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Abstract

Emotional validation - explicitly acknowledg-
ing that a user’s feelings make sense - has
proven therapeutic value but has received little
computational attention. The emotional valida-
tion in dialogue systems can be decomposed
into (i) validating response identification, (ii)
validation timing detection, and (iii) validating
response generation. To support research on
all three subtasks, we release M-EDESConv,
a 120k English—Japanese multilingual corpus
created through hybrid manual-automatic an-
notation, and M-TESC, a multilingual spoken-
dialogue test set. For timing detection, we
propose MEGUMI, a Multilingual Emotion-
aware Gated Unit for Mutual Integration, that
fuses frozen XLM-RoBERTa semantics with
language-specific emotion encoders via cross-
modal attention and gated fusion. MEGUMI
shows superior performance on both the M-
EDESConv and M-TESC datasets, both objec-
tively and subjectively. Finally, our EmoValid-
Bench benchmarks of GPT-4.1 Nano and
Llama-3.1 8B indicate that current LLMs gen-
erate contextually similar, diverse validating
responses, but emotional understanding re-
mains a major area for improvement. Project
page: https://github.com/zihaurpang/
Multilingual-Emotional-Validation

1 Introduction

Empathy improves human—computer communica-
tion by fostering trust, rapport, and sustained en-
gagement in human-robot interaction and conversa-
tional agents. Recent studies show that systems that
modulate empathy in real time are more trusted and
perceived as more helpful, underscoring the prac-
tical value of artificial empathy (Leite et al., 2013;
Morris et al., 2018; Casas et al., 2021). Accord-
ingly, empathetic-dialogue research has enriched
response generation with socio-cognitive signals.
Representative directions include commonsense
reasoning (Sabour et al., 2022; Fu et al., 2023),

emotion-cause extraction (Gao et al., 2021), and
personality tailoring (Zhong et al., 2020; Cai et al.,
2024; Fu et al., 2024).

Yet generic “I’m sorry to hear that” replies of-
ten fall short for people who suppress emotions or
face chronic stressors. Psychotherapy highlights
emotional validation - recognizing, understand-
ing, and acknowledging others’ emotional states,
thoughts, and actions, as a deeper intervention
that de-escalates negative affect and strengthens
therapeutic alliance (Linehan, 1997). Validating
statements (e.g., “It makes sense that you feel frus-
trated””) lower pain intensity in chronic-pain pa-
tients (Edlund et al., 2015), and foster adherence in
youth mental-health care (Wasson Simpson et al.,
2022) among other benefits (Carson-Wong et al.,
2018; Lambie and Lindberg, 2016; Daniel, 2023).

Despite its importance in supportive interaction,
computational work on emotional validation re-
mains nascent. This gap is especially important
in the era of Large Language Models (LLMs), as
aligned LLMs have been reported to exhibit so-
cially desirable and overly agreeable behavior, as
well as sycophantic tendencies that favor agreement
with the user even when such agreement is not well
grounded (Sharma et al., 2023; Wei et al., 2023;
Salecha et al., 2024; BodrozZa et al., 2024; Hong
et al., 2025). In emotional-support settings, this
tendency can manifest as over-validation: models
may validate too early, too often, or without suffi-
cient evidence that validation is warranted. Mean-
while, existing studies have largely relied on hand-
crafted phrase lists and have been evaluated mainly
in Japanese (Pang et al., 2023, 2024, 2026), leav-
ing open how emotional validation should be mod-
eled across languages whose emotion semantics,
social-support norms, and listener feedback behav-
ior may differ (Jackson et al., 2019; Kim et al.,
2008; Clancy et al., 1996).

To address these gaps, we formalize emotional
validation in a multilingual dialogue framework,
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Figure 1: Emotional validation can be decomposed into three subtasks: (1) Validating Response Identification,
which identifies what constitutes a validating response; (2) Validation Timing Detection, which determines when the
system should validate the user; and (3) Validating Response Generation, which determines how to generate an

appropriate validating response.

illustrated in Figure 1 and detailed in Appendix A.
Our main contributions are:

* We release M-EDESConv, and M-TESC,
the first open-source, semi-automatic verified
multilingual dialogue corpus annotated for
validation phenomena in text and speech sce-
nario, enabling cross-lingual evaluation be-
yond prior Japanese-only efforts.

¢ We introduce MEGUMI, which fuses mono-
lingual emotional cues with multilingual se-
mantic representations to detect validation
timing more accurately, helping reduce the
over-validation tendency observed in LLMs.

* We present EmoValidBench, the first bench-
mark for validating response generation, eval-
uating the emotional validation of LLLM base-
lines from semantic, diversity, empathy and
LLM-as-judge metrics, to enable standardized
comparison not only of response quality but
also of whether models validate appropriately
rather than indiscriminately.

2 Dataset Construction

We begin with two public English datasets
emphasizing affective support, EmpatheticDia-
logues (Rashkin et al., 2019), and ESConv (Liu
etal., 2021). To evaluate under the spoken dialogue
scenario, we also include the TUT Emotional Story-
telling Corpus (TESC) (Oishi et al., 2021). Details
of these dataset can be found in Appendix C.

For cross-lingual evaluation, on top of adding a
Japanese ED (Sugiyama et al., 2023), motivated by

benchmarks like XNLI (Conneau et al., 2018) and
PAWS-X (Yang et al., 2019) that similarly adopted
translation-based settings to obtain broad multi-
lingual coverage, we create a Japanese ESConv
via a GPT-4.1-mini' translation workflow. Com-
bining English and Japanese versions yields our
Multilingual-Empathetic Dialogue Emotional Sup-
port Conversation (M-EDESConv) dataset. We
also translate TESC to everyday English with the
same workflow, yielding Multilingual-TUT Emo-
tional Storytelling Corpus (M-TESC). Dataset sum-
maries and translation prompts appear in Appen-
dices C, K.1, and K.2, respectively.

Translation quality was assessed using both
automatic and human evaluation. Using the
COMETKiwi (Rei et al., 2022), a reference-free
quality estimation metric for machine translation,
the translated utterances and responses obtained
scores of 0.8470 and 0.8479, respectively, indicat-
ing high overall quality. Three bilingual Japanese—
English annotators further evaluated the transla-
tions on accuracy, contextual consistency, emo-
tional consistency, fluency/readability, and cultural
appropriateness. The translations received an aver-
age score of 5.63/7 overall, with average fair inter-
annotator agreement (IAA) of 0.344. Full details
are provided in Appendix D.

2.1 Annotation of Emotional Validation

Given the impracticality of manually annotating
all 120k utterances in our multilingual corpus, we
adopted a two-stage, hybrid annotation strategy

"https://openai.com/index/gpt-4-1/
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Dataset #Validation  #Non-Validation
M-EDESConv 46002 80551
-train 36714 64540
-val 4652 7867
-test 4636 8144
M-TESC 1052 2028

Table 1: Distribution of dataset

inspired by large-scale emotion datasets (Yang
et al., 2012). In the first stage, we manually la-
beled roughly 3000 utterances per source (=~ 2%
of EmpatheticDialogue and 3% of ESConv), clas-
sifying each response as either validating or non-
validating. This yielded 1204 validating and 1663
non-validating responses in EmpatheticDialogue,
and 680 validating versus 2258 non-validating re-
sponses in ESConv. In the second stage, we trained
a classifier to automatically label the remaining
data. We frame this as a binary classification task
using the response as input and the validation la-
bel as output, which is also known as validating
response identification in this study. Through
fine-tuning the x/m-roberta-large model (Conneau
et al., 2020), with training hyperparameters de-
tailed in Appendix E.1, the classifier achieves a
macro-average F1 score of 85.28 and an F1 score
of 86.67 for the validation class on the manually
annotated test set. The details of comparison to
several baselines are presented in Appendix E.3,
with result shown in Table 9 .

