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Abstract

Effective emotional support in conversation re-
quires strategic decision making, as it involves
complex, context-sensitive reasoning tailored
to diverse individual needs. The Emotional
Support Conversation framework addresses
this by organizing interactions into three dis-
tinct phases—exploration, comforting, and ac-
tion—which guide strategy selection during
response generation. While multitask learn-
ing has been applied to jointly optimize strat-
egy prediction and response generation, it of-
ten suffers from task interference due to con-
flicting learning objectives. To overcome this,
we propose the Strategy-Aware Refinement
Module (STAR), which disentangles the de-
coder’s hidden states for each task and selec-
tively fuses them via a dynamic gating mecha-
nism. This design preserves task-specific rep-
resentations while allowing controlled infor-
mation exchange between tasks, thus reduc-
ing interference. Experimental results demon-
strate that STAR effectively reduces task in-
terference and achieves state-of-the-art perfor-
mance in both strategy prediction and support-
ive response generation.

1 Introduction

Approximately one in ten people worldwide experi-
ences a mental disorder, yet only 1% of the global
health workforce is dedicated to mental health care,
with the most acute shortages found in develop-
ing countries (Freeman, 2022; Jack et al., 2014;
Collaborators et al., 2022; Rathod, 2017; World
Health Organization, 2021). For instance, while
the global average is about 3.96 psychiatrists per
100,000 people, countries such as Ethiopia (0.04),
Nigeria (0.06), Pakistan (0.19), and India (0.30) fall
drastically below this benchmark (Rathod, 2017;
World Health Organization, 2021). This stark dis-
parity underscores the urgent need for scalable and
accessible forms of support, particularly in low-
resource settings where mental health professionals

(A) An Emotional Support Conversation Example

Q |Currently 1am living in a house with my brother, which i co-own and can not afford to move out. ‘

|(Quesuon) Is living with your brother a bad thing? what specifically is making you upset? | &'

Q ‘Yes itis. he dose not care about anyone but himself. | Conversation Context

(B) Multi-Task Learning of Supportive Response Generation
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(1) Strategy Prediction  (2) Supportive Response Generation

(C) Strategy-Aware Refinement Module
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Figure 1: (A) shows an emotional support conversation
example, highlighting the dual tasks of strategy predic-
tion and supportive response generation. (B) illustrates
the multi-task learning framework, and (C) presents
the STAR module that refines hidden representations to
mitigate task interference.

are scarce. Emotional support, especially when in-
tegrated into community-based and non-specialist-
delivery interventions, has emerged as a critical
component in addressing this global care gap.

To address this shortage, the World Health Orga-
nization (WHO) introduced the mhGAP Interven-
tion Guide, which equips non-specialist providers
in primary care with tools to deliver basic psychoso-
cial interventions, such as structured interviews and
problem solving therapy (Ojagbemi et al., 2022).
The success of such community-based programs
is evident in real-world implementations. In Zim-
babwe, for example, the Friendship Bench program
trained lay health workers to provide emotional
support through problem-solving therapy, reducing
depression to under 14% after six months (Abas
et al., 2020). Similarly, in Pakistan, Lady Health
Workers offering home-based cognitive behavioral
techniques reduced postpartum depression to 27%
compared to 59% in control groups after one year
(Rahman et al., 2023). These examples demon-
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strate that even in the absence of clinical experts,
structured and empathetic emotional support can
significantly improve mental health outcomes.

In response to the global need for scalable mental
health solutions, researchers have begun to explore
artificial intelligence as a promising tool to provide
emotional support, particularly in low-resource en-
vironments (Liu et al., 2021). However, effective
emotional support is not simply a matter of generat-
ing empathetic responses—it requires nuanced un-
derstanding, contextual sensitivity, and adherence
to structured support strategies (Burleson, 2003).

To meet these complex requirements, recent Al
research has turned to multitask learning (MTL)
as a foundational framework for emotional sup-
port systems. MTL enables Al models to jointly
learn multiple interrelated tasks, such as detecting
user emotional state, selecting appropriate support
strategies, and generating empathy responses. This
integrated learning process allows for more context-
aware and consistent support delivery. Notably, sev-
eral recent studies have successfully implemented
MTL architectures to improve the quality and ef-
fectiveness of Al-generated emotional support (Tu
et al., 2022; Zhou et al., 2023; Peng et al., 2022;
Cheng et al., 2022; Zhao et al., 2023; Deng et al.,
2023; Xu et al., 2024; Li et al., 2024a). These
approaches demonstrate that MTL can be a pow-
erful mechanism for aligning Al responses with
structured supportive strategies found in human-
led interventions.

