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Abstract
Emotional Support Conversations (ESC) aim to both reduce users’ emotional distress and facilitate problem-solving.
Recent approaches in ESC have explored incorporating commonsense knowledge into large language models
(LLMs) to improve response generation. However, existing commonsense reasoning models often rely solely on
the final utterance, fail to anticipate future turns, overlook emotional cues, or treat knowledge types independently,
resulting in incoherent or emotionally misaligned responses. To address these limitations, we propose an
approach grounded in Theory of Mind (ToM). Specifically, we introduce MENTOS, a dataset that provides turn-level
annotations of the assistant’s mental states (Belief, Emotion, and Intent), organized in a causal structure reflecting
psychological principles. A commonsense reasoning model trained on MENTOS predicts these mental states
as intermediate reasoning signals that guide response generation. Experiments on the ESConv and ExTES
datasets show that incorporating the inferred mental states can enhance supportive and goal-directed response
generation across multiple reasoning backbones and response generators. Ablation studies further confirm
that Belief, Emotion, and Intent provide complementary benefits for ESC tasks. These findings highlight the ef-
fectiveness of ToM-grounded intermediate reasoning in generating empathetic and contextually appropriate responses.

Keywords: Conversational Systems, Knowledge Discovery/Representation, Emotion Recognition/Generation

1. Introduction

Task-oriented dialogue systems have traditionally
been developed to support users in goal comple-
tion through conversational interaction (Chen et al.,
2017; Ni et al., 2023). Among these, Emotional
Support Conversations (ESC) have gained promi-
nence, as they can provide both practical guidance
for problem solving and emotional relief to users
(Heaney and Israel, 2008; Liu et al., 2021). The
importance of automated ESC systems is further
underscored by the fact that nearly one billion peo-
ple worldwide face mental health challenges while
access to professional care is limited by therapist
shortages, stigma, and other barriers (Wu et al.,
2023a; Qiu and Lan, 2025).

With large language models (LLMs) recently
demonstrating strong zero-shot and few-shot perfor-
mance in natural language generation (NLG) (Tou-
vron et al., 2023; Dubey et al., 2024; OpenAI et al.,
2024), LLM-based approaches for ESC have fo-
cused on improving the contextual appropriateness
of responses. Among these, one approach involves
injecting commonsense knowledge from reason-
ing models into LLM-based response generators,
using it as intermediate reasoning signals to gen-
erate more supportive and contextually grounded
responses (Chae et al., 2023). However, such com-
monsense reasoning models still face several limita-
tions, including overreliance on single-turn context,
lack of future-aware reasoning, failure to capture
users’ emotional reactions, and fragmented rea-
soning due to independently generated knowledge

types (Li et al., 2024; Wang et al., 2025). These rea-
soning models often generate irrelevant or inaccu-
rate commonsense knowledge, which can interfere
with producing emotionally supportive responses.

To address these challenges, we propose a new
framework grounded in psychological research, em-
phasizing the need to model the reasoning pro-
cesses that underlie supportive communication
(Cologon et al., 2017; Lüdemann et al., 2021).
Building on this perspective, we draw on the con-
cept of Theory of Mind (ToM), which refers to the
ability to understand both one’s own and others’
mental states (Wellman et al., 1990). To endow
commonsense reasoning models with the ToM
capability needed for effective emotional support,
we introduce MENTOS, a Mental state Extraction
dataset for ToM-based reasoning.1 It provides turn-
level annotations of the assistant’s mental states
(Belief, Emotion, and Intent) in multi-turn dialogues,
organized in a causal sequence informed by psy-
chological studies (Beck et al., 2005; Thagard and
Stewart, 2011; Gandhi et al., 2023). Each men-
tal state captures the assistant’s understanding of
the client’s situation, as well as the assistant’s own
emotional reactions and intended actions. We then
train a commonsense reasoning model on MEN-
TOS to predict these mental states. The predicted
states are subsequently injected into an LLM-based
response generator alongside the dialogue history,
guiding it to produce follow-up responses that are

1The MENTOS dataset and implementation code are
available at https://github.com/KUNLP/MENTOS.

https://github.com/KUNLP/MENTOS
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both emotionally grounded and oriented toward
problem solving.

To evaluate the effectiveness of MENTOS-
trained models in ESC tasks, we address the fol-
lowing research questions (RQs):
RQ1: Does a commonsense reasoning model
trained on MENTOS improve the contextual ap-
propriateness and emotional supportiveness of
generated responses? To answer this question,
we compare responses generated using common-
sense knowledge from existing reasoning models
and the MENTOS-trained model, focusing on how
each influences response quality as evaluated by
automatic metrics and G-Eval (Section 5.2).
RQ2: Do MENTOS-trained models consistently
enhance response quality for ESC across vari-
ations in commonsense reasoning backbones
and response generators? We compare their per-
formance using different reasoning backbones and
multiple LLMs as response generators, suggesting
that the effectiveness of MENTOS is not tied to a
specific model architecture (Section 5.3).
RQ3: Do the three mental states provide com-
plementary benefits for representing dialogue
context in ESC? We verify this through ablation
studies that remove each mental state and com-
pare response quality, analyzing the roles of Belief,
Emotion, and Intent (Section 5.4).

Our major contributions are as follows:

• We introduce MENTOS, a dataset annotated
with the causal structure of the assistant’s men-
tal states, grounded in ToM.

• We train a commonsense reasoning model
on MENTOS to infer mental states that guide
response generation toward greater emotional
grounding and contextual appropriateness.

• Experiments demonstrate the effectiveness
of MENTOS and the complementary roles of
mental states.