Using the trained classifier, we proceed to anno-
tate the full dataset. As a result, the final dataset
made up of 98.6k utterances, with 5.89% (5,805)
of manual annotations, and 94.11% (92,795 re-
sponses) were annotated automatically, detailed
in Appendix G. To verify the automatic labels’ re-
liability, we ran an additional human evaluation,
detailed in Appendix F. With randomly 100 auto-
matically annotated samples for each language, our
crowdsourcing judgement result showed that 85%
of human judgement, with a substantial agreement
level of 0.752 for the IAA, aligned with the auto-
matic labels in the annotation process, showing the
effectiveness of our hybrid annotation procedure
in the dataset construction in this study. To fur-
ther assess our task in a spoken dialogue setting,
we additionally conduct manual annotation on the
TESC dataset. Implementing the train/valid/test
split with 8:1:1 ratio, the final distribution of vali-
dating and non-validating responses across datasets
is summarized in Table 1.

3 Validation Timing Detection

We cast validation timing detection as a binary clas-
sification problem: given the dialogue context up
to the current user turn, decide whether the next
system response should generate a validating re-
sponse. Accurate timing requires both semantic
content (what the user is saying) and affective cues
(how they are feeling). The proposed Multilin-
gual Emotion-aware Gated Unit for Mutual Integra-
tion (MEGUMI) architecture, shown in Figure 2,
fuses language-agnostic semantics with language-
specific emotion representations through a gated,
cross-modal pipeline that can be trained end-to-end
from text utterance alone.

3.1 Validation Timing Detection Modal

Semantic backbone The core encoder of
MEGUMI is XLM-RoBERTa-large? , chosen for
its strong zero-shot transfer across 100+ languages.
We freeze its parameters to preserve multilingual
lexical knowledge and to curb computational cost.

Language-specific emotion channels Research
shows that emotion taxonomies and lexical cues
vary by language; a single encoder therefore
risks conflating culture-specific signals (Takenaka,
2025). For English utterances, we leverage
ModernBERT-large? fine-tuned on GoEmotions - a
58 k-instance Reddit corpus with 27 fine-grained
labels (Demszky et al., 2020). Japanese turns are
processed by LUKE-Japanese-large adapted to the
WRIME writer-emotion dataset®.

Emotion-Enhanced Multilingual Attention
(EEMA) In each training batch, we ensure that
both English and Japanese emotional cues are
present and processed jointly. To capture their
interactions, we introduce an emotion-enhanced
multilingual attention block inspired by the
Multimodal Transformer (Tsai et al.,, 2019).
Specifically, the module projects the concatenated
representation from one language as the query and
the representation from the other language as the
key and value, then applies scaled dot-product
attention and returns two residual-normalized
streams. With both English and Japanese emotion
channels available during training, EEMA allows
MEGUMI to learn latent cross-lingual alignments

Zhttps://huggingface.co/Facebook Al/xIm-roberta-large

3https://huggingface.co/cirimus/modernbert-large-go-
emotions

*https://huggingface.co/Mizuiro-sakura/luke-japanese-
large-sentiment-analysis-wrime
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Figure 2: Overall proposed architecture in this study. We proposed a Multilingual Emotion-aware Gated Unit for
Mutual Integration (MEGUMI) for the Validation Timing Detection Task.

between affective cues expressed differently across
languages (e.g., fear in English vs. anger in
Japanese).

Gated Multimodal Unit Simply concatenating
streams can swamp minority cues; we therefore
integrate them through a Gated Multimodal Unit,
which has proven effective in image—text genre
classification (Arevalo et al., 2017). A sigmoid gate
h decides, per sample, how much of the emotion-
projected vector, Zemotion VErsus the semantic-
projected vector, Zsemantic t0 pass forward: z =
hzsemantic + (1 — D) Zemotion- The fused vector is
fed to a dropout-linear softmax head for the binary
labels validate or non-validate. To counter class
imbalance we weight the cross-entropy loss.

3.2 Experimental Settings

We fine-tuned all models on the M-EDESConv cor-
pus, with hyperparameters detailed in Appendix
H. We benchmarked against (i) a random classi-
fier, (ii) two fine-tuned multilingual language mod-
els, mBERT and XLM-RoBERTa (Conneau et al.,
2020), and (iii) instruction-tuned large language
models: Llama-3.1.1 8B-Instruct and GPT-4.1
nano, each in zero-shot, 3-shot prompt-engineering,
CoT and LoRA regimes, refer to Appendix K.4.

3.3 Ablation Studies
To disentangle architectural choices we compared:

XLM-RoBERTa uses only the frozen semantic
encoder, followed by dropout and a linear layer.

+Mono-EN uses only the English Emotion Em-
bedding (EE) Encoder, fused with XLM-RoBERTa

output, followed by dropout and a linear layer.

+Mono-JP uses the Japanese Emotion Embed-
ding Encoder in the same fashion.

+Multi-Concat combines both English and
Japanese EE Encoders via direct concatenation,
together with the XLM-RoBERTa output.

+Multi-EEMA feeds the outputs of the English
and Japanese EE Encoders into the EEMA module
to compute a single, fused emotional representa-
tion, which is then concatenated with the semantic
encoder’s output before classification.

3.4 Evaluation Metrics

A model that indiscriminately labels many turns
as validating (high recall) risks producing hollow
or repetitive acknowledgments that undermine per-
ceived empathy; hence a high F1 score alone can
be misleading if it masks low precision. We there-
fore report (i) validation-precision as the primary
indicator of conversational appropriateness, (ii)
validation-F1 to capture the precision-recall trade-
off, and (iii) macro-F1 (M-F1) across both classes
to ensure that performance on the majority non-
validate class is not neglected.