However, while the MTL approach is designed
to leverage shared information across tasks to en-
hance learning efficiency, it can sometimes lead
to adverse effects (Zhao et al., 2018). This issue
arises due to task interference, where the repre-
sentational requirements of different tasks may be
inherently misaligned (Gurulingan et al., 2022a),
or when conflicting gradients from multiple tasks
disrupt the optimization process during backprop-
agation (Yu et al., 2020). As a result, instead of
facilitating knowledge transfer, MTL can some-
times hinder model performance by introducing
conflicts between tasks.

To mitigate task interference, various approaches
have been proposed, including independent subnets
to isolate task-specific representations (Strezoski
et al., 2019), task-specific parameterization to ad-
just the model capacity per task (Kanakis et al.,
2020), and task grouping to cluster related tasks
and reduce negative transfer (Gurulingan et al.,
2022b). However, despite these advancements, ef-

fective interference suppression strategies tailored
to the Emotional Support Conversation (ESC) do-
main—particularly for response strategy selection
and supportive response generation—remain an
open challenge.

To address these limitations, we propose
the Strategy-Aware Refinement (STAR) module,
which effectively mitigates task interference be-
tween strategy prediction and supportive response
generation while leveraging contextual and strate-
gic cues. STAR consists of two key compo-
nents: Strategy-Aware Representation Adjustment
(SARA) and Strategy Refinement (SR). Specifi-
cally, SR splits the decoder’s hidden states into two
separate representations—one dedicated to strat-
egy prediction and the other to supportive response
generation. To prevent unnecessary entanglement
between these two tasks, SARA dynamically in-
tegrates the representations only when necessary,
ensuring that strategy-related signals remain dis-
tinct from linguistic representations. This design
prevents the overmixing of strategy cues with lin-
guistic features, allowing each task to fully exploit
its unique strengths. As a result, our approach ef-
fectively minimizes task conflicts and consistently
outperforms existing methods.

Our work makes two key contributions:

* We provide an in-depth analysis revealing that
existing multitask learning models for emo-
tional support conversations frequently suf-
fer from task interference, characterized by
conflicting gradients and entangled represen-
tations.

* We propose the STAR module, which effec-
tively mitigates interference between strategy
prediction and supportive response generation
by dynamically adjusting hidden state repre-
sentations. Our approach preserves the distinc-
tiveness of strategy-related signals, reducing
negative transfer between tasks.

* By minimizing task conflicts, our approach
improves both strategy prediction accuracy
and the quality of supportive response genera-
tion. Experimental results validate these im-
provements, demonstrating substantial gains
over existing methods.
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Figure 2: Overall architecture of the STAR module for emotional support conversation. Decoder hidden states
from a fine-tuned BlenderBot-Small model are pooled and then fed into two parallel submodules: one computes an

integration value, and the other refines the hidden state.

The STAR uses the integration value to balance the refined

and original hidden states, yielding a strategy-refined state for response generation.

2 Related Work

2.1 Emotional Support Conversation

ESC has gained increasing attention as a dialogue
task that requires models to deliver empathetic, con-
textually appropriate responses aligned with the
user’s emotional needs (Ramirez, 2024; Van der
Zwaan et al., 2012; Zhou et al., 2020). Building on
the phase-based framework of Exploration, Com-
forting, and Action (Liu et al., 2021), recent studies
have explored structured strategy-guided genera-
tion to improve support quality.

2.2 Multitask Learning for ESC

To jointly optimize strategy prediction and re-
sponse generation, most ESC systems adopt MTL
as a central modeling framework. A notable trend
involves enhancing these models with external com-
monsense knowledge via COMET (Bosselut et al.,
2019), enabling improved contextual reasoning and
response alignment (Liu et al., 2021; Tu et al., 2022;
Zhou et al., 2023; Peng et al., 2022; Cheng et al.,
2022; Zhao et al., 2023; Deng et al., 2023; Li et al.,
2024a).

Many studies introduce auxiliary subtasks to re-

inforce strategic alignment. For instance, emo-
tional change prediction (Li et al., 2024a; Zhou
et al., 2023), primary cause identification (Peng
et al., 2023), and backward decoding for historical
context refinement (Xu et al., 2024) have all been
proposed to support better decision making during
response generation. These techniques aim to im-
prove the model’s interpretability and adaptability
in emotionally complex scenarios.

2.3 Task Interference

Despite these advances,multitask ESC models con-
tinue to face task interference, where overlapping
or conflicting gradients between tasks hinder opti-
mization and degrade performance. Common mit-
igation strategies include allocating task-specific
parameters within the encoder(Liu et al., 2019), iso-
lating task-specific subnets (Strezoski et al., 2019;
Kanakis et al., 2020), or grouping related tasks
during training (Gurulingan et al., 2022b).
However, these approaches face fundamental
limitations when applied to the unique setting of
ESC. First, the predicted strategy directly guides
the response generation, resulting in a strong inter-
dependence between the two tasks—unlike general
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MTL settings, where tasks are typically indepen-
dent. Second, strategy prediction must always pre-
cede response generation, making it essential to
preserve the sequential order and ensure accurate
information flow between the tasks.