2. Related Work

2.1. Commonsense Reasoning for
Response Generation in Dialogue

Commonsense knowledge is frequently framed
less as a fixed set of defining features and more
as implicit human understanding of basic facts, ev-
eryday situations, and social and emotional cues
that help people reason about others’ likely mental
states and actions (Liu and Singh, 2004; Sap et al.,
2019). Under this broad usage, commonsense
knowledge in interactive settings often involves in-
ferring latent factors such as causes, motivations,
emotions, and intents to explain and predict ev-
eryday behavior. Several studies leverage such

commonsense knowledge as intermediate reason-
ing signals to generate contextually appropriate
responses in dialogue. A representative common-
sense reasoning model, COMET (Bosselut et al.,
2019), has been widely applied to various NLG
tasks, including dialogue systems (Li et al., 2024;
Xu et al., 2024b,c). However, its commonsense
reasoning in ESC often relies primarily on the last
utterance, failing to incorporate broader dialogue
context.

To address this limitation, dialogue-specific mod-
els such as DIALeCT (Shen et al., 2022) and DOC-
TOR (Chae et al., 2023) take multi-turn dialogues
as input to enable more faithful commonsense rea-
soning. Nonetheless, DIALeCT, which is trained on
complete and static dialogue histories, may strug-
gle to anticipate the future course of a dialogue
(Wang et al., 2025). Because a single dialogue
history can support multiple appropriate responses,
its commonsense reasoning is prone to contex-
tual misalignment (Liu et al., 2022). DOCTOR per-
forms multi-hop reasoning by selecting one com-
monsense knowledge type at each hop. Because
it does not explicitly control these knowledge types
(Finch and Choi, 2025), the resulting sequence
may omit knowledge relevant to the user’s emo-
tions and weaken emotion inference. Sibyl (Wang
et al., 2025) further generates multiple types of com-
monsense knowledge, but models each type inde-
pendently, which can lead to incoherent reasoning.
These challenges highlight the need for a common-
sense reasoning model trained on a dataset that
organizes diverse knowledge types into causal se-
quences for each turn-level assistant utterance in
ESC.

2.2. From ToM to Practical Modeling
ToM is the cognitive capability to infer and under-
stand one’s own and others’ mental states (e.g., Be-
lief, Emotion, Desire, and Intent) and to use these
states to interpret and predict actions (Wellman
et al., 1990). This ability is especially important in
ESC settings and counseling scenarios between
the client and the assistant, where the assistant
needs to track both their own and the client’s men-
tal states to provide effective emotional support
and achieve therapeutic outcomes (Cologon et al.,
2017; Lüdemann et al., 2021).

This importance is further reflected in the causal
structure among mental states: Belief influences
Emotion, and together with Desire, these states
shape Intent, which in turn guides the selection
of appropriate supportive strategies. Psychologi-
cal research substantiates this structure, showing
that Emotion arises from Belief about events (Beck
et al., 2005; Xu et al., 2024a) and that cognitive
appraisal combined with physiological states drives
Intent (Thagard and Stewart, 2011; Thagard and
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Figure 1: MENTOS construction where each mental state is generated based on the preceding one.

Schröder, 2014; Bagozzi et al., 2016). However,
many existing approaches omit critical mental state
components such as Emotion or Intent. For exam-
ple, studies that exclude Emotion (Gandhi et al.,
2023; Frering et al., 2025) often fail to capture nu-
anced affective cues, a limitation further exacer-
bated by LLMs’ difficulties in emotional understand-
ing and application (Sabour et al., 2024). Likewise,
omitting Intent (Xu et al., 2024a) can undermine
the assistant’s supportive strategy, which is impor-
tant given the close relationship between Intent and
strategy (Cao et al., 2025).

Despite the importance of ToM capabilities for
effective emotional support, recent evaluations in-
dicate that LLMs still exhibit limited ToM reasoning
(van Duijn et al., 2023), thereby constraining their
ability to generate emotionally attuned responses
in their role as assistants in ESC. Accordingly, we
provide LLMs with explicit representations of as-
sistants’ mental states within multi-turn dialogue
contexts as intermediate reasoning signals to com-
pensate for their lack of inherent ToM capabilities.

3. MENTOS Construction

We present MENTOS, a commonsense knowledge
resource derived from the ESConv dataset, which
consists of 1,300 dialogues between emotionally
distressed clients and supportive assistants based
on Helping Skills Theory (Hill, 1999). It explic-
itly annotates each assistant utterance with ToM-
grounded mental states, inferred from the dialogue
history up to the client’s last utterance and preced-
ing the assistant’s response. This allows tracing
how the assistant’s mental states guide empathic
interaction (Wu et al., 2023b).

MENTOS adopts a turn-level annotation scheme
to address the limitations of prior commonsense
reasoning approaches that rely on static and com-
pleted dialogue histories. In this scheme, each
annotation is generated by conditioning on both the

# Dialogues # Annotated turns #B #E #I
Train 909 8,959 34.05 22 33.63
Dev 195 1,907 34.10 22 33.55
Test 196 2,051 34.05 22 33.53

Table 1: Statistics of the MENTOS dataset. #B
and #I denote the average number of words in the
Belief and Intent annotations, respectively, and #E
represents the number of emotion categories.

dialogue history up to the client’s utterance at the
t-th turn and the corresponding assistant response,
ensuring alignment with conversational interaction
and enabling future-aware reasoning (Wang et al.,
2025). Each annotation consists of three mental
states (i.e., Belief, Emotion, and Intent) as target
knowledge types, organized in a causal sequence
that reflects their interdependencies. This design
enables MENTOS to capture emotional cues and
causal relationships between knowledge types that
are often overlooked by prior reasoning models.
Table 1 summarizes MENTOS dataset statistics.

Annotation begins from the second turn of each
dialogue, since the first turn is always a greeting.
As illustrated in Figure 1, we provide GPT-4o with
a prompt composed of five input components: (1)
the dialogue history, (2) the assistant’s response at
the t-th turn, (3) the Assistant Mental States com-
ponent, (4) the Question component, and (5) the
Constraint component. The temperature is set to 0
to ensure reproducibility, and role-playing prompts
are used to simulate the assistant’s reasoning pro-
cess (Tao et al., 2024; Ye et al., 2025; Wu et al.,
2025). Each data sample in MENTOS consists of
the dialogue history, the assistant’s response, and
the corresponding turn-level annotation.