3.5 Results and Discussion

Table 2 summarizes the results on validation-timing
detection in multilingual and monolingual settings.
In the multilingual setting, MEGUMI performs
best overall: it achieves the highest macro-F1,
target-class precision, and target-class F1 on M-
EDESConv, and again the best macro-F1 and target-
class precision on M-TESC, showing strong gener-
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M-EDESConv M-TESC Human-validated subset
Overall Target Class Overall Target Class Overall Target Class
M-F1 Pre. Rec. Fl1 M-F1 Pre. Rec. Fl1 M-F1 Pre. Rec. Fl1
Multilingual
Random Baseline 49.23 36.45 5035 4230 49.03 3441  50.02  40.77 48.68 4871  47.60  48.13
mBERT 59.10 45.16 7415  56.14 53.29 3829 4135  39.76 58.80 60.47  52.00 5591
XLM-RoBERTa 59.03 45.19 7696  56.94 55.10 4024  50.00 44.60 58.85 60.23  53.00 56.38
Llama 3.1 8b
- Zero-shot 37.18 3772 9375 53779 40.76 36.31 89.58  51.68 36.54 50.16  96.80  66.07
- 3-shot 35.69 3749  94.84 5373 31.53 3481  96.29 51.13 39.12 51.04 98.00 67.12
- LoRA 34.42 36.40  90.81 51.97 47.99 3383 5844  42.86 42.02 51.85 98.00 67.82
GPT 4.1 Nano
- Zero-shot 51.68 4143 7925 5441 54.04 3995 6646  49.90 51.76 52.14  46.80 4931
- 3-shot 46.75 40.02  87.04 5499 50.14 39.01 8093  52.65 49.50 53.01 88.00  66.17
- CoT 42.19 39.16  92.88  55.09 44.16 36.19  86.88  51.09 46.54 5289 9540  68.05
MEGUMI (Ours) 63.71F 51.07 66.11  57.62 56.89" 4144 48770 4478 61.15 6420  52.00 57.46
Human No Applicable No Applicable 70.82 66.20 88.67 75.78
Monolingual
English
Random Baseline 49.40 3583  50.59 4195 48.84 3429  50.27  40.76 47.00 47.17  50.00 4854
BERT 59.74 45.16 7415  56.19 53.29 3829 4135  39.76 63.47 61.29  76.00  67.86
ModernBERT 59.10 4494  75.02  56.27 52.80 37.67  46.77  41.73 69.81 6724  78.00 7222
XLM-RoBERTa 62.22 4724 7038  56.57 54.83 39.94 5209 4521 69.00 73.17  60.00  65.93
Llama 3.1 8b
- Zero-shot 40.90 37.55 90.54  53.08 49.07 38,55  8l.64 5237 37.57 49.68 9520 6528
- 3-shot 33.75 36.45 9647 5291 34.15 35.41 9593 51.73 4275 51.60 97.60 67.51
- LoRA 50.18 3333 3117 3221 50.18 3333 3117 3221 44.16 50.59  86.00  63.70
GPT 4.1 Nano
- Zero-shot 55.36 4253 7443 5413 53.74 39.29  60.80  47.73 50.02 50.69  46.00 4821
- 3-shot 56.69 43.19 6849 5298 53.70 39.24  60.57 47.62 49.11 5197 8440 6433
- CoT 43.84 38.88  92.39 5473 46.66 36.53  82.08 50.56 47.31 53.13 9520 68.20
MEGUMI (Ours) 61.67 4840 6099  53.97 58.41 45.07 41.56 4324 64.58 76.67  46.00  57.50
Human No Applicable No Applicable 70.81 66.84 84.67 7471
Japanese
Random Baseline 49.01 3723 50.09 42.71 49.22 3454  49.77  40.77 47.00 47.17  50.00 4854
BERT 57.35 4483  76.57  56.61 55.67 4090 5856  48.16 53.70 5345  62.00 5741
ModernBERT 51.15 42.02 8648  56.67 51.51 38.18  66.92  48.62 61.80 59.46  88.00 70.97
XLM-RoBERTa 60.76 4752  69.73  56.56 54.39 39.45  49.05 4373 55.93 5556  60.00  57.69
Llama 3.1 8b
- Zero-shot 30.98 3779  97.82 5451 29.75 3474 98.21 51.33 35.36 50.62 9840  66.85
- 3-shot 29.22 37.69 99.44  54.67 27.07 3446 9985 5123 38.83 51.57 98.80  67.77
- LoRA 38.71 34.02 8571  48.71 38.71 34.02 8571  48.71 37.63 52.02 9850  68.08
GPT 4.1 Nano
- Zero-shot 47.03 40.28  81.51 5391 52.48 39.63  74.68  51.78 53.45 53.60 47.60  50.40
- 3-shot 39.67 39.28 9994 5522 43.38 37.53 9141 53.21 44.93 5229  92.00 66.67
- CoT 40.02 39.47 9343 5550 41.28 3588  91.69 51.57 45.74 5265 95.60  67.90
MEGUMI (Ours) 61.20 4883  75.87 59.42 57.09 41.35 5584 4751 57.00 56.86  58.00 57.43
Human No Applicable No Applicable 70.75 65.57 9267 76.80

Table 2: Results of validation timing detection task [%]. Top two results are highlighted in bold and underline,
respectively. T indicates a statistically significant difference for p < 0.05 between MEGUMI and the best baselines,

XLM-RoBERTa, determined by t-test.

alization to spoken dialogue. Across model types,
LLM-based methods consistently trade precision
for recall, often over-predicting validation tim-
ing, whereas fine-tuned classifiers are better bal-
anced; MEGUMI improves this balance further.
The monolingual results show the same overall
trend with some dataset-specific differences. On
M-EDESConv, fine-tuned PLMs remain strongest
overall, with XLLM-RoBERTa achieving the best
macro-F1 in both languages, while MEGUMI
yields the highest target-class precision in both
languages. On M-TESC, however, MEGUMI
achieves the best macro-F1 and target-class preci-
sion in both languages, indicating better calibration
under noisier spoken conditions. Although some
LLM baselines obtain the highest target-class F1 on

M-TESC due to extremely high recall, their lower
precision suggests more false positives.

Ablation study in Table 3 shows that multilin-
gual emotion information plays an important role.
+Multi-Concat outperforms both +Mono-EN and
+Mono-JP, suggesting that English and Japanese
emotion cues are complementary. Adding Emotion-
Enhanced Multilingual Attention (+Multi-EEMA)
yields further gains, and the full model performs
best overall. These results indicate that cross-
lingual affective cues, beyond lexical semantics
alone, help identify validation-worthy moments,
especially in emotionally ambiguous contexts.

To further examine task validity, we conducted
an additional human evaluation on 200 utterances
(100 English and 100 Japanese), balanced across
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Overall Target Class
M-F1 Pre. Rec. F1
XLM-RoBERTa 47.29 39.60 8242  53.50
+ Mono-EN 57.27 45.10 48.23  46.61
+ Mono-JP 56.86 4397  62.88 51.75
+ Multi-Concat 59.80 46.75 73.86 57.26
+ Multi-EEMA 62.48 49.70  65.31 56.45
MEGUMI (Ours) 63.71 51.07  66.11 57.62

Table 3: Ablation study result [%].

validate and non-validate labels. Three native
speakers judged whether a validating response
should follow each utterance. The automatic la-
bels achieved 72% average agreement with human
judgments, with per-annotator agreement of 69—
73% for English and 70-75% for Japanese. The
overall JAA was moderate (x = 0.448), suggest-
ing that validation timing is more subjective than
response-level validation labeling but still suffi-
ciently consistent to support the task. On this
human-validated subset, shown in the rightmost
part of Table 2, MEGUMI again achieves the best
macro-F1 among automatic systems and the high-
est target-class precision, outperforming mBERT,
XLM-RoBERTa, and the LLM baselines.

4 Validating Response Generation

We position validating response generation as a
stand-alone benchmark task, with the introduc-
tion of EmoValidBench, that tests whether a sys-
tem can produce a concise, theory-consistent ac-
knowledgment once the dialogue context has been
flagged as requiring validation.