Consequently, the structural nature of ESC tasks
renders common mitigation strategies ineffective.
For instance, task-specific subnetworks isolate
tasks completely, limiting the necessary informa-
tion exchange between strategy prediction and re-
sponse generation—an interaction that is essential
in ESC. While task grouping may initially seem rea-
sonable given the superficial similarity between the
two tasks, their underlying objectives—strategic
reasoning and linguistic generation—are funda-
mentally different, reducing the effectiveness of
such an approach. Similarly, gradient projection
methods address interference only at the gradient
level, which falls short in ESC, where fine-grained
control and explicit separation at the representation
level are crucial.

Therefore, effective ESC modeling requires an
architecture that separates task representations, in-
tegrates information flexibly, and preserves the se-
quential flow from strategy prediction to response
generation. The STAR module fulfills these needs
by reducing interference and enhancing both strate-
gic alignment and response fluency, making it
a more suitable solution than conventional MTL
methods.

3 Method

3.1 Overview

Emotional support conversation generation in-
volves two tightly coupled tasks: predicting a suit-
able support strategy and generating a contextu-
ally appropriate response. In each decoding cycle,
the model first predicts a strategy token and sub-
sequently generates a response conditioned on it.
This coupling often leads to task interference, as
the two tasks require diverging representational
features.

To address this challenge, we propose the STAR
module, which dynamically regulates task-specific
knowledge integration. By disentangling and se-
lectively fusing hidden states via gating, STAR
minimizes interference and enhances strategic co-
herence during response generation. The model
ultimately maximizes the conditional probability:

maxp(Y | X,s,7), (1)

where X is the dialogue history, s is the situation
description, and 7’ is the refined strategy token
generated by STAR.

3.2 Strategy-Aware Refinement Module

As shown in Figure 2, STAR is integrated into
a BlenderBot-based decoder and consists of two
components: SARA and SR.

Input Processing Given a dialogue context, the
decoder produces hidden states h € R?. A pre-
dicted strategy token s € N is appended to guide
generation. These are then processed by SARA to
extract a global representation.

SARA A shared attention pooling layer first com-
putes the contextual summary:

z = Pooling(h). (2)

This vector is passed through a two-layer feedfor-
ward network with ReLLU and sigmoid activations
to compute a gating value g € (0,1):

g=o0(f(2) 3)

SR The same pooled vector z is transformed into
a refined strategy embedding i = P(z) using a sep-
arate two-layer network. The final representation
for response generation is a gated combination:

W=goh+(1-g)oh. 4)

This formulation enables targeted injection of
strategic information while preserving fluency and
contextual relevance.

3.3 Model Training

To jointly optimize strategy prediction and re-
sponse generation, we define two separate objec-
tives and integrate them via a dynamic weight-
ing scheme. The model generates a response
r = {ry,r2,..., 7y} conditioned on the STAR-
refined strategy token 7/, given input context ¢ and
situation s.

Loss Functions The response generation loss is
defined as the negative log-likelihood:

za
Lry ==Y logp(re | res,¢,s,2),  (5)
t=1

and the strategy prediction loss is:

Lsp = —logp(r' | ¢, s,x). (6)
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Model Cos. Sim. w/ Resp. Loss
BlenderBot-Joint | Strategy - - -
+STAR 0.47 - - -
BlenderBot-Joint Strategy . - -

-0.05 - - -

G E \% CONT

Emstremo

-0.03 -0.01 | 0.02 | -0.07
TransESC STR EMO | SEN -

-0.04 0.01 | 0.01 -

Table 1: Cosine similarity between response loss and
task-specific losses across models. Higher values indi-
cate lower gradient interference and more stable multi-
task optimization.

Dynamic Loss Weighting To handle the differ-
ent convergence rates of the tasks, we use a dy-
namic factor A that increases over training epochs:

log(E +1)
log(Emax)

where F is the current epoch and )\ is a scaling
constant. This allows the model to prioritize fluent
generation early on, and shift attention to strategic
accuracy in later stages.

A= Xo (N

Final Objective The total loss is a weighted com-
bination:

L= (1_)\)»CLM+)\»CST~ (8)

This dynamic multitask setup enables STAR to
progressively align generation with accurate strat-
egy selection, while reducing negative transfer
across tasks.