Belief is the initial mental state in the causal
sequence, representing what the assistant infers
about the client’s situation and condition from the
dialogue history (Perner and Wimmer, 1985; Baron-
Cohen et al., 1985). Accordingly, the Assistant
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Mental States component is not included in the
prompt at this stage, as shown in Figure 1. The
Constraint component instructs the model to pro-
duce the Belief as a single, concise sentence (max-
imum 40 words).

Emotion reflects the assistant’s emotional reac-
tion in their response (Reisenzein, 2009), shaped
by the dialogue context and the preceding Belief,
which is included in the Assistant Mental States
component. Unlike Belief or Intent, Emotion is an-
notated quantitatively rather than textually. Based
on Plutchik’s wheel of emotions (Plutchik, 1982),
we adopt a 0–3 scale for eight basic and fourteen
mixed emotions, indicating increasing levels of af-
fective intensity (e.g., none, relief, joy, and ecstasy
along the continuum of joy). Mixed emotions, which
are combinations of basic emotions (e.g., Hopeless-
ness combines Sadness and Fear) (Sabour et al.,
2024), are included only when each constituent
basic emotion score is ≥ 2 or explicitly mentioned.
This ensures a fine-grained representation of emo-
tional intensity and complexity. The Constraint com-
ponent specifies a structured format for assigning
scores to each emotion category, for example: [Ba-
sic] Sadness (opposite Joy): <score>, Disgust (op-
posite Trust): <score>, . . . [Mixed] Hopelessness
(sadness + fear): <score>, . . .

Intent captures the strategic purpose and ac-
tion underlying the assistant’s last utterance, in-
ferred from preceding Belief, Emotion, and De-
sire (Baker et al., 2011; Frering et al., 2025). De-
sire, which reflects the assistant’s motivational ori-
entation (Neuenschwander et al., 2018), is repre-
sented as a fixed text rather than dynamically in-
ferred, since in ESC, Desire consistently aims to
reduce the client’s emotional distress and support
coping with challenges throughout the dialogue (Liu
et al., 2021). It is combined with Belief and Emotion
in the Assistant Mental States component, thereby
structuring the causal sequence. Similar to Belief,
the Constraint component requires the model to
generate a clear and concise sentence. The com-
plete prompt design is provided in Appendix A.

To evaluate annotation quality, we randomly sam-
pled 100 dialogues, corresponding to 1,032 turn-
level annotation instances, which were assessed
by four annotators. As shown in Table 2, each men-
tal state was evaluated on four criteria using a 1–3
scale derived from ESC and psychological research
(Swettenham, 1996; Ghosal et al., 2022; Chae et al.,
2023; Wang et al., 2025; Frering et al., 2025; Cao
et al., 2025), where 1 indicates the criterion is not
met, 2 indicates partial fulfillment, and 3 indicates
full alignment. Overall, the average score across all
criteria was 2.86, suggesting that the annotations
were consistently of high quality. To assess inter-
annotator reliability, we adopted Gwet’s AC1 (Gwet,
2002), as it is robust under skewed annotation dis-

Evaluation Criteria Score Gwet’s
AC1

Belief

Contextual Appropriateness 2.87 0.76
Grounding in Client’s State 2.89 0.80
Relevance to Assistant’s Response 2.83 0.69
Depth of Inference 2.82 0.66

Emotion

Emotion Type & Intensity Fit 2.84 0.67
Mixed Emotion Plausibility 2.84 0.67
Consistency with Preceding Belief 2.85 0.68
Affective Congruence with Response 2.85 0.70

Intent

Relevance to Client’s Needs 2.87 0.76
Consistency with Emotional Tone 2.89 0.81
Consistency with Support Strategy 2.87 0.75
Response Interpretability 2.87 0.78

Table 2: Human evaluation results on a 1–3 scale.

tributions. This is relevant to our setting because
annotators predominantly assigned high scores,
resulting in a positively skewed label distribution.
Under such conditions, other agreement metrics
such as Fleiss’ Kappa are affected by prevalence
bias and can misleadingly report low agreement
even when annotators agree at a high rate (Jeni
et al., 2013; Wongpakaran et al., 2013).2 The mean
Gwet’s AC1 was 0.73, indicating substantial agree-
ment (0.60–0.80). These results demonstrate that
MENTOS provides reliable and high-quality mental
state annotations (Belief, Emotion, and Intent) that
explicitly capture causal dependencies. Detailed
annotator instructions are provided in Appendix C.

4. Commonsense Reasoning Model

We train a commonsense reasoning model on the
MENTOS training set via supervised fine-tuning
(SFT), which enables it to infer three interdependent
mental states: Belief, Emotion, and Intent. Un-
like in the dataset construction process described
in Section 3, where the assistant’s response was
explicitly included to generate semantically aligned
annotations, the commonsense reasoning model is
trained during SFT to predict target mental states
accurately without the response as input. Ac-
cordingly, the reasoning model takes the following
prompt components as input: (1) the dialogue his-
tory, (2) the Assistant Mental States component
containing the preceding inferred states (e.g., Be-
lief for Emotion; Belief, Emotion, and fixed Desire
for Intent), (3) the Constraint component for each
mental state described in Section 3, and (4) the
Question component as shown below:
• Belief: What does the assistant believe about

the client’s situation or internal state based on
the client’s last utterance?

2We observed a mean Fleiss’ Kappa of 0.02 across
all evaluation criteria, likely due to prevalence bias.
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Belief Emotion Intent
Llama3.1 (8B) 67.19 60.40 61.99
Llama2 (7B) 30.73 24.44 22.31

Qwen3 (1.7B) 37.92 35.36 34.71

Table 3: Accuracy (%) of LLMs on ToMBench.

• Emotion: What emotional reaction might the
assistant have after the client’s last utterance,
based on the assistant’s belief and how the con-
versation has unfolded?

• Intent: What is the assistant’s intent following
the client’s last utterance, based on the assis-
tant’s belief, emotional reaction, and desire?

