIVE

Partnership-oriented
Multi-modal, flexible

Anderson (1997) (6)
Norcross & Gold-

fried (2011) (6)

* Examples: “It sounds like you’re feeling over-
whelmed”, “I can hear the frustration in your
voice”

Self-disclosure Divulge similar experiences that
you have had to express empathy and build thera-
peutic alliance.

* Examples: “I've also struggled with this when...”,
“I know how that feels because I experienced...”

Affirmation and Reassurance Affirm the help-
seeker’s strengths and provide reassurance and en-
couragement.

* Examples: “You're showing real strength by
reaching out”, “That’s a completely normal reac-
tion”
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F.3 Action Stage

Providing Suggestions Provide suggestions
about how to change while respecting the help-
seeker’s autonomy.

* Examples: “You might consider trying...”, “Have
you thought about...”, “One option could be...”

Information Provide useful information, data,
facts, resources, or answer questions.

* Examples: “Anxiety often manifests as physical

symptoms like...”, “Research shows that...”
F.4 Other
Others Exchange pleasantries and other support

strategies maintaining rapport.

* Examples: “Thank you for sharing that with me”,
“I’'m glad we could talk today”

G Hard-OOD Examples
G.1 Task-OOD: Other Category
Examples labeled as OTHER include:

e Crisis intervention: “I’m having thoughts of
self-harm and don’t know what to do.”

* Grief counseling: “My mother passed away last
month and I can’t stop crying.”

* Relationship termination: “I need to break up
with my partner but I'm scared.”

¢ Administrative: “Can we reschedule our session
to next Tuesday?”

¢ Pleasantries: “Thank you so much for your help
today.”

These contexts require either abstention (cri-
sis), specialized routing (grief), or minimal sup-
port (pleasantries) rather than standard task adapter
selection.

G.2 Style-OOD: Culturally-Specific
Communication
East Asian (Filial Piety-Oriented).
* Emphasis on family harmony and parental re-
spect
¢ Indirect communication about family conflicts

» Example: “How can I honor my parents while
also setting boundaries for myself?”’



African (Ubuntu-Based).

* Collective framing: “we” vs. “I”
* Community-oriented solutions

* Example: “Our family is struggling, and I need
to find a way to help everyone.”

Grief Expression Norms.

* Irish wake tradition: communal celebration of
life

* Buddhist acceptance: impermanence and letting
go

* Jewish sitting shiva: structured mourning period

G.3 Style-OOD: Technical Communication

Medical Jargon-Heavy. Client with professional

healthcare background requesting clinical terminol-

ogy:

* “I’m experiencing anhedonia and avolition con-
sistent with major depressive disorder.”

* “Can you explain the neurobiological mecha-
nisms of SSRIs?”

Legal-Procedural.
workplace disputes:

Client navigating custody or

* “I need to document this for my attorney. What
should I include?”

* “How do I phrase this in a way that protects my
legal rights?”
H Qualitative Analysis Examples

H.1 Profile-Conditioned Personalization
User Profile:

* Preference: Concise, structured guidance
* Aversion: Overly cheerful or effusive tone

* History: Responds well to concrete action steps

Query: “I'm feeling overwhelmed with work
deadlines.”

TRIAD-TS Response:

It sounds like you’re under a lot of pres-
sure right now. That’s understandable.
Here are two things you might try: (1)
Break your largest task into 15-minute
chunks, (2) Identify one thing you can
delegate or postpone. What feels most
doable?
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Analysis:

e Task: VALIDATION (brief acknowledgment) +
SUGGESTIONS (concrete steps)

* Style: 60% DIRECTIVE + 40% EMPATHIC
» Length: 3 sentences (concise as preferred)

¢ Tone: Warm but not effusive (“That’s understand-
able” vs. “I’m so sorry!”)

H.2 Ambiguity Handling
Query:
TRIAD-TS Response:

“Help me with my project.”

I'd like to help you with your project.
Can you tell me a bit more? Is this a
work project, a personal goal, or some-
thing else? What specific aspect feels
challenging right now?

Baseline (CRAYON) Response:

Projects can feel overwhelming! I recom-
mend breaking it into smaller steps and
celebrating each milestone. You’ve got
this!

Analysis:

* TRIAD-TS correctly abstains from guessing,
asks QUESTION for clarification

* Baseline over-commits to SUGGESTIONS with-
out context, risks mis-framing

H.3 Task-Style Conflict Resolution

Query: “I need coping strategies for my anxiety,
but I don’t want to be told what to do.”