4 Experiment

In Section 4.1, we present a detailed analysis of task
interference in MTL-based ESC, specifically exam-
ining the impact of auxiliary tasks(e.g., strategy
prediction, emotion recognition) on the primary
task of response generation. We further show that
our proposed method successfully mitigates this
interference. Section 4.2 presents a quantitative
performance evaluation in comparison with bench-
mark models, highlighting the superiority of our
approach for multiple evaluation metrics. In Sec-
tion 4.3, we further validate the effectiveness of
the proposed method through a comparative analy-
sis with approaches based on large language mod-
els. Finally, in Section 4.4, we assess the appro-
priateness of emotional support responses using
the LLM-as-a-judge framework. We perform all

training and evaluation on the ESConv benchmark
dataset (Liu et al., 2021). Full dataset descriptions,
baselines and implementation details are included
in Appendix A, Appendix B and Appendix C.

4.1 Impact of Task Interference in
MTL-Based ESC

Evaluation Methodology Task interference typi-
cally arises from two main sources: gradient con-
flict and representation conflict. To assess its pres-
ence and severity, we conduct both quantitative and
qualitative evaluations.

For the quantitative analysis, we examine the
compatibility of optimization signals between tasks
by computing the cosine similarity between the re-
sponse generation loss and each task-specific loss.
Specifically, for each model, we first backpropa-
gate only the response generation loss and record
the resulting gradient vector. After resetting the gra-
dients, we then backpropagate each of the remain-
ing task-specific losses (e.g., strategy prediction,
emotion recognition) one at a time, recording a sep-
arate gradient vector for each. We then compute
the cosine similarity between the response gradient
and each of these task-specific gradients individu-
ally. Negative similarity values indicate conflicting
directions, while higher similarity values suggest
more compatible learning dynamics in multi-task
optimization.

For the qualitative analysis, we visualize the final
hidden-state representations of three different mod-
els using t-SNE, followed by K-means clustering
(k = 8) to reflect the eight strategy types in the ES-
Conv dataset, allowing us to observe how clearly
the strategies are separated in the representation
space.

Gradient Conflicts Results As shown in Ta-
ble 2, our proposed model, BlenderBot-Joint +
STAR, achieves a significantly higher cosine sim-
ilarity score (0.47) between strategy prediction
and response generation compared to the baseline
BlenderBot-Joint (-0.05). This demonstrates the
effectiveness of the STAR module in reducing gra-
dient conflict and improving task alignment.

In contrast, Emstremo and TransESC show low
or negative similarity scores (e.g., Emstremo: G:
-0.03, CONT: -0.07; TransESC: STR: -0.04), in-
dicating greater task interference. These results
highlight the importance of addressing task inter-
ference in multi-task emotional support models and
show that STAR improves gradient compatibility
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Figure 3: t-SNE visualizations of the final hidden states extracted from three different models. We apply K-means
clustering with £ = 8, reflecting the eight strategy types in the ESConv dataset. As shown, the model variant
employing STAR (middle) achieves more distinct cluster separation, indicating clearer differentiation among
strategies compared to both the baseline (left) and KEMI (right).

Model [ F11 [ PPL] B27T B41 R-L?
SCBG (Xu et al., 2024) - - 5.61 291 14.83
GLHG (Peng et al., 2022) - 15.67 7.57 213 1637
TransESC (Zhao et al., 2023) - 1585 7.64 243 1751
SUPPORTER (Zhou et al., 2023) - 15.37 749 - -

MultiESC (Cheng et al., 2022) - 1541 918 3.09 2041
BlenderBot-Joint (Roller, 2020) 19.23 | 16.15 552 129 1551
MISC (Tu et al., 2022) 19.89 | 16.08 7.62 2.19 1640
Emstremo (Li et al., 2024a) 21.30 | 16.12 822 253 18.04
KEMI (Deng et al., 2023) 22770 | 1634 8.08 260 17.05

Models with STAR

KEMI + STAR 23.17 | 1742 856 2.65 1742
Emstremo + STAR 2248 | 1596 843 228 18.14
BlenderBot-Joint + STAR 2481 | 1596 858 271 17.20

Table 2: Performance comparison of various models on the emotional support conversation task. The table reports
F1 score (1), perplexity (PPL, |), BLEU-2 (B2, 1), BLEU-4 (B4, 1), and ROUGE-L (R-L, 1) metrics. Models with
STAR were reproduced using the proposed method and publicly available code. Specifically, after fine-tuning the
base model, all parameters were frozen except for the STAR module and the shared embedding layer within the
encoder-decoder, which were further trained to integrate the refined strategy into the response generation process.

across tasks.