The commonsense reasoning model trained
on MENTOS sequentially generates three mental
states during inference, guiding an LLM-based re-
sponse generator to produce emotionally relevant
and strategically coherent responses. Detailed SFT
settings are provided in Appendix B.

5. Experiments

5.1. Experimental Settings
Baselines. We evaluated emotionally supportive
response generation using the same response gen-
erator under two settings: (1) dialogue history only
and (2) dialogue history combined with common-
sense knowledge from reasoning models. In all
comparisons, the dialogue-only setting and the vari-
ants leveraging prior reasoning models (COMET,
DIALeCT, DOCTOR, and Sibyl) were treated as
baselines. Sibyl, which is not publicly available,
was reproduced using its official codebase and fine-
tuned on the same backbones as our models, while
the others used publicly available checkpoints. To
ensure clarity and consistency for the response
generator, the outputs from all reasoning models
were reconstructed into full-sentence textual forms
before being input to the response generator.
Backbones and Generators. We investigated
whether commonsense reasoning models trained
on MENTOS consistently improved response ap-
propriateness across multiple reasoning-model
backbones and response generators. Specif-
ically, we fine-tuned Llama3.1, Llama2, and
Qwen3 on the MENTOS training set, result-
ing in three MENTOS-trained reasoning mod-
els, namely MENTOSLlama3.1, MENTOSLlama2, and
MENTOSQwen3, respectively.3 We adopted Low-
Rank Adaptation (LoRA) (Hu et al., 2021) with rank

3The backbones are meta-llama/Llama-3.1-8B-
Instruct, meta-llama/Llama-2-7b-chat-hf,
and Qwen3/Qwen3-1.7B from HuggingFace.

8, alpha 16, and dropout 0.05, applied to the Q and
V projection matrices. This tuning affected only
0.042%, 0.062%, and 0.093% of the parameters
for each backbone, respectively. Optimization fol-
lowed Adam (Kingma and Ba, 2015) with a learning
rate of 3e-5, batch size of 4, and 5 epochs, select-
ing the best checkpoint based on validation perfor-
mance. We also used Llama2 and Qwen3 in a zero-
shot setting as response generators, denoted as
GeneratorLlama2 and GeneratorQwen3, whose accu-
racy on ToMBench remained below 40% across all
mental states, as shown in Table 3. This setup en-
sured that any performance gains were attributable
to the supplied mental states rather than the gener-
ators’ inherent reasoning abilities.
Dataset. We evaluated generated responses on
two datasets: (1) the ESConv test set, which served
as the basis for the MENTOS test set, containing
2,051 turn-level samples in 196 dialogues; and (2)
the test set of the ExTensible Emotional Support di-
alogue dataset (ExTES) (Zheng et al., 2024), com-
prising 11,178 turn-level samples in 430 dialogues.
ExTES covered multiple counseling scenarios, with
each dialogue mapped to a specific scenario. For
scenarios with ten or fewer dialogues, all were in-
cluded in the test set, while for scenarios with more
than ten, ten dialogues were randomly sampled per
scenario.
Metric. To assess response quality, we employed
both automatic metrics and LLM-based judgments.
BLEU-4 (B-4) (Papineni et al., 2002) and METEOR
(MET) (Lavie and Agarwal, 2007) measured linguis-
tic fidelity. Embedding-based semantic similarity
was measured using Greedy Matching (Greedy)
(Rus and Lintean, 2012) and word- and sentence-
level cosine similarity (C_W, C_S) (Mitchell and
Lapata, 2008). Detailed definitions of these three
metrics are provided in Appendix D. Response di-
versity was measured with Distinct-3 (Dist-3) (Li
et al., 2016), and all metric scores were scaled by
100 for readability. For the LLM-based evaluation,
we used G-Eval (Liu et al., 2023) with GPT-4o to
rate responses from three perspectives: Support-
iveness (Sup.), Naturalness (Nat.), and Coherence
(Coh.). We randomly sampled 200 instances from
the ESConv test set and evaluated them on a 3-
point scale: 1 (failure to meet), 2 (partially ade-
quate), and 3 (fully aligned). The G-Eval prompt
and rating rubric are provided in Appendix E.

5.2. RQ1: Effectiveness of MENTOS
To examine whether the MENTOS-trained common-
sense reasoning model improves the suitability of
responses in ESC, we used the mental states in-
ferred by the model to guide response generation.
Tables 4 and 5 present the results on both the ES-
Conv and ExTES test sets using GeneratorLlama2
and GeneratorQwen3, respectively. Overall, mod-
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ESConv ExTES

Fidelity Diversity Similarity Fidelity Diversity Similarity

B-4 MET Dist-3 C_W C_S Greedy B-4 MET Dist-3 C_W C_S Greedy
w/o Knowledge 0.40 8.38 30.09 88.58 27.38 69.87 2.05 10.48 16.23 93.86 48.40 74.56
+COMET 0.51 8.43 37.78 88.65 28.39 69.95 2.37 10.95 19.80 94.21 49.75 75.35
+DIALeCT 0.57 8.64 46.21 88.89 30.52 70.46 2.35 10.86 22.85 94.01 50.25 75.38
+DOCTOR 0.53 8.33 41.25 88.17 27.33 69.91 2.22 10.52 23.11 93.62 46.91 75.01
+SibylLlama3.1 0.45 8.17 48.38 87.83 29.19 69.12 2.42 11.00 23.20 93.98 51.09 75.09
+SibylLlama2 0.57 8.33 50.37 88.10 29.98 69.43 2.32 11.02 22.95 94.05 50.25 75.06
+MENTOSLlama3.1 0.49 9.17 46.46 89.26 31.05 70.76 2.88 12.21 22.60 94.66 52.42 76.11
+MENTOSLlama2 0.51 9.14 46.34 89.36 30.76 70.91 2.96 12.23 21.79 94.76 53.01 76.25
+MENTOSQwen3 0.43 8.99 45.67 89.22 30.79 70.69 2.96 12.23 21.74 94.68 52.85 76.26

Table 4: Evaluation results using GeneratorLlama2 on the test sets. Bold indicates the best performance.