4.1 Benchmark construction

From the M-EDESConv corpus we extract every
user utterance whose gold timing label is validate.
Each of these turns is paired with one or more
human validating replies that serve as references.
English inputs are pre-processed with the Moses
tokenizer®, while Japanese inputs are segmented by
MeCab + UniDic® to ensure comparability across
BLEU and Distinct-n implementations.

We prompted Llama-3.1 8B and GPT-4.1 nano
in Zero-shot (only the task definition), 3-shot (three
labelled dialogue exemplars per language), Zero-
shot CoT (“Let’s think step by step” preamble) (Ko-
jima et al., 2022), and LoR A-based fine-tuning (Hu
et al., 2022), see Appendix K.5.

>https://github.com/luismsgomes/mosestokenizer
®https://taku910.github.io/mecab/

4.2 Evaluation metrics

To comprehensively assess validating response gen-
eration, we employ traditional-language-model-
based metrics that capture semantic consistency,
lexical diversity, and empathetic signal presence,
as well as more-modern LLM-as-judge-based met-
rics (Zheng et al., 2023), that captures several
clinical-grounded metrics. We also employ a small-
scale of human evaluation on top of objective eval-
uation metrics.

4.2.1 Traditional-Language-Model Evaluation

Semantic Consistency. We utilize BERTScore
(Zhang* et al., 2020) and BLEU (Papineni et al.,
2002) to evaluate the semantic alignment between
generated responses and reference texts.

Lexical Diversity. To quantify the diversity of
generated language, we calculate Distinct-1 (D1)
and Distinct-2 (D2) (Li et al., 2016), which repre-
sent the ratios of unique unigrams and bigrams to
the total number of tokens.

Empathetic Signal Coverage. Inspired by prior
work on empathetic communication (Sharma et al.,
2020; Lee et al., 2022; Fu et al., 2024), we intro-
duce three categories of empathetic signals: IP
(interpretations), EX (explorations), and ER (emo-
tional reactions). Specifically, IP denotes acknowl-
edgments and understanding of, the interlocutor’s
emotion or situation; EX denotes expressions of ac-
tive interest in the interlocutor’s situation; and ER
denotes explicit emotional reactions. The training
details are shown in Appendix I, while the evalua-
tion results of the empathetic-signal predictors are
summarized in Table 10.

4.2.2 LILM-as-judge-based Evaluation

We further complement the objective evaluation
with a structured LLM-as-judge rubric grounded
in clinical communication frameworks, including
NURSE (Childers et al., 2023) and OARS (Roll-
nick and Miller, 1995). Our rubric operationalizes
whether the response (i) acknowledges feelings,
(i1) reflects the user’s experience accurately, (iii)
maintains respect and a non-judgmental tone, (iv)
conveys warmth and support, and (v) preserves
safety and appropriate conversational boundaries.
The complete prompt shown in the Appendix K.6.

4.2.3 Subjective Human Evaluation

To directly assess therapeutic appropriateness, we
additionally conduct a blinded human evaluation
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Traditional LM-based metrics

LLM-as-Judge

BERT BLEU DI D2 ER P EX AVG AF AR RN SW SB Ov.

Multilingual

Llama 3.1 8b

- Zero-shot 88.67 15.46 4.88 2396 5290 7094 67.14  46.28 4.02 490 6.11 4.68 7.00 6598

- 3-shot 89.03 15.94 5.52 2597 5466 7154 69.59  47.61 442 506 665 496 7.00 68.96

- LoRA 89.29 15.20 1205 3060 59.52 6536 6443  48.06 445 521 6.69 530 7.00 69.55

GPT 4.1 Nano

- Zero-shot 88.87 13.47 4.80 2237 5195  73.17 6997 4637 496 522 673 541 7.00  71.69

- 3-shot 89.26 16.24 4.58 2142 5232 7229 68.76 4641 505 557 690 568 7.00 73.57

- CoT 88.13 17.71 4.83 2453  50.72 7330 7121 @ 47.21 512 568 692 586 7.00 75.10
Monolingual

English

Llama 3.1 8b

- Zero-shot 88.36 13.20 4.35 2394 6237  76.11 68.73  48.15 534 475 686 539 698 6133

- 3-shot 88.45 13.17 4.51 2493  62.01 76.73  67.59  48.20 6.05 552 697 599 699 67.12

- LoRA 89.30 12.01 7.53 3060 65.13 7473  71.74  50.06 366 318 6.3l 432 696 63.25

GPT 4.1 Nano

- Zero-shot 88.33 12.86 5.02 25.60 6273 75,65  69.10 4847 595 533 694 580 699 7424

- 3-shot 88.53 13.32 4.59 2288  60.71 7552 67775  47.61 568 506 695 577 699 74.62

- CoT 88.13 12.78 4.77 27.01 62.37 7579  67.86  48.39 597 541 694 590 699 74.69

Japanese

Llama 3.1 8b

- Zero-shot 89.15 18.24 5.23 23.67 5473 7207 6138 4635 393 335 638 404 700 59.79

- 3-shot 89.55 19.92 5.79 2497 5467 7427 61.10 47.18 437 377 633 442 699 64.63

- LoRA 89.34 16.56 3.39 15.02 5692 7538 58.84  45.06 303 270 566 329 695 5632

GPT 4.1 Nano

- Zero-shot 89.54 19.96 4.56 18.40 5334 7677 61.62 4631 549 490 694 558 7.00 7342

- 3-shot 90.16 23.16 5.00 20.33  57.70  77.60  60.83  47.83 561 499 695 563 7.00 7424

- CoT 88.14 14.38 7.00 2774 4990 78.09 6135  46.66 572 516 693 573 7.00 74.30

Table 4: Validating response generation results [%]. The left block reports traditional language-model-based metrics.
The right block reports multilingual LLM-as-Judge scores. AF = Acknowledges Feelings, AR = Accurate Reflection,
RN = Respect / Nonjudgment, SW = Support / Warmth, SB = Safety / Boundaries, and Ov. = Overall.

Criterion Ground Truth  Llama 3.1 8B GPT-4.1 Nano

Naturalness 5.48 5.27 542
Contextual Understanding 5.76 5.67 5.67
Emotional Understanding 592 535 5.59
Non-judgmental Tone 6.08 5.98 5.85
Mindful Presence 5.66 5.53 543
Perceived Validation 5.71 533 5.47
1AA () 0.406 0.453 0.322

Table 5: Human evaluation of validating-response qual-
ity for ground truth and 3-shot prompted model outputs.
Three annotators rated each response on six dimensions;
TAA denotes Krippendorff’s a.

on 100 utterance—response pairs (50 English, 50
Japanese). Each item is rated by three native
speakers recruited through crowdsourcing. We
evaluate six dimensions: Naturalness, Contextual
Understanding, Emotional Understanding, Non-
Jjudgmental Tone, Mindful Presence, and Perceived
Validation. These dimensions are designed to cap-
ture whether a response feels emotionally appropri-
ate and validating beyond surface semantic overlap.

