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Abstract

Recent advances in Large Language Models
have transformed Emotion Recognition in Con-
versation, yet existing instruction-tuned ap-
proaches still produce high-confidence mis-
judgments on utterances whose surface text is
weakly informative but whose emotion depends
on the surrounding situation. We propose SR-
ERC, a selective reflective correction frame-
work for LLM-based ERC. SRERC uses a ver-
dict teacher to assess contextual support for
the first-pass prediction and triggers reflective
decoding only when reflection has an action-
able role. For selected cases, an SRC genera-
tor constructs a Scene-aware Reflection Con-
text, which provides target-specific situational
grounding and verification probes for an SRC-
conditioned second pass. This gated design
enables targeted correction while preserving
non-gated predictions and limiting unneces-
sary over-correction. Experiments on I[EMO-
CAP, MELD, and EmoryNLP show that SR-
ERC achieves the highest average weighted-F1
across the three benchmarks, with diagnostic
gains on context-sensitive cases where surface
cues are insufficient or misleading.

1 Introduction

Large language models (LLMs) have become in-
creasingly central to dialogue understanding, ow-
ing to their strong abilities in instruction following,
contextual reasoning, and open-ended language
generation. In emotion recognition in conversa-
tion (ERC), this trend has led recent studies to re-
formulate utterance-level emotion prediction as an
instruction-following or generative task (Lei et al.,
2024; Xue et al., 2024; Fu et al., 2025; Zhang et al.,
2025). This formulation is attractive because con-
versational emotions are rarely determined by iso-
lated lexical cues. Instead, they often depend on
speaker interactions, topic progression, implicit
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Figure 1: Prevalence of four context-sensitive diagnostic
case types in the test sets.

intentions, and local affective state shifts (Poria
et al., 2019b; Majumder et al., 2019). ERC there-
fore requires LLMs to ground their predictions in
evolving conversational context.

Despite this progress, most LL.LM-based ERC
systems still follow a one-pass prediction
paradigm (Lei et al., 2024; Xue et al., 2024; Fu
et al., 2025; Zhang et al., 2025; Jing et al., 2026).
They provide the model with a dialogue history,
sometimes augmented with speaker profiles or char-
acter descriptions (Xue et al., 2024; Fu et al., 2025),
and ask it to generate the final emotion label in a sin-
gle decoding step. The limitation of this paradigm
is not that context is absent, but that the generated
label is not explicitly verified against the target-
specific dialogue situation. Once the model forms
a plausible label hypothesis, there is no mechanism
for checking whether this label is sufficiently sup-
ported by the surrounding context. As a result,
predictions can become unreliable when the target
utterance is lexically weak, pragmatically implicit,
or marks a local shift in the affective state of the
dialogue.

To examine whether such context-sensitive cases
are merely anecdotal, we identify four recurring
diagnostic patterns in the benchmark test sets:
Implicit-Short, Deep-context, Lexical-bait Neutral,
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and Affective Turning Point. Their formal defini-
tions and construction rules are provided in Ap-
pendix A. As shown in Figure 1, these cases oc-
cur with non-trivial frequency across IEMOCAP,
MELD, and EmoryNLP. This suggests that the reli-
ability issue of one-pass ERC is not limited to rare
corner cases, but repeatedly appears when target
emotions are weakly expressed, require earlier-turn
evidence, locally depart from nearby emotional
cues, or are easily misread from surface words.

To address this issue, we propose SRERC,

a Selective Reflective correction framework for
LLM-based ERC. Rather than applying reflection
to every utterance, SRERC uses an independent ver-
dict teacher to identify predictions for which reflec-
tive decoding has an actionable role, thereby reduc-
ing unnecessary re-decoding and over-correction.
Given a first-pass prediction and its confidence
score from an instruction-tuned ERC backbone,
the verdict teacher assesses whether the prediction
is supported by the local dialogue context. For
selected cases, a frozen SRC generator constructs
a Scene-aware Reflection Context (SRC), which
provides target-specific situational grounding and
verification probes without revealing the emotion
label. The same ERC backbone is then queried
once more with the SRC-augmented prompt, while
non-gated predictions are preserved.

In summary, our contributions are threefold:

¢ (Framework) We introduce SRERC, a selec-
tive reflective correction framework for LLM-
based ERC that preserves standard first-pass
prediction while adding a gated reflective de-
coding path for context-sensitive cases.

* (Mechanism) We design a verdict-guided re-
flection gate with a Scene-aware Reflection
Context (SRC), enabling selective consolida-
tion or correction based on contextual-support
signals.

* (Evaluation) Experiments on three bench-
mark datasets show that SRERC achieves the
best average weighted-F1 among compared
LLM-based ERC methods, with further gains
on diagnostic context-sensitive cases and pos-
itive sample-level correction effects.