Representation Conflicts Results Figure 3a in-
dicates that the original BlenderBot-Joint model
struggles with clear task separation, as evidenced
by overlapping cluster boundaries. A similar issue
is observed in the KEMI model (see Figure 3c). In
contrast, Figure 3b shows that applying STAR leads
to distinctly separated clusters with tighter intra-
cluster cohesion, demonstrating its effectiveness in
enforcing task separation. These results confirm
that STAR effectively reduces task interference by
preserving independent and well-structured task
representations.

4.2 Benchmark Performance Comparison

Evaluation Metrics To ensure a fair comparison
with benchmark models on the ESConv dataset, we

adopt the same evaluation metrics. Strategy pre-
diction accuracy is measured using the Macro F1
score. Response fluency is assessed based on Per-
plexity (PPL), where lower values indicate more
fluent and coherent text generation. Content preser-
vation is quantified using BLEU-2, BLEU-4, and
ROUGE-L, which measure the lexical overlap be-
tween the generated responses and the reference
responses.

Results As shown in Table 2, our proposed
method achieves new state-of-the-art performance
across most evaluation metrics for both strategy
prediction and supportive response generation.
When applied to the BlenderBot-Joint model,
the proposed approach yields substantial improve-
ments, achieving a 5.58 percentage point increase
in Macro F1, along with gains of 3.06% in BLEU-2
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Model [ F1 [ B2 B4 R-L D1 D2

BlenderBot-Joint + STAR 2481 | 858 271 1720 2.71 19.38
GPT40-mini (0-shot) 2335 | 3,54 0.66 1213 359 2412
GPT40-mini (5-shot) 23.35 | 397 0.80 1299 3.59 2445
GPT40-mini (10-shot) 2335 | 409 0.79 13.12 359 24.67

using BlenderBot-Joint + STAR as a strategy classifier
SC+GPT40-mini (0-shot) 2481 | 396 0.84 13.08 3.57 23.65
SC+GPT40-mini (5-shot) 2481 | 420 0.87 1377 3.65 25.10
SC+GPT40-mini (10-shot) 2481 | 429 096 1376 3.65 25.12
Fine-tuned LLM on the ESCony dataset
LLaMA2-7B-Chat (Fine-tuned) [ - [ 351 156 10.66 3.15 16.92

Table 3: Experimental results using the GPT40-mini model. The table reports for GPT40-mini in zero-shot, 5-shot,
and 10-shot settings, both when used directly and when combined with a strategy classifier (SC)

Judge Model Cl Cc2 C3 C4  Overall
LLaMA2-7B-Chat (Fine-tuned) 698 9.33 6.02 5.90 7.06

GPT-4.1-mini BlenderBot-Joint + STAR 761 9.76 7.12 6.86 7.84
GPT40-mini 6.70 954 754 6.62 7.60
LLaMA2-7B-Chat (Fine-tuned) 7.82 9.12 7.30 7.62 7.96

GPT-3.5-turbo  BlenderBot-Joint + STAR 8.66 9.70 8.14 8.46 8.74
GPT40-mini 884 980 854 8.72 8.97

Table 4: Evaluation of different LLM judges on four criteria (C1-C4) and overall score. Each value represents the

average score (0—10 scale).

(B2), 1.42 percentage points in BLEU-4 (B4), and
1.69 percentage points in ROUGE-L (R-L) com-
pared to the original BlenderBot-Joint model. Sim-
ilar performance improvements were also observed
in the KEMI and Emstremo models.

These results indicate that the proposed method
consistently enhances performance when inte-
grated into various ESC models, demonstrating its
adaptability and effectiveness across different ar-
chitectures. For a detailed case study of generated
responses, please refer to Appendix E.

4.3 Evaluation on Large Language Models

Evaluation Metrics Strategy prediction accu-
racy is measured using the Macro F1 score. Re-
sponse fluency is assessed based on Perplexity
(PPL), where lower values indicate more fluent
and coherent text generation. Content preserva-
tion is quantified using BLEU-2, BLEU-4, and
ROUGE-L, which measure the lexical overlap be-
tween the generated responses and the reference
responses.Response diversity is evaluated through
Distinct-n (D1 and D2) (Deng et al., 2023; Liu
et al., 2021; Tu et al., 2022), which compute the
ratio of unique n-grams to total n-grams, reflecting
lexical variety and reducing generic responses.

Results As shown in Table 3, responses gener-
ated by GPT-40-mini yield lower similarity scores
compared to those from our proposed method and

other state-of-the-art approaches. However, GPT-
40-mini demonstrates superior response diversity,
as indicated by higher D1 and D2 scores. This high-
lights a trade-off between lexical diversity and refer-
ence alignment, suggesting that increased variabil-
ity may reduce similarity with human-annotated
ground truths.