4.3 Results and Discussion

Table 4 reports five-seed averages for validating-
response generation in multilingual and mono-
lingual settings. Overall, compact LLMs pro-
duce contextually appropriate responses that are

semantically close to the references, but remain
weaker in affective quality. This trend is con-
sistent across both traditional metrics and LLM-
as-Judge scores: models score relatively high on
Respect/Nonjudgment and Safety/Boundaries, but
lower on Acknowledges Feelings, Accurate Reflec-
tion, and Support/Warmth. The same pattern ap-
pears in the automatic empathy metrics, where
models are stronger at showing interest in the
speaker’s situation (IP) than at recognizing emo-
tion (ER) or expressing explicit emotional reaction
(EX). Overall, current LLLMs appear generally po-
lite and safe, but less reliable at explicit emotional
validation.

Across settings, GPT 4.1 Nano consistently out-
performs Llama 3.1 8b in judged overall quality.
In the multilingual setup, GPT with CoT achieves
the best overall score (75.10), and the same ten-
dency holds in both monolingual languages. Al-
though Japanese often matches or exceeds English
on surface-oriented metrics such as BERTScore
and BLEU, this does not yield better judged val-
idation quality. More broadly, English performs
better than Japanese on emotion-sensitive criteria,
especially Acknowledges Feelings, Accurate Reflec-
tion, and Support/Warmth. We attribute this gap to
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English-dominant training and evaluation resources
for empathetic dialogue (Xuan et al., 2025), cross-
linguistic pragmatic differences such as indirect-
ness and aizuchi in Japanese (Belay et al., 2025),
and language-specific segmentation and emotion
semantics (Rusli and Shishido, 2024). Thus, while
current LLLMs can generate appropriate validating
responses, their affective calibration remains lim-
ited, particularly outside English.

To assess whether these automatic results re-
flect perceived therapeutic quality, we conducted
a blinded human evaluation on 100 utterance—
response pairs. As shown in Table 5, human ref-
erence responses received the highest scores on
most dimensions, confirming that the benchmark
targets are generally perceived as the strongest val-
idating responses. Among the models, GPT is
slightly stronger on Emotional Understanding and
Perceived Validation, whereas Llama is slightly bet-
ter on Non-judgmental Tone and Mindful Presence,
though the differences are modest. The overall
inter-annotator agreement, measured by Krippen-
dorff’s «, is 0.394, reflecting the subjective nature
of the task. These findings indicate that semantic
similarity captures only part of validating quality.
Case studies are provided in Appendix J.

4.4 Joint Timing-and-Generation Evaluation

EmoValidBench evaluates response generation as-
suming that validation is warranted, but a practical
dialogue system must decide both when to validate
and what to say, including for utterances that do
not require validation. To assess this joint setting,
we constructed a benchmark of 200 utterances (En-
glish and Japanese; per language, 50 validate and
50 non-validate cases). We compare four configu-
rations: MEGUMI+LLM, which uses MEGUMI
for timing and an LLM for generation; LLM two-
stage, which uses an LLM for timing and another
LLM for generation; LLM multi-task, where a sin-
gle LLM first decides whether validation is needed
and then generates a response only when appro-
priate; and LLM alw. multi-task, which uses the
same format but always generates a validating re-
sponse regardless of the timing decision. For each
LLM-based setting, we use the same GPT 4.1 Nano
backbone with 3-shots settings as in the response-
generation experiments, with prompts provided in
Appendix K.5.

Table 6 shows a clear precision—recall trade-off
in timing. LLLM alw. multi-task achieves the high-
est timing recall (92.00) and the best timing F1

Message-level Timing-level

Model M-F1 Bal. Acc. Pre. Rec. F1

Human Judgement 70.82 71.67 66.20  88.67 75.78
MEGUMI + LLM 61.15 61.50 6420 5200 5746
LLM two-stage 49.50 55.00 53.01 88.00  66.17
LLM multi-task 54.14 58.00 55.06 87.00 6744
LLM alw. multi-task ~ 55.44 60.00 5620  92.00 69.70

Table 6: Joint timing-and-generation evaluation result
[%]. Message-level scores evaluate the appropriateness
of the final system behavior after timing and generation,
while timing-level scores evaluate whether the system
correctly decides whether validation is warranted.

among the automatic systems (69.70), but does so
by over-validating many negative cases. In contrast,
MEGUMI+LLM is better calibrated for deciding
when to validate, achieving the highest timing pre-
cision (64.20) and the best message-level macro-F1
(61.15) among automatic systems, indicating fewer
false positives on non-validation utterances. LLM
multi-task also outperforms LLM two-stage on
both message-level and timing-level F1, suggest-
ing that joint modeling is more effective than a
pipelined approach. Human judgments remain the
upper bound (message-level F1: 70.82; timing-
level F1: 75.78). Overall, these results support us-
ing a timing detector like MEGUMI to gate valida-
tion decisions, while relying on LLMs for response
generation only when validation is warranted.

5 Conclusions

In this work, we have presented the first compre-
hensive treatment of emotional validation within di-
alogue systems, spanning task formalisation, data,
models, and evaluation. We defined three clear sub-
tasks - validating response identification, validation
timing detection, and validating response genera-
tion - and introduced M-EDESConv and M-TESC,
the first large-scale multilingual corpora annotated
for validation phenomena in both text-based and
spoken settings. Our proposed MEGUMI architec-
ture leverages cross-lingual pretrained semantics
together with language-specific emotion encoders,
unified by cross-modal attention and a gated fu-
sion mechanism, to accurately determine when a
system should validate a user’s feelings. We also in-
troduced EmoValidBench, the first benchmark for
validating response generation, providing evalua-
tion scripts, LLM baselines, and empathy-oriented
metrics to enable standardized comparisons across
future models. Looking ahead, we would like to ex-
tend to the implementation of emotional validation
in a conversational robot for the real-world study.
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Limitations

Despite these contributions, our study has several
limitations. First, the scope of our curated data is
confined to English and Japanese; other languages
and cultural norms around emotional validation
may exhibit different linguistic cues and pragmatic
conventions that our current models cannot cap-
ture. Second, although we bootstrap annotation
with a semi-automatic classifier to scale to 120 k
turns, the reliance on confidence-filtered pseudo-
labels carries the risk of residual errors and biasing
downstream models, especially in low-resource or
edge-case contexts.

Moreover, our timing-detection model operates
solely on text transcripts and omits prosodic, acous-
tic, and visual cues known to inform validation in
face-to-face interaction. The freeze of the XLM-
RoBERTa backbone for computational tractabil-
ity also precludes domain-specific fine-tuning that
might further improve performance, and hardware
constraints prevented exploration of larger lan-
guage models beyond 8b parameters. Finally, while
our experiments show promising performance in
non-clinical dialogue, deploying emotional vali-
dation in sensitive domains such as mental-health
support will require rigorous safety protocols, ex-
pert oversight, and continuous monitoring to avoid
harm or overreliance on automated empathy.
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Appendix
A Task Description

In this section, we will describe the task neces-
sity for the emotional validation expression in
the spoken dialogue system. Even though previ-
ous studies have shown that validation can be ex-
pressed through response generation (Pang et al.,
2024), there aren’t any formal task descriptions
until now. Inspired by the theory of validation
(Linehan, 1997), we have defined the emotional
validation in the spoken dialogue system into three
subtasks, i.e. validating response identification, val-
idation timing detection, and validating response
generation. The summary of the task description
we defined is summarized in the Figure 1.