Detected Intent:

e Task: PROVIDING SUGGESTIONS (“coping
strategies’)

e Style: High REFLECTIVE, low DIRECTIVE
(“don’t want to be told”)

* Conflict: Csyggestions,Reflective = 0.6 (moderate
compatibility)

TRIAD-TS Response:

It sounds like you want to explore op-
tions without feeling pressured into a spe-
cific approach. Some people find deep
breathing helpful, others prefer ground-
ing techniques like the 5-4-3-2-1 method.
What’s your sense—would either of these
feel worth trying, or are you looking for
something else?



Analysis:

e Compatibility enforcement: Reweighted 70%
REFLECTIVE + 30% DIRECTIVE

* Presents suggestions as collaborative exploration
(“some people find”)

* Ends with reflective question (“your sense”) to
maintain autonomy

I Detailed Experimental Results

This appendix provides comprehensive break-
downs of experimental results referenced in Sec-
tion 6, including per-criterion evaluation scores and
model robustness analysis.

Key Observations. Interpersonal dimensions
show largest gains. TRIAD-TS achieves its most
substantial improvements over baselines on Empa-
thy and Boundaries, the exact dimensions where
naive adapter composition typically fails:

* Empathy: TRIAD-TS achieves 8.80 (Claude)
and 8.51 (Gemini), compared to the strongest
baseline XPerT/XPerT at 7.92/7.54. This repre-
sents gains of +0.88 and +0.97 respectively, the
largest absolute improvements among all criteria.

* Boundaries: TRIAD-TS achieves 8.66/8.39
vs. XPerT/XPerT’s 7.75/7.41, with gains of
+0.91/40.98. Boundary violations occur when
responses overstep professional limits (e.g., diag-
nosing, prescribing) or fail to maintain therapeu-
tic frame.

* Non-judgmentalness: TRIAD-TS achieves
8.87/8.61 vs. XPerT/XPerT’s 7.99/7.71
(+0.88/+0.90). This dimension captures whether
responses avoid implicit criticism or moralizing.

Clinical utility maintained. Despite strong fo-
cus on interpersonal appropriateness, TRIAD-TS
also improves on task-oriented dimensions:

e Listen: 8.34/7.98 vs. 7.63/7.28 for XPerT
(+0.71/+0.70), indicating responses demonstrate
accurate understanding of client concerns.

e Clarity: 8.07/7.79 vs. 7.18/6.93 for XPerT
(+0.89/+0.86), showing that safety and ethics
gains do not come at the cost of comprehensi-
bility or actionability.

o Safety: 8.63/8.29 vs. 7.83/7.47 for XPerT
(+0.80/+0.82), validating that compatibility en-
forcement and quality-driven abstention success-
fully prevent harmful outputs.
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Holistic quality reflects balanced optimiza-
tion. The Holistic criterion asks judges to rate over-
all counseling effectiveness considering all dimen-
sions. TRIAD-TS achieves 8.18/7.92 vs. XPerT’s
7.34/7.02 (+0.84/+0.90), confirming that gains are
not narrow artifacts but reflect genuinely improved
therapeutic response quality.

Judge agreement. Both judges consistently
rank TRIAD-TS highest across all criteria, with
per-criterion Pearson correlations ranging from
r = 0.87 (Clarity) to » = 0.94 (Empathy), in-
dicating robust evaluation reliability.

I.1 Model Robustness and Deployment Sweep

Table 13 reports TRIAD-TS performance across
different on-device SLLMs and server-side rout-
ing models. This comprehensive sweep vali-
dates that the framework’s core design princi-
ples—orthogonal task-style factorization, multi-
agent coordination, deterministic compatibility en-
forcement—are robust to model substitution and
applicable across realistic deployment configura-
tions.

Experimental Setup. On-device SLLMs. We
evaluate five models spanning 0.5B to 2B parame-
ters, representing realistic mobile deployment con-
straints:

* Qwen2.5-1.5B: Alibaba’s efficient multilingual
model (1.5B params)

Gemma-2-2B: Google’s instruction-tuned com-
pact model (2B params)

Phi-3.5-mini: Microsoft’s small language model
optimized for reasoning (3.8B params, quantized
to 2B equivalent)

Llama-3.2-1B: Meta’s latest compact Llama vari-
ant (1B params)

SmolLM: HuggingFace’s sub-1B parameter
model (0.5B params)

Server routers. We evaluate five high-capability
models as server-side multi-agent coordinators:

* GPT-4-turbo (OpenAl, 2024)
GPT-40 (OpenAl, optimized for speed)

Claude-3-Opus (Anthropic, highest-capability
variant)

Gemini-1.5-Pro (Google, long-context specialist)

Llama-3.1-70B (Meta, open-source alternative)



On-device SLLM  GPT-4-turbo GPT-40 Claude-3-Opus

Gemini-1.5-Pro Llama-3.1-70B

Qwen2.5-1.5B 1162 1165
Gemma-2-2B 1154 1157
Phi-3.5-mini 1141 1144
Llama-3.2-1B 1127 1130
SmolLM (sub-1B) 1110 1113

1157 1152 1149
1149 1143 1140
1137 1131 1127
1122 1116 1112
1106 1100 1097

Table 13: TRIAD-TS G-Eval ELO ratings across 25 deployment configurations (5 on-device SLLMs x 5 server
routers) on Standard test set (N=1,847). The best-performing router for each on-device SLLM is bolded. Main
experiments (Tables 2-3) use Llama-2-7B-Chat as Mg, to establish upper-bound performance before downscaling;
this sweep focuses on mobile-realistic models (0.5-2B parameters) suitable for actual on-device deployment.

Referenced in Section 6.

Each configuration runs on the same test set
(N=1,847) with identical hyperparameters (K =
3, 7=0.1,A=0.5,w=0.6).

Key Findings. On-device SLLM quality is the
primary performance determinant. The vertical
span in Table 13 (52-55 ELO points across on-
device models) substantially exceeds the horizontal
span (5-7 ELO points across routers). This indi-
cates that on-device generation capacity sets the
ceiling for attainable counseling quality. Even with
optimal routing, a weak on-device SLLM cannot
produce high-quality therapeutic responses.

Router choice has consistent but smaller im-
pact. Across all on-device SLLMs, GPT-40 consis-
tently performs best as the server-side router (£2—3
ELO advantage over other routers). This suggests
GPT-40’s instruction-following and structured out-
put capabilities make it particularly well-suited for
multi-agent coordination tasks. However, the mar-
gin is modest: even the weakest router (Llama-
3.1-70B) remains within 13—-16 ELO of the best,
indicating the framework’s structural advantages
(coordinated routing, compatibility enforcement,
quality-driven abstention) persist regardless of spe-
cific router choice.

Framework design principles transfer across
models. All 25 configurations maintain the core
TRIAD-TS advantages over baselines:

* Best joint task-style routing accuracy (verified
on subset of 300 examples per config)

* Lowest style drift rates (§—12% across all configs
vs. 18-24% for CRAYON baselines)

* Superior OOD calibration (abstention rates 5—
10% on Standard, 60-70% on Task-OOD)

This robustness validates that TRIAD-TS’s bene-
fits arise from principled architectural design rather
than fortuitous hyperparameter tuning for specific
models.
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Practical deployment recommendations. For
production systems:

* Prioritize on-device SLLM quality: Invest in
Qwen2.5-1.5B or Gemma-2-2B over smaller al-
ternatives

* Router substitution is safe: If GPT-4o is un-
available, Claude-3-Opus or GPT-4-turbo pro-
vide near-equivalent performance

* Open-source option viable: Llama-3.1-70B as
router sacrifices only 13—16 ELO, making fully
open-source deployment feasible

Comparison to Main Experiments. Main exper-
iments (Tables 2-3) use Llama-2-7B-Chat (7B pa-
rameters) as Mg, to establish a reference baseline
with sufficient capacity for comprehensive evalu-
ation before considering mobile deployment con-
straints. The 7B model achieves ELO 1162 £ 8
with GPT-40 routing.

Mobile-realistic models (0.5-2B parameters)
span a 52-point ELO range: Qwen2.5-1.5B
achieves 1165 (best), while SmolLM achieves 1113
(weakest). Notably, the best mobile configuration
(Qwen2.5-1.5B) slightly outperforms the 7B ref-
erence (+3 ELO), likely due to Qwen’s specialized
instruction-tuning and more recent training data.
This demonstrates that model selection and archi-
tecture matter more than raw parameter count for
therapeutic response quality within the TRIAD-TS
framework.

The 52-point span across mobile models quan-
tifies the inherent tradeoff between extreme on-
device constraints (sub-1B) and realistic mobile
deployment (1-2B parameters), validating that ad-
equate on-device capacity is essential for maintain-
ing counseling quality.
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