Furthermore, when our method is applied to the
BlenderBot-Joint model as a strategy classifier, it
yields an average improvement of 0.42% in BLEU-
2,0.18% in BLEU-4, 0.06% in D1, 0.65% in D2.
These results indicate that our approach not only
preserves response diversity but also enhances sim-
ilarity and consistency through strategy-aware cali-
bration.

We also evaluated a LLaMA2-7B-Chat model
fine-tuned on the ESConv dataset to compare
fully supervised large language model performance.
While it exhibited strong lexical diversity with
D1 and D2 scores of 3.15 and 16.92, its BLEU-
2 (3.51), BLEU-4 (1.56), and ROUGE-L (10.66)
scores were substantially lower than those of our
STAR-applied BlenderBot-Joint model. These re-
sults underscore the limitations of generic fine-
tuning and emphasize the advantage of strategy-
aware response modeling.
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4.4 Appropriateness of Emotional Support
Responses

Evaluation Methodology We evaluate the ap-
propriateness of emotional support responses us-
ing the Emotional Generation Score (EGS). In this
framework, a large language model (LLM), such as
GPT-3.5, serves as the evaluator and assigns a score
from 1 to 10 for each response based on predefined
criteria. The full evaluation prompt and the four
criteria (C1-C4) used in this process are detailed
in Appendix D.

EGS has been validated in prior work (Li et al.,
2024b), demonstrating that LLM-generated scores
closely align with human expert judgments. In our
experiments, we adopt the same evaluation prompt
as the prior study. Furthermore, to ensure a more
comprehensive and robust evaluation, we assess
response quality using both GPT-3.5 and the latest
GPT-4.1-mini model under the same criteria.

Results Under the GPT-4.1-mini evaluation,
BlenderBot-Joint + STAR achieved the highest
overall score (7.84) among all models. It performed
especially well in suppressing negative emotions
(C2: 9.76) and providing emotional support (C3:
7.12), showing the effectiveness of the STAR mod-
ule in enhancing emotional appropriateness. The
model also maintained solid scores in relevance
(C1: 7.16) and constructiveness (C4: 7.32). In the
GPT-3.5-turbo setting, BlenderBot-Joint + STAR
ranked second overall (8.74), just behind GPT4o-
mini (8.97), with a small gap of only 0.23 points.

Despite its smaller architecture, BlenderBot-
Joint + STAR delivers performance comparable to
that of a much larger model, confirming the STAR
module’s effectiveness in producing emotionally
balanced and constructive responses.

5 Conclusion

This study proposes the Strategy-Aware Refine-
ment (STAR) module to address the issue of task in-
terference that arises in multitask learning for Emo-
tional Support Conversations (ESC). To alleviate
representational conflicts between the distinct tasks
of strategy prediction and supportive response gen-
eration, STAR separates the hidden representations
of each task and selectively integrates necessary
information through a dynamic gating mechanism,
thereby promoting effective task alignment.

The effectiveness of the proposed STAR module
is empirically validated through both quantitative

and qualitative experiments: 1) The gradient simi-
larity between strategy prediction and response gen-
eration increased from -0.05 to 0.47 after applying
STAR, confirming enhanced training stability and
reduced task conflict. 2) t-SNE-based visualization
showed clearer cluster boundaries among strategies,
indicating a visual improvement in representational
separation. 3) When STAR is integrated into ex-
isting ESC models (e.g., BlenderBot-Joint), the F1
score improved by 5.58 points, and consistent per-
formance gains were observed across BLEU and
ROUGE metrics. 4) In qualitative evaluations using
the LLM-as-a-Judge framework, STAR-enhanced
models demonstrated comparable or superior re-
sponse quality to large-scale models such as GPT-
4o-mini, underscoring their efficiency and practical
competitiveness.

These findings suggest that the STAR module
enhances both strategic coherence and emotional
appropriateness, while maximizing the effective-
ness of multitask learning within a lightweight ar-
chitecture.

Limitations

We acknowledge the following limitations in our
study:

* To the best of our knowledge, this is the first
study to systematically analyze task interfer-
ence in ESC. As such, the proposed evalua-
tion metrics may require further refinement
for more robust future assessments.

* Our study does not focus on leveraging large
language models or exploring various prompt-
based in-context learning techniques. How-
ever, as indicated in Table 3, incorporating
effective prompt-based methods could signifi-
cantly enhance performance.

The proposed method relies on a gating mech-
anism to dynamically regulate task-specific in-
formation flow. However, if the gate network
fails to optimally balance integration under
varying conditions, performance may degrade.
While this issue was not observed on the ES-
Conv dataset (Table 2), further validation on
diverse datasets is necessary. Constructing
new datasets tailored for ESC systems would
be valuable for assessing generalization.
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Ethical and Societal Implications

Mental health disorders affect approximately one
in ten people globally, yet only 1% of the global
health workforce is dedicated to mental health care,
with the shortage most acute in developing coun-
tries. For example, countries such as Ethiopia
(0.04), Nigeria (0.06), Pakistan (0.19), and India
(0.30) report psychiatrist densities far below the
global average of 3.96 per 100,000 population.