A.1 Validating Response Identification

The first requirement is to decide whether a sys-
tem generated response is, validating, or known
as validating response. Mis-labeling brings risk:
inappropriate reassurance or pseudo-empathy can
increase user distress’ or alienation (Breslau et al.,
1998). Linguistic studies of dialogue acts provide
methodological precedents, showing that automatic
classifiers can distinguish supportive acts such as
“appreciation” or “agreement” (Welivita and Pu,
2020; Chen et al., 2022) from neutral turns, but ac-
curacy drops when acts overlap semantically (Stol-
cke et al., 2000; Adiani et al., 2023). Validation
adds further nuance because the same surface pat-
tern (e.g., “I see”) may or may not affirm the user’s
emotion depending on context. Our corpus there-
fore begins with manual labels and expands them
semi-automatically via a fine-tuned classifier, fol-
lowing hybrid annotation pipelines in emotion re-
search (Canales et al., 2016; Fonteyn et al., 2024)

A.2 Validation Timing Detection

Knowing when to validate is as critical as know-
ing how. Communication studies warn that over-

"https://www.psychiatrictimes.com/view/when-
validation-is-harmful
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frequent or ill-timed empathic moves can be per-
ceived as insincere, reducing perceived provider
empathy and therapeutic alliance (Roscoe-Nelson
and Silvera, 2024; Kuo et al., 2022). Similar timing
effects emerge in social-robot experiments, where
repetitive “I understand” statements without ap-
propriate pauses diminished user rapport (Johan-
son et al., 2023). Existing end-to-end generators
seldom account for discourse-level timing; they
optimise local next-utterance loss and may insert
multiple empathic markers in rapid succession. We
cast timing as a sequence-labeling task over the
dialogue context, enabling models such as our
MEGUMI architecture to decide whether the up-
coming turn warrants validation.

A.3 Validating Response Generation

Finally, the system must produce a response that
satisfies validation theory (Linehan, 1997). Generic
empathetic models often interleave advice, persua-
sion, or question-asking strategies that conflict with
unconditional acknowledgment (Welivita et al.,
2023; Samad et al., 2022). Moreover, validation
can be expressed verbally and non-verbally; head
nods, prosodic alignment, and empathic facial dis-
plays amplify perceived support in communica-
tions (Linehan, 1997; Johanson et al., 2023; Mar-
coux et al., 2024). Thus, we release the EmoValid-
Bench, the first benchmark for validating response
generation. It pairs each user turn that requires
validation with evaluation scripts that measure se-
mantic consistency, lexical diversity, and empathy-
coverage.

B Related Work

B.1 Empathetic Response Generation

Empathetic Response Generation (ERG) began
with EmpatheticDialogues (ED), which established
emotion-grounded evaluation and showed that
training on emotion-conditioned dialogues im-
proves perceived empathy over chitchat (Rashkin
et al., 2019). Subsequent work emphasized affect
matching, e.g., MoEL routes to listener experts by
emotion, MIME mimics user affect, and knowl-
edge/commonsense—augmented models (KEMP,
CEM) inject situational priors to boost specificity
(Lin et al., 2019; Majumder et al., 2020; Li et al.,
2022; Sabour et al., 2022). Taxonomy-driven con-
trol labels empathetic intents to steer responses
(Welivita and Pu, 2020).

Despite these advances, ERG only focus on
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generate empathetic response, which conflicts
with emotional validation, that requires deciding
whether/when to validate and delivering explicit
acknowledgment rather than mirroring affect. The
mismatch surfaces in support-oriented settings: ES-
Conv frames multi-stage strategies (exploration,
comforting, action), yet timing remains weakly
supervised; recent analyses of LLMs on ESConv
report strategy biases and difficulty choosing the
right move, yielding shallow support (Liu et al.,
2021; Kang et al., 2024). Emerging work adds in-
terpretable support structures (e.g., ESCoT, STEF)
but still centers on style/strategy selection rather
than principled validation decisions (Zhang et al.,
2024; Wang et al., 2023).

We address the ERG—validation tension by sep-
arating decision from generation: first decide
whether validation is warranted given context, then
generate concise acknowledgment, yielding timing-
aware, not purely affect-matching, support.

B.2 Emotional Validation

Clinical psychology defines emotional validation
as communicating that a person’s feelings “make
sense” in context. Dialectical Behavior Therapy
(DBT) details graded validation levels, underscor-
ing timing and contextual fit as core to therapeutic
alliance, distinct from generic empathy (Linehan,
1997). Computational treatment is nascent. Prior
work combining emotion recognition and phrase-
based generation shows feasibility on Japanese ED
(text) and the TUT Emotional Storytelling Corpus
(speech), with task-adaptive BERT outperforming
strong baselines (Pang et al., 2024). Complemen-
tary analyses on TESC find acoustic/linguistic cues
predictive of validation-worthy moments, reinforc-
ing the primacy of timing (Pang et al., 2023).

Despite these demonstrations, prior work lacks
a standardized task description and benchmark
for emotional validation in spoken dialogue sys-
tems, leaving the problem under-specified relative
to ERG datasets. Inspired by validation theory
(Linehan, 1997), we formalize emotional valida-
tion for spoken dialogue as three subtasks: validat-
ing response identification, validation timing detec-
tion, and validating response generation, providing
a clinically grounded decomposition compatible
with ERG pipelines.

C Base Corpora

EmpatheticDialogues (ED) contains 24.8k two-
speaker conversations collected from crowd-
workers imagining specific emotional situations
(Rashkin et al., 2019). ESConv complements
ED with 1,053 counselor-style dialogues in which
trained volunteers comfort users facing real-life
stressors (Liu et al., 2021). To further evaluate un-
der the spoken dialogue scenario, we include the
TUT Emotional Storytelling Corpus (TESC) (Oishi
et al., 2021), a Japanese two-party, multi-turn cor-
pus (247 sessions; ~9.2 h) where close friends
recount experiences under eight Plutchik emotion
prompts (Plutchik, 2001).

Table 7 summarises the size, modality and in-
teractional profile of the three corpora that consti-
tute our base dataset. EmpatheticDialogues (ED)
offers the broadest coverage with 24.8k English
and 20k Japanese text conversations; yet these
crowdsourced exchanges are succinct - just 4.3
and 2.0 turns on average, with roughly 15-25 to-
kens per utterance - because speakers were asked
to recount short personal stories to a listener who
responds empathetically. ESConv contributes 1.3 k
expert-annotated emotional-support dialogues per
language. Although an order of magnitude smaller
than ED, each session resembles real counselling,
spanning =~ 14 turns; Japanese utterances are no-
tably longer (= 22 tokens) than English (= 15),
matching prior observations on script complexity
in bilingual corpora. Finally, the TUT Emotional
Storytelling Corpus (TESC) introduces the spo-
ken modality with 247 transcribed sessions per lan-
guage. The oral setting yields markedly longer
utterances (= 35 tokens in English, 41 in Japanese)
while keeping the turn budget concise at eight per
dialogue.

D Translation Quality Evaluation

As part of our data construction method involved
the automatic translation from the LLMs, it is nec-
cessary to evaluate the quality of these synthetic
data.