ESConv ExTES

Fidelity Diversity Similarity Fidelity Diversity Similarity

B-4 MET Dist-3 C_W C_S Greedy B-4 MET Dist-3 C_W C_S Greedy
w/o Knowledge 0.22 8.29 40.27 89.09 26.99 70.01 2.08 11.67 19.44 94.10 46.57 75.27
+COMET 0.36 8.30 39.42 89.33 27.05 70.67 1.98 11.51 18.33 94.49 45.73 75.59
+DIALeCT 0.48 7.55 55.22 87.11 27.17 68.24 1.46 10.18 25.45 92.66 43.01 73.63
+DOCTOR 0.33 7.16 50.54 85.97 23.32 66.93 1.56 10.14 23.75 92.90 42.55 73.40
+SibylLlama3.1 0.39 7.84 52.85 87.42 27.72 68.27 2.14 11.31 24.56 93.78 47.08 74.33
+SibylLlama2 0.30 7.91 52.04 87.45 27.65 68.34 1.85 11.29 24.68 93.80 46.97 74.23
+MENTOSLlama3.1 0.23 9.04 46.39 89.59 29.52 70.83 2.05 13.14 21.58 94.84 50.22 76.11
+MENTOSLlama2 0.24 9.06 47.35 89.39 29.68 70.66 2.19 13.20 21.13 95.05 50.15 76.10
+MENTOSQwen3 0.25 8.98 47.77 89.39 29.56 70.62 2.25 12.92 21.99 94.69 49.44 75.77

Table 5: Evaluation results using GeneratorQwen3 on the test sets. Bold indicates the best performance.

eling the assistant’s reasoning process through
the MENTOS-trained model yielded more emotion-
ally appropriate and goal-directed responses, as
indicated by consistently higher METEOR, Greedy,
C_W, and C_S scores compared to all baselines.
Fidelity. The MENTOS-trained model consistently
outperformed all baselines in BLEU-4 and ME-
TEOR on ExTES. Although GeneratorQwen3 under
ESConv achieved a BLEU-4 score comparable
to the dialogue-only setting (w/o Knowledge), it
surpassed all baselines in METEOR, indicating
stronger synonym-level semantic alignment. A
similar trend was observed for GeneratorLlama2, as
shown in Table 4, whose METEOR scores on ES-
Conv exceeded all baselines. These results sug-
gest that the MENTOS-trained model enhanced
meaning preservation, which is more crucial than
surface-level similarity in ESC, thus demonstrating
clear advantages in fidelity.
Embedding-based Semantic Similarity. For both
GeneratorLlama2 and GeneratorQwen3, using DOC-
TOR resulted in lower C_W and C_S scores than
the w/o Knowledge setting. This decline likely
occurred because its multi-hop reasoning failed
to capture emotional cues effectively. In particu-
lar, the xReact knowledge type, which represents
the client’s emotional reactions, appeared in only

about 20% of ESConv and 13% of ExTES test sam-
ples. COMET, despite generating xReact in 95% of
cases, underperformed relative to the other base-
lines because it relied solely on the client’s last utter-
ance, limiting contextual reasoning. When paired
with GeneratorQwen3, COMET achieved a C_S on
ESConv nearly identical to that of the w/o Knowl-
edge setting, with a marginal difference of 0.06%p,
but exhibited lower performance on ExTES. DI-
ALeCT also struggled to anticipate future dialogue
turns because it was trained on complete and static
dialogue histories, resulting in consistently lower
performance than the MENTOS-trained models.
Notably, under ExTES with GeneratorQwen3, the
MENTOS-trained models across different back-
bones achieved maximum gains of 2.39%p in C_W,
7.67%p in C_S, and 2.71%p in Greedy compared
to DIALeCT. While Sibyl achieved higher C_S but
lower C_W and Greedy, the MENTOS-trained mod-
els demonstrated overall superior performance
across test sets, showing consistent gains in most
semantic similarity metrics.
Diversity. The MENTOS-trained model exhibited
lower Dist-3 scores than the baselines, likely due
to repetitive comforting and supportive expressions
generated when Emotion was incorporated. As
shown in Figure 2(a), the distribution of top-scoring
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Figure 2: Counts of top-scoring mixed emotions and phrase patterns of responses in the ExTES test set.

Figure 3: Relative performance comparison across reasoning backbones and response generators.

Sup. Nat. Coh. Avg.
w/o Knowledge 2.40 2.68 2.66 2.58
+COMET 2.39 2.72 2.73 2.61
+DIALeCT 2.23 2.68 2.77 2.56
+DOCTOR 2.27 2.61 2.60 2.49
+SibylLlama3.1 2.35 2.58 2.82 2.58
+MENTOSLlama3.1 2.49 2.69 2.81 2.66

Table 6: G-Eval results using GeneratorLlama2 on
the ESConv test set.

mixed emotions per sample revealed that the three
most frequent emotions were Sentimental, Grati-
tude/Love/Caring, and Hope/Optimism, each play-
ing a central role in conveying empathy and reassur-
ance to emotionally unstable clients. Figure 2(b) fur-
ther illustrates that incorporating Emotion increased
the frequency of recurrent phrase patterns such
as “I’m so sorry to hear that,” “I’m here to sup-
port you,” and “You’re not alone in this.” This pat-
tern decreased to near-baseline levels when Emo-
tion was excluded. In addition, Belief captured the
client’s situation and emotional state, often leading
to recurring expressions like “It’s completely under-
standable.” As shown in Table 6, MENTOSLlama3.1
achieved the highest Supportiveness score of 2.49
and the highest overall average of 2.66 when com-
pared against all baselines. Overall, the lower Dist-
3 reflects a reasonable trade-off inherent to gener-

ating empathetic and comforting responses.