The lack of accessible mental health care con-
tributes to worsening symptoms, persistent stigma,
and exclusion from economic and social participa-
tion. Untreated mental illness reinforces cycles of
poverty and marginalization, with long-term con-
sequences for individuals, families, and national
development. Experts predict that by 2030, de-
pression will rank as the third leading cause of dis-
ease burden in low-income countries, and second
in middle-income countries.

To address this disparity, the WHO introduced
the mhGAP Intervention Guide, enabling non-
specialist providers to deliver structured psychoso-
cial interventions at the primary care level. Real-
world implementations such as the Friendship
Bench in Zimbabwe and the Lady Health Workers
program in Pakistan have demonstrated the effec-
tiveness of community-based emotional support in
reducing depression and postpartum depression.

Building on these successes, researchers have
begun to explore the potential of Al to deliver emo-
tional support in low-resource settings. Our pro-
posed STAR module aims to address task interfer-
ence in emotional support dialogue systems, im-
proving performance through architectural refine-
ment. Notably, our lightweight STAR-enhanced
models achieve competitive or superior results com-
pared to large-scale language models, highlight-
ing their suitability for real-time applications in
resource-constrained environments. This suggests
that strategy-aware, efficient Al systems may serve
as viable solutions for bridging the mental health
treatment gap in underserved populations.
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Appendix
A Datasets

We evaluated our model using the ESConv bench-
mark dataset, which contains 1,300 dialogues and
a total of 38,365 utterances, each annotated with
eight distinct support strategies. This dataset serves
as a well-established benchmark for assessing emo-
tional support conversation systems, providing a
structured setting for evaluating both strategy pre-
diction and supportive response generation.

B Baselines

To assess the effectiveness of our approach, we
compared it against a range of state-of-the-art mod-
els previously evaluated on the ESConv benchmark.
For models with publicly available code, we repro-
duced their implementations and evaluated them
under identical conditions. Baseline models in-
clude BlenderBot-Joint (Roller, 2020), MISC (Tu
et al., 2022), SUPPORTER (Zhou et al., 2023),
GLHG (Peng et al., 2022), MultiESC (Cheng et al.,
2022), TransESC (Zhao et al., 2023), SCBG (Xu
et al., 2024), KEMI (Deng et al., 2023), and Em-
stremo (Li et al., 2024a). These baselines cover
diverse architectures, from multitask frameworks
to knowledge-enhanced models for emotional sup-
port generation.

We also conducted experiments with GPT4o-
mini (OpenAl et al., 2024) under zero-, five-, and
ten-shot settings. In one configuration, GPT4o-
mini performed both strategy prediction and re-
sponse generation simultaneously. In another, the
best-performing model from our experiments was
used as a strategy classifier to provide strategy la-
bels for GPT40-mini’s response generation. We
also included a LLaMA2-7B-Chat (Touvron et al.,
2023) model fine-tuned on ESConv to assess perfor-
mance in a fully supervised large language model
setting.

C Implementation Details

For our experiments, we fine-tuned the
BlenderBot-Small model under carefully
optimized hyperparameters. The model was
trained with a learning rate of 3 x 1075, employing
a linear warmup strategy with 120 warmup steps.
To manage input constraints, we set the maximum
input sequence length to 160 tokens and the
maximum target sequence length to 40 tokens.

During decoding, we applied Top-p sampling

LLM-as-a-Judge Prompt for Emotional Sup-
port Evaluation

[System]

You are an expert in emotional psychology and
you can accurately assess people’s emotional
states.

[Prompt]

The above is a conversation between the
"speaker" and the "listener". Now "speaker"
needs to make an appropriate response to "lis-
tener". Here are some optional responses, please
evaluate the quality of EACH response based on
the following criteria. Assign a score from 1 to
10 for each criterion, with higher scores indicat-
ing better alignment with the criteria.

[Criteria]

<C1> The speaker’s response should be relevant
to the context.

<C2> The speaker’s response should not imply
negative emotions toward anyone or anything,
such as disgust, resentment, discrimination, ha-
tred, etc.

<C3> The speaker’s response should reflect pos-
itive emotions, such as happy, empathy, support,
advice, encouragement, comfort, etc.

<C4> The speaker’s response should have a pos-
itive impact on the progress of the conversation,
e.g., alleviate negative feelings on both sides and
enhance the relationship.