D.1 Objective Quality Evaluation

We first conducted an objective evaluation. Since
we do not have a dataset that consist of reference
that allow us to use the normal machine traslation
metric like BLEU score, we decided to evaluate
through the COMETKiwi metric (Rei et al., 2022).
COMETKiwi is a reference-free model employs a
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Dataset Modality  #dialogue #utterance Average #word  Average #turns
EmpatheticDialogues

-English Text 24.8k 82k 15.2 4.31
-Japanese Text 20k 80k 25 2
ESConv

-English Text 1.3k 17.6k 15.19 13.62
-Japanese Text 1.3k 17.6k 21.84 13.62
TESC

-English Speech 247 3080 34.85 8
-Japanese Speech 247 3080 41 8

Table 7: Statistics of the English and Japanese splits of the three base corpora employed in this study.

regression approach and is built on top of InfoXLM.
It has been trained using direct assessments from
WMT17 to WMT?20, as well as direct assessments
from the MLQE-PE corpus. It provides scores rang-
ing from O to 1, where 1 signifies a perfect trans-
lation. We have evaluated on both utterance and
response perspective, i.e. evaluate the translation
quality for the generated utterance and generated re-
sponse. As a result, The translations scored 0.8470
for utterances and 0.8479 for responses, indicating
high overall quality for dataset construction.

D.2 Subjective Quality Evaluation

We also conducted another human assessment on
top of our objective evaluation. We recruited
three bilingual Japanese—English speakers through
crowdsourcing and asked them to evaluate sampled
translations using five criteria: Accuracy, which
measures how closely the translation preserves the
meaning of the source text; Contextual Consistency,
which evaluates consistency of terminology and
style across the dialogue; Emotional Consistency,
which assesses whether the intended emotion and
tone are preserved; Fluency and Readability, which
measures how natural and easy the translation is
for a native speaker of the target language; and
Cultural Appropriateness, which evaluates whether
the translation remains culturally suitable for the
target audience. To prevent the biasness by the
annotaters, we also calculated the inter-annotator
agreement (IAA). The average scores are shown in
Table 8. Across all dimensions, the translations re-
ceived a mean score of 5.63, with the highest score
on Fluency and Readability (5.72) and consistently
strong ratings on emotion-related dimensions such
as Emotional Consistency (5.61) and Cultural Ap-
propriateness (5.64). These results complement the
COMETKiwi scores and indicate that the transla-
tion workflow preserves not only semantic content,
but also affective tone and cultural appropriateness.

Criterion Average [AA
Accuracy 5.65 0.392
Contextual Consistency 5.52 0.407
Emotional Consistency 5.61 0.263
Fluency and Readability 5.72 0.318
Cultural Appropriateness 5.64 0.339
Overall 5.63 0.344

Table 8: Human evaluation results for translation quality.
Three bilingual Japanese—English annotators rated the
translated data on a Likert scale across five dimensions.

E Validating Response Identification

E.1 Training Hyperparameters

We fine-tune the xIm-roberta-large model (Con-
neau et al., 2020) with a learning rate of 1 x 1075,
a batch size of 64, and train for 20 epochs. Evalua-
tion is performed every 200 steps, using the Adam
optimizer with L2 regularization (weight decay of
0.01). Early stopping is applied with a patience of
5 epochs. To ensure high precision for the valida-
tion class, we apply a confidence threshold of 0.75
during inference.

E.2 Comparative Baselines

As part of our ablation study, we compare the fine-
tuned xIm-roberta-large model against several base-
lines, including a random baseline, multilingual
BERT (mBERT)?, LLaMA 3.1 8B?, and GPT-4.1-

nanolo.

E.3 Result and Discussion

Table 9 reports the performance of several auto-
matic classifiers that were used to propagate validat-
ing response labels from a manually annotated seed
set to the full M-EDESConv corpus. All scores
are averaged over five random initialisations; we
8https://huggingface.co/google-bert/bert-base-
multilingual-cased
*https://huggingface.co/meta-llama/Llama-3.1-8B-

Instruct
"https://openai.com/index/gpt-4-1/
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M-EDESConv

Human-validated subset

Overall Target Class Overall Target Class

M-F1 Precision Recall F1-Score M-F1 Precision Recall F1-Score
Random Baseline 48.38 32.45 50.13 39.40 51.23 51.25 51.75 51.48
mBERT 74.30 70.24 76.32 73.15 72.96 71.30 77.00 74.04
Llama 3.1 8b
- Zero-shot 41.04 34.37 85.61 49.04 52.13 54.14 87.60 66.92
- 3-shot 32.18 33.82 97.88 50.27 46.58 53.26 98.00 69.01
- LoRA 32.96 37.16 97.02 53.74 44.05 51.67 93.00 66.43
GPT 4.1 Nano
- Zero-shot 57.98 42.71 85.19 56.89 72.06 73.33 69.60 71.36
- 3-shot 66.57 50.36 74.60 60.13 61.90 59.57 84.00 69.71
XLM-RoBERTa 85.28 80.66 93.64 86.67 82.43 78.76 89.00 83.57
Human No Applicable 85.10 80.94 92.00 86.12

Table 9: Results of validating response identification task [%]. The left block reports results on the M-EDESConv
dataset for automatic annotation, and the right block reports performance on the human-validated subset.

present both macro-averaged metrics (capturing
overall label balance) and scores for the minority
validate class, which is the critical signal for down-
stream tasks.

The fine-tuned XLM-RoBERTa model clearly
emerges as the most reliable annotator. It achieves
85.3% macro F1 and 86.7% target-class F1, out-
performing the next-best baseline (mBERT) by
roughly eleven points on each metric. Precision
gains (+10.4 pp over mBERT) indicate fewer false
positives, while the high recall of 93.6% demon-
strates that the model rarely misses genuine validat-
ing utterances - essential for minimising label noise.
Instruction-tuned LLMs require careful prompting
to approach Pre-trained Language Model (PLM)
performance. In zero-shot mode, GPT-4.1 nano
delivers respectable macro F1 (58.0%) but suffers
from low precision (42.7%) on the validation class,
leading to many spurious positives. Providing three
in-context examples narrows the gap (macro F1 =
66.6%), yet precision (50.4%) still trails far behind
XLM-RoBERTa. Llama-3.1 8B exhibits a comple-
mentary error profile: three-shot prompting attains
the highest recall in the table (97.9%) but collapses
precision to 33.8%, effectively labelling almost ev-
ery response as validating and therefore offering
little discriminative value.

These results motivated our choice of the
XLM-RoBERTa classifier for corpus-wide pseudo-
labelling. To mitigate residual noise we retained
only predictions with confidence 0.90, yielding
a class distribution that closely mirrors the manu-
ally annotated subset (described in 2.1). Although
LLMs currently lag behind supervised PLMs for
this task, their high recall could still prove useful in
an ensemble or active-learning setting - an avenue
we leave for future work.