5.3. RQ2: Consistency Across Models

We further investigated whether response enhance-
ments driven by MENTOS-trained models were
consistent and robust across different common-
sense reasoning backbones and response gen-
erators. To ensure fair and representative com-
parisons, we used DIALeCT and Sibyl as primary
baselines, both of which demonstrated strong per-
formance in Section 5.2. DIALeCT was used
for generator-level comparisons, while Sibyl, shar-
ing identical backbones with the MENTOS-trained
models, was used for backbone-level compar-
isons. To provide a more intuitive comparison, Fig-
ure 3 complements Tables 4 and 5 by visualizing
model performance across automatic evaluation
metrics, where greater distance from the center
indicates higher performance. Green, blue, and
red lines represent DIALeCT, Sibyl, and MENTOS-
trained models, respectively. Overall, the MENTOS-
trained models exhibited consistently superior re-
sults across most metrics, particularly METEOR,
Greedy, C_W, and C_S, demonstrating robustness
across model architectures.
Response Generators. Compared to DIALeCT,
the MENTOS-trained models exhibited more gen-
eralizable and stable performance across datasets
and generators we tested. While DIALeCT
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ESConv ExTES

Fidelity Diversity Similarity Fidelity Diversity Similarity

B-4 MET Dist-3 C_W C_S Greedy B-4 MET Dist-3 C_W C_S Greedy
+MENTOSLlama3.1 0.49 9.17 46.46 89.26 31.05 70.76 2.88 12.21 22.60 94.66 52.42 76.11
w/o Belief 0.44 9.08 38.71 89.42 28.98 70.95 2.86 11.60 18.08 94.65 47.95 76.38
w/o Emotion 0.44 8.94 49.20 88.94 31.04 70.34 2.85 12.11 25.87 94.33 53.04 75.45
w/o Intent 0.48 8.84 42.79 89.06 30.34 70.38 2.58 11.49 20.09 94.47 50.83 75.82
+MENTOSLlama2 0.51 9.14 46.34 89.36 30.76 70.91 2.96 12.23 21.79 94.76 53.01 76.25
w/o Belief 0.48 8.99 40.72 89.35 29.31 70.85 2.69 11.33 18.22 94.56 48.53 76.05
w/o Emotion 0.45 9.03 48.84 89.11 30.59 70.56 2.82 12.27 24.67 94.47 52.99 75.80
w/o Intent 0.48 8.75 41.72 89.04 30.12 70.32 2.41 11.47 18.85 94.47 50.67 75.71
+MENTOSQwen3 0.43 8.99 45.67 89.22 30.79 70.69 2.96 12.23 21.74 94.68 52.85 76.26
w/o Belief 0.43 8.73 41.93 89.02 29.05 70.40 2.59 11.17 19.47 94.42 48.44 75.76
w/o Emotion 0.43 8.89 48.87 88.79 30.40 70.19 2.69 11.44 24.47 93.81 50.73 75.08
w/o Intent 0.47 8.78 42.29 89.00 30.43 70.30 2.55 11.71 19.71 94.50 51.68 75.81

Table 7: Ablation results for removing each mental state. Bold indicates the best performance. All assistant
responses were generated using Llama2 under a zero-shot setting.

achieved the best baseline in ESConv under
GeneratorLlama2, it still fell short of the MENTOS-
trained models in most metrics and showed notice-
able fluctuations across response generators. For
instance, under GeneratorQwen3, its performance
dropped to the second-lowest in METEOR, C_W
and Greedy. This instability became more evident
in ExTES, which contains more diverse scenarios
with finer-grained supportive strategies than ES-
Conv. Under GeneratorLlama2, DIALeCT still out-
performed w/o Knowledge and DOCTOR but fell
short of COMET and Sibyl, as shown in Figure 3(c),
indicating that its effectiveness diminished outside
the ESConv setting. Similarly, its C_S further de-
clined by up to 3.56%p compared to w/o Knowledge
under GeneratorQwen3. In contrast, the MENTOS-
trained models consistently delivered robust per-
formance across all generators, maintaining supe-
rior embedding-based semantic similarity metrics
(C_W, C_S, Greedy) and METEOR scores on both
ESConv and ExTES. These results demonstrate
that the MENTOS-trained models generalize effec-
tively across different generators and datasets.

Reasoning Model Backbones. The MENTOS-
trained models also demonstrated consistent ad-
vantages across reasoning backbones. For in-
stance, under GeneratorQwen3, MENTOSLlama2 out-
performed SibylLlama2 on ESConv by 1.94%p,
2.03%p, and 2.32%p in C_W, C_S, and Greedy,
respectively, and on ExTES by 1.25%p, 3.18%p,
and 1.87%p. Similar trends were observed with
Llama3.1 backbones. This improvement can be at-
tributed to Sibyl generating independent knowledge
types (e.g., Cause, Intent), which often led to dis-
connected reasoning chains. In contrast, MENTOS
explicitly modeled causal dependencies among Be-
lief, Emotion, and Intent, yielding coherent reason-
ing paths and more consistent knowledge, as fur-

ther supported by the human evaluation results
in Table 2. As shown in Figure 3, the MENTOS-
trained models achieved the best METEOR, C_W,
C_S, and Greedy scores across reasoning back-
bones compared to the baselines. In particular, the
variation across backbones remained very small on
ESConv (approximately within 0.1%p), and similar
stability was observed on ExTES, as reported in
Table 5, underscoring their robustness and gener-
alization capability. Overall, the MENTOS-trained
models showed generally stable improvements
across backbone and generator variations, sug-
gesting generalization beyond specific architec-
tures.

5.4. RQ3: Ablation Study
To analyze the contribution of each mental state
to response quality, we conducted ablation exper-
iments summarized in Table 7. When Belief was
removed, performance degradation was observed
across most backbones and metrics, with C_S de-
creasing in MENTOSLlama3.1 by 2.07%p on ESConv
and 4.47%p on ExTES. This indicates that Belief
plays a key role in understanding the dialogue con-
text by representing the client’s situation and condi-
tion. When Emotion was removed, Dist-3 increased
across all settings, which stemmed from reduced
repetition of empathetic and supportive phrases,
as previously discussed in Figure 2. However, this
also led to overall performance declines across
most metrics. On ExTES, C_S in MENTOSQwen3
dropped by 2.12%p, indicating that Emotion re-
mains important for maintaining emotional support,
even at the cost of reduced response diversity.
When Intent was removed, overall performance de-
clined, demonstrating its crucial role in guiding the
strategic direction of supportive responses. Overall,
integrating Belief, Emotion, and Intent within the
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ToM-based causal structure yielded the best perfor-
mance, confirming that these three mental states
provide complementary and mutually reinforcing
benefits for representing dialogue context in ESC.