2 Related Work

2.1 Emotion Recognition in Conversation

Early ERC research treats the task as a discrim-
inative sequence-labelling problem and relies on
recurrent (Majumder et al., 2019; Jiao et al., 2020;

Hu et al., 2023; Li et al., 2024b; Gou et al., 2025),
graph-based (Ghosal et al., 2019; Hu et al., 2021;
Shen et al., 2021b; Ai et al., 2025; Li et al., 2025),
or attention-based (Bao et al., 2022; Li et al.,
2024b,a; Nguyen et al., 2024) models to capture
intra- and inter-speaker context (Fu et al., 2023; Wu
et al., 2025; Shou et al., 2025). The emergence of
instruction-tuned large language models (Touvron
et al., 2023; Wei et al., 2022a) has more recently
shifted the field towards a generative paradigm,
in which ERC is reformulated as label generation
with a fine-tuned LLM (Lei et al., 2024; Xue et al.,
2024; Fu et al., 2025; Zhang et al., 2025; Jing et al.,
2026). Despite their strong performance, most ex-
isting LLM-based ERC systems still produce the
final label through a single-pass decoding process.
This makes them vulnerable to utterances whose
surface form is weakly informative or misleading,
but whose emotion depends on transient dialogue
context.

2.2 Contextual and Speaker Modeling in ERC

A complementary line of work studies what aux-
iliary context should be supplied to ERC models.
Existing approaches inject external commonsense
or structured affective knowledge (Ghosal et al.,
2020; Zhong et al., 2019; Zhu et al., 2021; Li et al.,
2023), or rely on a frozen LLM to produce static
speaker biographies or character descriptions that
are concatenated to ERC prompts (Xue et al., 2024;
Fu et al., 2025). While effective on average, these
auxiliary signals are typically introduced before
label generation and are not used to verify whether
a particular generated label is supported by the
target-specific situation. Our work instead focuses
on prediction re-examination: it asks whether ad-
ditional situational evidence should be introduced
for selected first-pass predictions.

2.3 Self-Correction for LLMs

A growing body of work investigates how LLMs
can refine or correct their own outputs through
chain-of-thought prompting (Wei et al., 2022b; Yao
et al., 2023), iterative self-critique (Madaan et al.,
2023), or verbal reinforcement loops (Shinn et al.,
2023). However, directly applying self-correction
to every ERC prediction is both computationally
expensive and vulnerable to over-correction, where
additional generation rounds may overturn predic-
tions that were already correct (Huang et al., 2024).
This motivates a selective correction perspective
for LLM-based ERC, where reflection is treated
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Verdict-Guided Reflection
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Figure 2: Overview of SRERC.

as a conditional operation rather than a universal
post-processing step.

3 Methodology

Given a dialogue C' = {uq,--- ,un} uttered by a
speaker set P = {p1,- -+, pa}, emotion recogni-
tion in conversation (ERC) aims to predict an emo-
tion label ; € £ for each target utterance wu;, where
£ is a predefined emotion-label set. Let p; € P de-
note the speaker of u;. We propose SRERC, a selec-
tive reflective correction framework that improves
the contextual reliability of LLM-based ERC. As
illustrated in Figure 2, SRERC first obtains a first-
pass prediction and a confidence score from an
instruction-tuned ERC backbone. An independent
verdict teacher then assesses whether the prediction
is supported by the local dialogue context, and a
reflection gate selects actionable cases for either
consolidation or corrective re-examination (§3.1).
For gated cases, SRERC constructs a Scene-aware
Reflection Context (SRC) with target-specific sit-
uational grounding and verification probes (§3.2),
and queries the same ERC backbone once more to
obtain the final prediction (§3.3).

3.1 Verdict-Guided Reflection Gate

The reflection gate determines whether a first-pass
prediction should enter reflective decoding with
additional reflection context. Rather than apply-
ing reflection to every utterance, SRERC selects
cases where reflection has an actionable role: either
consolidating contextually supported predictions
or re-examining high-confidence predictions that
lack sufficient contextual support.

First-pass prediction. We use an instruction-
tuned LLM M., as the ERC backbone. Following

previous work (Xue et al., 2024), a frozen profile
extractor M,,,o¢ derives a one-time textual speaker
profile p,, for each speaker p; € P from dialogue
C before first-pass prediction:

Pp: = Mprof(capt)' (1)

The profile extractor is queried once per speaker
and remains frozen throughout training and infer-
ence. For each target utterance u; produced by
speaker p;, we construct the first-pass prompt x;
as:

a¢ = prompt (Cy, U, pp, ), 2)

where C'«; denotes the preceding dialogue context,
and prompt(-) denotes the deterministic template
used to assemble the ERC input. The ERC back-
bone M, is fine-tuned to generate the verbalized
gold emotion label with the standard next-token
cross-entropy loss. At inference time, M. pro-
duces a first-pass prediction:

yr = argmax Py, (6 | .’Et)7 3)
ec&

where £ is the emotion-label set. Since labels
are generated as text, we estimate the confidence
of §; from the generation probability of its label-
distinguishing token. Let A(e) denote the first to-
ken that uniquely identifies label e among the can-
didate labels. We define the first-pass confidence
¢t € 10,1] as

¢t = Pt (N@t) | 21). “)

Verdict teacher. To assess whether the first-pass
prediction g is contextually supported, SRERC
uses an independent frozen verdict teacher M.,.