Output Format:
Please return your answer as a JSON object with
keys: Cl1, C2, C3, C4.

Table 5: Prompt used to guide LLM judges in evaluating
response quality across four emotional support criteria.

(p = 0.3) and Top-k sampling (k¥ = 30), with a
temperature setting of 0.7 to control response
randomness and a repetition penalty of 1.03 to
mitigate excessive repetition in generated text. The
optimization process was carried out using the
AdamW optimizer, configured with 5; = 0.9
and B2 = 0.999, while the loss function was
modulated with a gamma value of 0.8, ensuring
effective gradient scaling throughout training. All
experiments were conducted on a single NVIDIA
RTX A6000 GPU with a batch size of 128, and
training was performed for a total of 10 epochs.
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Case 1

Case 2

Seeker: “okay i will try this and see if this works.
shall i also try walking or exercsing”

Supporter: “yeah, anything to take your mind of
it:)”

Strategy: Affirmation and reassurance

Seeker: “most of my old friends are no longer
around...”

Supporter: “social networks online, you can con-
nect with family or old coworkers. and post pic-
tures and see what other people are doing with their
lives.”

Strategy: Information

BlenderBot-Joint: “yes, that’s a great idea!”

BlenderBot-Joint + STAR: “yes, that is a great
idea. you can also try to meditate in the morning,
it is a good way to relax and get your mind off of
things.”

KEMI: “yes, i think that is a great idea. exercise
is a good way to relax”

KEMI + STAR: “yes, that is a great idea. exercise
is great for releasing endorphins and releasing end-
pressants”

Emstremo: “Yeah, anything to take your mind of
it:)”

Emstremo + STAR: “i know that it can be a chal-
lenge, but it’s a of who knows what you could
possibly do with such talents!”

BlenderBot-Joint: “you can join new groups and
meet new people. there are many online forums
out there.”

BlenderBot-Joint + STAR: “There is a social me-
dia platform that you can use to chat with people.”

KEMI: “i understand. i’m sure you’ll find some-
one.”

KEMI + STAR: “i understand. i think you are
going through a tough time. i’m sure you will find
the way in online.”

Emstremo: “i’m glad to hear that!”

Emstremo + STAR: “It’s a social networking site
that lets you connect and chat with other people.”

Table 6: Two example cases illustrating how different models respond to user queries under distinct situations. The
first case focuses on exercise as a coping strategy, while the second highlights social networking for maintaining

connections.

D LLM Evaluation Prompt

Appendix Table 5 presents the complete prompt
used to guide LLM-based evaluators in the Emo-
tional Generation Score (EGS) framework. The
prompt is structured to simulate an expert evalua-
tor in emotional psychology, capable of assessing
the quality of support responses from a human-
centered perspective.

The [System] role specifies the evaluator’s as-
sumed identity and expertise, reinforcing the
LLM’s framing as an emotionally competent judge.
The [Prompt] section introduces the evaluation task
and instructs the model to score each candidate re-
sponse according to four predefined criteria. These
criteria—C1 (relevance), C2 (absence of negative
affect), C3 (presence of positive affect), and C4
(constructive conversational impact)—ensure that
responses are not only empathetic but also contex-
tually appropriate and socially supportive. Lastly,
the [Output Format] instructs the model to return
scores in a structured JSON object, enabling auto-

mated aggregation and analysis across large-scale
response sets.

E Case Study

Table 6 presents two case studies comparing re-
sponses generated by three baseline models and
their counterparts after applying our proposed
method. Overall, responses generated with STAR
exhibit stronger alignment with designated support
strategies, ensuring more contextually appropriate
and strategically coherent interactions.

In the first case, responses incorporating our
method effectively implement the “Affirmation and
Reassurance” strategy. These responses not only
provide encouragement and support but also in-
clude concrete recommendations—such as exercise
and meditation—yielding a more thoughtful, con-
textually appropriate interaction. In contrast, base-
line models lack this level of strategic refinement.
For instance, the BlenderBot-Joint model merely
expresses agreement without added guidance, the
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KEMI model notes the benefits of exercise but
lacks elaboration, and the Emstremo model, while
encouraging, introduces contextually misaligned
content that may reduce response effectiveness.

A similar pattern appears in the second case,
where our method effectively applies the “Infor-
mation” strategy by offering relevant details and
actionable guidance to help users form new social
connections. In contrast, baseline models fall short
of fully applying the strategy, yielding responses
lacking practical guidance and failing to maximize
engagement.

These case studies show that STAR not only pre-
serves response diversity but also improves strate-
gic calibration, enabling more effective, coherent,
user-centered interactions. This underscores the
importance of strategy-aware refinement in ESC,
highlighting its potential to greatly enhance both
conversational quality and strategic fidelity.
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