6. Conclusion

This work presents MENTOS, a dataset that pro-
vides turn-level annotations of the assistant’s Be-
lief, Emotion, and Intent, structured in a causal se-
quence. This design integrates psychological prin-
ciples of ToM into commonsense reasoning and ad-
dresses key limitations of prior approaches, includ-
ing fragmented reasoning, limited emotional aware-
ness, and failure to anticipate dialogue progression.
We fine-tuned a commonsense reasoning model
on MENTOS to infer the assistant’s mental states
and used these inferred states to guide LLM-based
response generation in a zero-shot setting. The
MENTOS-trained model enabled response gen-
erators to produce more emotionally appropriate
and goal-directed responses, consistently achiev-
ing higher semantic similarity than prior reasoning
models. It also showed generally stable improve-
ments across multiple model configurations, sug-
gesting that the benefits of MENTOS are not tied to
a specific model architecture. Ablation analyses fur-
ther revealed that Belief, Emotion, and Intent play
complementary and mutually reinforcing roles in
generating effective emotional support responses.
Overall, our findings highlight the value of ToM-
based reasoning for emotionally and contextually
coherent response generation in ESC.
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Limitations

MENTOS is derived from ESConv and adds turn-
level mental state annotations for each assistant
utterance. However, because ESConv contains
only English-language conversations, MENTOS is
currently limited to English, which restricts its appli-
cability to multilingual or cross-cultural emotional
support scenarios (Gibson et al., 2016; Zheng et al.,
2024). Although our reasoning models are trained
on MENTOS, we also observed consistent gains
on ExTES, suggesting that the approach is not

tightly coupled to a single dataset. Nevertheless,
such cross-dataset transfer within the emotional
support domain does not fully establish scalability
to broader domains or settings. Future work will ex-
tend MENTOS by incorporating ESC datasets from
more diverse linguistic and cultural backgrounds,
which may improve both its generalizability across
populations and its robustness beyond the current
domain.

Our framework also incurs substantial computa-
tional cost. In our setup, MENTOSLlama2-7B required
roughly 8 hours per epoch, while SibylLlama2-7B re-
quired about 10 hours per epoch, indicating that
high training cost remains a practical challenge for
LLM-based methods. At inference time, mental
states are generated sequentially, which increases
latency; as a result, generating all required outputs
for the ESConv test set took approximately 5 hours.
This computational overhead remains an important
practical limitation. In addition, we employed LLM-
based judgments to assess the quality of gener-
ated responses from multiple perspectives. While
G-Eval has been reported to correlate with human
judgments (Liu et al., 2023), it cannot substitute for
expert evaluation in mental-health-related dialogue
settings. We therefore consider the absence of
expert-based evaluation a limitation.

Ethical Statement

MENTOS is constructed from the publicly avail-
able and fully anonymized ESConv dataset, which
contains dialogues between emotionally distressed
clients and supportive assistants. All utterances
are kept in their original form from ESConv, and we
add turn-level annotations of the assistant’s mental
states (Belief, Emotion, and Intent). These annota-
tions were automatically generated using GPT-4o
with prompts grounded in psychological research
and were subsequently reviewed by human anno-
tators for quality and consistency, as reported in
Table 2. As MENTOS is derived from ESConv, its
use is subject to the same non-commercial restric-
tion as the original dataset.

However, because the annotations are gener-
ated with an LLM, they may still contain biases or
hallucinated content. In emotionally sensitive con-
texts, such errors could contribute to inappropriate
or misleading interpretations. In addition, ESC data
may include distressing or sensitive expressions,
and the use of such data or models in interactions
with emotionally vulnerable individuals may raise
safety concerns. Accordingly, MENTOS and the
commonsense reasoning models trained on it are
intended for academic research only. Any prac-
tical deployment of ESC systems should involve
careful human oversight and appropriate ethical
safeguards.
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target mental state:

• Belief / Intent: Clearly and concisely answer
the assistant’s {target mental state} (maximum
40 words) based on the conversation leading up
to, but not including, the assistant’s most recent
response.

• Emotion: If no emotion is apparent,
write: Emotion: unbothered or oblivi-
ous.\n\nEmotion:\n[Basic] Sadness (op-
posite Joy): <score>, Disgust (opposite Trust):
<score>, Anger (opposite Fear): <score>,
Anticipation (opposite Surprise): <score>, Joy
(opposite Sadness): <score>, Trust (opposite
Disgust): <score>, Fear (opposite Anger):
<score>, Surprise (opposite Anticipation):
<score>\n[Mixed] Hopelessness (sadness +
fear): <score>, Remorse (sadness + disgust):
<score>, Disappointment (sadness + sur-
prise): <score>, Sentimental (sadness + trust):
<score>, Jealousy (sadness + anger): <score>,
Pessimism (sadness + anticipation): <score>,
Embarrassment (disgust + fear): <score>,
Pride (anger + joy): <score>, Nervousness
(anticipation + fear): <score>, Delight (joy
+ surprise): <score>, Gratitude/Love/Caring
(joy + trust): <score>, Hope/Optimism (joy
+ anticipation): <score>, Guilt (joy + fear):
<score>, Curiosity (surprise + trust): <score>

These components together guide the model in
generating structured annotations for each mental
state. Among these, the Constraint component for
Emotion employs basic and mixed emotion cate-
gories, along with an intensity scale (0: None, 1:
Low, 2: Medium, 3: High), grounded in prior studies
(Plutchik, 1982; Sabour et al., 2024).