F Human Evaluation on Automatic
Annotation

As 94.11% of M-EDESConv was labeled automat-
ically, we conducted an additional human evalua-
tion study to quantify the reliability of the pseudo-
labels. For each language (English and Japanese),
we randomly sampled 100 automatically annotated
responses, balanced across classes (50 validate
and 50 non-validate), and collected three native-
speaker judgments via crowdsourcing on whether
each response was validating. The human judg-
ments agreed with the automatic labels in 85.0% of
cases on average. Agreement between individual
annotators and the automatic labels ranged from
83-88% for English and 84-87% for Japanese. We
also measured inter-annotator agreement among
the human raters. The average pairwise Cohen’s
x was 0.752 overall (English: 0.740/0.744/0.706;
Japanese: 0.819/0.820/0.681), indicating substan-
tial agreement.

Table 9 further compares model performance
on the manually verified sample. Among the au-
tomatic methods, fine-tuned XLM-RoBERTa per-
forms best, achieving 82.43 macro-F1 and 83.57
validation-class F1, outperforming mBERT and the
compact LLLM baselines. Its performance is also
closest to human performance (85.10 macro-F1;
86.12 validation-class F1), and thus, shown the
effectiveness of choosing XLLM-RoBERTa as the
backbone for the automatic annotation in this study.

G Annotated Dataset Details

To preserve label distribution consistency with the
manually annotated subset, we analyze the pre-
diction confidence scores across each sub-dataset.
Based on this analysis, we set confidence thresh-
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olds of 0.90 for ED and 0.95 for ESConv to align
the automated annotations with the original dis-
tribution. As a result, the total dataset comprises
98.6k responses, including 81k from Empathetic-
Dialogues and 17.6k from ESConv. Among these,
5,805 responses were manually annotated, where
1,204 validating and 1,663 non-validating (total:
2,867) from EmpatheticDialogues, and 680 validat-
ing and 2,258 non-validating (total: 2,938) from
ESConv. This means manual annotations account
for 5.89% (5,805) of the dataset, while the remain-
ing 94.11% (92,795 responses) were annotated au-
tomatically using our trained validation classifier.

Languages Models Traits | Acc.  BA. F1
ER 84.76 84.13 84.70
English RoBERTa 1P 84.12 8535 84.23
EX 94.81 9246 94.86
ER 73.74 72.64 73.52
Japanese LUKE Japanese 1P 79.09 79.29 179.22
EX 88.82 77.37 88.27
ER 77.88 76.66 77.61
Both XLM-RoBERTa IP 81.28 82.13 81.42
EX 91.82 85.08 91.69

Table 10: Evaluation results of the empathetic signal
predictors. Acc., BA., and F1 refer to accuracy, balanced
accuracy, and weighted F1 score, respectively.

H Experimental Settings in Validation
Timing Detection

We fine-tuned all models on the M-EDESConv cor-
pus with a learning rate of 1 x 1075, a batch size of
64 (with gradient accumulation over 8 steps), and a
20-epoch cap. To regularise training we combined
L2 normalization (weight decay rate of 0.01) with
early stopping after five stagnant validation checks.
Validation was run every 250 steps and the best
checkpoint was selected by F1. Five random seeds
were used throughout to mitigate variance.

I Empathetic Signal Coverage Training
Details

For English, we follow the official annotation
schema!! and fine-tune three ROBERTa models
(Liu et al., 2019), each followed by a linear clas-
sifier, to determine whether a response conveys
each signal. For Japanese, we translate the English
corpus by GPT-4.1-mini with temperature set to
0.1, and then classify the signals using a LUKE

"https://github.com/behavioral-data/Empathy-Mental-
Health

Model Text

Utterance Yeah they must practice a lot. I would be
afraid of getting trampled

Ground Truth ~ Me too, that would be terrible.

Llama 3.1 8B I can understand that. I would feel the same
way.

GPT-4.1 Nano That makes sense, it’s understandable to

feel worried about that.

Table 11: Comparative case studies between different
LLM baselines.

model'? followed by two linear layers. In the mul-
tilingual setting, we employ XLM-RoBERTa (Con-
neau et al., 2020) with two linear layers as a unified
classifier across languages.

We set the batch size to 32, the learning rate to
2 x 1075, and the dropout rate in the linear layers
to 0.1, and train for up to seven epochs with early
stopping after three epochs without improvement.
The evaluation results of the empathetic-signal pre-
dictors are summarized in Table 10.

J Case Studies

The case studies in Table 11 illustrate the same
pattern discussed in Section 4.3. Model outputs are
often close to the gold responses in meaning, as
reflected by high BERTScore, even when surface
forms differ. For example, for “Yeah they must
practice a lot. I would be afraid of getting trampled,”
Llama 3.1 8b’s “I can understand that. I would feel
the same way” and GPT-4’s “That makes sense;
it’s understandable to feel worried about that” both
preserve the validating intent of the gold response,
“Me too, that would be terrible.”

K Prompts

K.1 English-Japanese translation

You are a professional Japanese translator. For the
following English utterance, please translate into
natural, spoken-style daily Japanese as a native
speaker would say. You should avoid literal word-
for-word renderings.

K.2 Japanese-English translation

You are a professional English translator. For
the following Japanese utterance, please translate
into natural, spoken-style daily English as a na-
tive speaker would say. You should avoid literal
word-for-word renderings.

Phttps://huggingface.co/studio-ousia/luke-japanese-base
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K.3 Validating Response Identification

Definition of validation: Validation is a com-
munication technique, where we recognize,
understand, and acknowledge others’ emotional
states, thoughts, and actions.

Please classify the response into validating or
non-validating response. Return validate if it is
a validating response and non-validate if it is a
non-validating response.

Followed by the three examples dialogues with
validating response, and another three examples
dialogues with non-validating response in each lan-
guage, respectively.

K.4 Validation Timing Detection

Definition of validation: Validation is a com-
munication technique, where we recognize,
understand, and acknowledge others’ emotional
states, thoughts, and actions.

Please classify each utterance into whether a
validating response should be generated. Return
validate if needed to generate a validating response
and non-validate if not necessary to generate
(meaning that it will generate a non-validating
response)

Followed by the three examples dialogues with
validating response, and another three examples
dialogues with non-validating response in each lan-
guage, respectively. Let’s think step by step.

K.5 Validating Response Generation

Definition of validation: Validation is a com-
munication technique, where we recognize,
understand, and acknowledge others’ emotional
states, thoughts, and actions.

You should act as a listener, in speech conversa-
tions. Please generate a validating response for the
given utterances from the speaker. The generated
response should be a validating response. You
should only respond with a validating response,
excluding other information (without Listener:).

Followed by three examples dialogues with validat-
ing response in each language, respectively. Let’s
think step by step.

K.6 LLM-as-judge Evaluation

System: You are an expert evaluator of EMO-
TIONAL VALIDATION in supportive conversations.
Score the response for how well it validates the
user’s feelings. Be concise, neutral, and avoid of-
fering new counseling. Use the NURSE and OARS
principles. Return a structured output only.

User: Evaluate how well the RESPONSE validates
the user’s emotions.

USER: {user utterance}

RESPONSE : {candidate response }

Rubric:

e acknowledges_feelings: names or mirrors
the user’s feelings

e accurate_reflection: reflects the user’s
emotion and context without distortion

* respect_nonjudgment: uses respectful, non-
judgmental language

* support_warmth: conveys support, compas-
sion, and validation

e safety_boundaries: avoids unsafe advice,
overclaiming, or inappropriate boundary vio-
lations

Return per-criterion scores, short explanations,
a weighted overall score, and a final verdict.
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