B. Prompt Design for SFT and
Response Generation

Figure 5 shows the prompt template used for SFT
of the LLM backbones on the MENTOS training
set. The prompt also includes the Assistant Mental
States component containing previously inferred
states, while the Constraint component is identical
to that used in Appendix A. We use a batch size of
4, a micro-batch size of 2, 5 epochs, and a learn-
ing rate of 3e-5 for training. During inference, the
MENTOS-trained model first predicts the three men-
tal states in sequence, which are then used as in-
termediate guidance for the response generator, as
illustrated by the prompt template in Figure 6. To ex-
amine the effect of the MENTOS-trained model on
ESC tasks, we generated responses by replacing
only the Commonsense Knowledge component in
Figure 6 with either the outputs of existing common-
sense reasoning models or the predicted mental

Figure 5: Prompt template for SFT on LLM back-
bones.

Figure 6: Prompt template for generating response.

states, while keeping all other settings unchanged.
We then evaluated the generated responses as
described in Section 5.

C. Annotator Instruction

For annotation quality assessment, we recruited
four annotators, all of whom held at least a bache-
lor’s degree. Using a shared written guideline, they
independently evaluated 100 sampled dialogues,
corresponding to 1,032 turn-level annotation in-
stances. For each turn-level instance, annotators



2719

Figure 7: Annotation instructions on Belief.

Figure 8: Annotation instructions on Emotion.
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Figure 9: Annotation instructions on Intent.

Figure 10: Prompt template to evaluate Supportiveness for G-Eval.
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Figure 11: Prompt template to evaluate Naturalness for G-Eval.

Figure 12: Prompt template to evaluate Coherence for G-Eval.
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separately evaluated the three mental state anno-
tations (Belief, Emotion, and Intent) based on the
dialogue context up to and including the assistant’s
utterance at the target turn, assigning a 1–3 score
to each of the four criteria for each mental state.
Figures 7–9 present the detailed guidelines used
for each mental state.

D. Embedding-based semantic
similarity

We report three embedding-based semantic similar-
ity metrics based on pre-trained GloVe embeddings:
word-level cosine similarity (C_W), sentence-level
cosine similarity (C_S), and Greedy Matching
(Greedy) (Mitchell and Lapata, 2008; Rus and Lin-
tean, 2012). We include these metrics in part be-
cause they were also used in the prior common-
sense reasoning model Sibyl (Wang et al., 2025),
enabling more consistent comparison with prior
work. C_W and C_S compute semantic similar-
ity between the gold and predicted responses us-
ing cosine similarity over embedding-based rep-
resentations at the word and sentence levels, re-
spectively. Greedy Matching performs word-level
greedy alignment between the predicted and gold
responses. For each word in one sentence, we
take the maximum cosine similarity to any word
in the other sentence and average these maxima.
We then symmetrize the score by averaging both
directions

E. G-Eval

Figures 10–12 show the prompt templates used
in G-Eval to evaluate the supportiveness, natural-
ness, and coherence of the predicted responses,
respectively. Because GPT-4o4 does not provide
token-level probabilities, we sampled 20 outputs
for each input (n = 20, temperature = 1.0, top-p
= 1.0) and determined the final discrete rating by
majority vote.

F. Case Study

We demonstrate the effectiveness of the MENTOS-
trained model through a representative ESC ex-
ample provided in Figure 13, where the client
expresses financial stress caused by COVID-19,
a loss of self-confidence, and explicitly seeks
experience-based encouragement from the assis-
tant. In the figure, green and red text indicate com-
monsense knowledge that is contextually accurate
and inaccurate, respectively.

In the w/o Knowledge setting, only the dialogue
history is provided to GeneratorLlama2, without any

4We use gpt-4o-mini-2024-07-18.

external commonsense knowledge. As a result,
the generated response fails to directly address the
client’s request regarding the assistant’s personal
experience. Instead of offering a concrete personal
example, it provides only a generic supportive ex-
pression, which weakens its alignment with the
client’s immediate question. When using COMET,
which relies solely on the last client utterance, the
model misclassifies the user’s state (“Thanks. I
appreciate that”) and simplifies the complex emo-
tion as merely happy, overlooking the broader con-
text of emotional vulnerability. When using DOC-
TOR, the inferred commonsense knowledge con-
tains vague elements such as the term “project.”
Its multi-hop reasoning captures the client’s help-
seeking goal, but insufficiently reflects the client’s
emotional cues. In particular, the final prediction
under the xIntent type emphasizes collaboration or
networking rather than emotional support. Conse-
quently, GeneratorLlama2 is given weaker guidance
for generating empathetic or problem-solving re-
sponses. When using DIALeCT, the inferred com-
monsense knowledge (e.g., SubEv, Prere, Motiv)
more accurately reflects the dialogue history. How-
ever, in the final turn, the Cause type is reversed,
as it incorrectly describes the assistant as the one
asking, rather than recognizing that the client is
asking the assistant for strategies to regain self-
confidence. This role inversion causes inconsis-
tency between Cause and other knowledge types.
When using SibylLlama3.1, the predicted Intent type
is inconsistent with the inferred Cause, often ex-
pressing the opposite meaning. This appears to
stem from Sibyl’s independent generation process,
where each knowledge type is modeled separately
without causal dependency.

In contrast, the proposed MENTOSLlama3.1 ex-
tracts the assistant’s mental states across multi-
turn dialogues in a causally coherent manner. As
shown in Figure 13, yellow, pink, and blue high-
lights mark text spans across Belief, Emotion, and
Intent that are semantically related to one another,
making their sequential dependency explicit. This
leads to more consistent mental state interpreta-
tions that remain aligned with the dialogue context
while recognizing the client’s uncertain emotional
state, thereby enabling GeneratorLlama2 to generate
more contextually appropriate responses. Further-
more, G-Eval results support this finding, showing
that responses generated with MENTOSLlama3.1 are
more supportive than those from other models.
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Figure 13: A representative ESC example using GeneratorLlama2 comparing predicted commonsense
knowledge and generated responses across commonsense reasoning models.
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