We implement M2 and MISd2° as two structured
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reasoning stages within one call to the same verdict
teacher: evidence grounding and the binary judg-
ment are elicited in a fixed JSON schema. Given
the target utterance wuy, its preceding context C'¢,
the target-speaker profile p,,, the first-pass predic-
tion ¢, and the confidence score c¢;, the verdict
teacher first derives an evidence-grounding ratio-
nale:

(htaDt) = M\I;gﬁ (C<t7ut7ppt7gt7ct)7 (5)

where Dy = {d; 1,...,d: i} is a small set of short
textual evidence cues, with each d; ;. grounded in
the target utterance or its surrounding turns, and
hy is an optional non-label textual description of
a potential behavioral mismatch between the first-
pass prediction and the contextual evidence. Con-
ditioned on the evidence-grounding rationale, the
verdict teacher then verifies whether the current
hypothesis ¢, is contextually supported:

Ut = MjUdge (Z)ta Ct, ht7 Dt)7 (6)

ver

where v; € {Supported, Unsupported}. Here,
v = Supported means that the evidence cues in
D, are compatible with the first-pass prediction ;.
Conversely, v; = Unsupported means that the
cues provide insufficient support for, or contradict,
the current prediction, optionally accompanied by
the behavioral mismatch signal h;.

Reflection gate. Given the verdict v; and confi-
dence ¢, the reflection gate determines whether the
first-pass prompt should be kept unchanged or sent
to reflective decoding with SRC:

re=1 [vt = Supported V

7
(v¢ = Unsupported A ¢; > 7) |, @

where 7, € {0,1} indicates whether reflective
decoding is triggered, 7 € [0,1] is a confidence
threshold, and 1[-] denotes the indicator function.
This rule separates first-pass predictions into three
cases. If v; = Supported, the prediction is judged
compatible with the dialogue evidence, and reflec-
tive decoding functions as a controlled consolida-
tion step. Although the final label is still produced
by the ERC backbone, the added SRC is intended
to make the decision depend more explicitly on
scene-grounded evidence. If v; = Unsupported
and ¢; > 7, the backbone is confident but the
verdict teacher finds insufficient contextual sup-
port, so reflection is used to challenge a poten-
tially misoriented high-confidence prediction. If

v = Unsupported and ¢; < 7, the prediction is
both unsupported and low-confidence; such cases
provide neither a supported hypothesis to consol-
idate nor a confident hypothesis worth explicitly
challenging, so SRERC keeps the first-pass prompt
unchanged.

3.2 Scene-aware Reflection Context

Reflective decoding is useful only when the sec-
ond pass receives evidence that is not already en-
coded in the original prompt. Re-decoding with
the same input would reduce reflection to stochas-
tic re-sampling, while generating reflection context
from the first-pass prediction could rationalize the
initial hypothesis. Therefore, SRERC constructs a
prediction-agnostic Scene-aware Reflection Con-
text (SRC), which supplies target-specific situa-
tional grounding and verification probes without
exposing an emotion label.

SRC generation. SRC is generated by a frozen
LLM My, and is a compact two-field structure con-
sisting of a situational scene description and a small
set of verification probes. For a gated utterance u;
with ; = 1, we first obtain a raw SRC:

Sp = (at, Q) = Mae(Cat,uy), (8)

where a; is a short situational scene description
and Q; = {q1,1,.-.,q K, } is a set of verification
probes. The scene field a; is grounded in (C'<y, uy)
and covers only situational factors such as the on-
going event, speaker relation, topic, or local inter-
actional setting. The probe field Q; is a small set
of rule-like verification questions, e.g., whether the
target response is literal, whether it follows the pre-
vious turn, or whether the topic has shifted. These
probes specify what the ERC backbone should ver-
ify in the second pass, but they do not provide
answers, external facts, or emotion-label sugges-
tions. Different from the verdict teacher, Mg, does
not take ¢; or ¢; as input. This design prevents
SRC from becoming a post-hoc rationalization of
the first-pass prediction and keeps the second pass
grounded in the dialogue situation itself.

Label-word firewall. To prevent SRC from leak-
ing the target label, we apply a label-word firewall
before reflective decoding. Let L, denote the set
of dataset-specific emotion-label words and their
close lexical variants. We define a sanitization op-
erator Iz (-) that masks spans matching Lepo.
The final SRC used by SRERC is

Sy = (Hﬁemo(at)a {Hﬁemo(qt,k)}i;(:tl)' ©)
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Dataset # Conversations # Utterances # Cls.

train / val / test train / val / test

IEMOCAP 108 / 12 / 31 5163 / 647 /1623 6
MELD 1038 /114 /280 9989 /1109 /2610 7
EmoryNLP 659 / 89 / 79 7551 / 954 / 984 7

Table 1: Dataset statistics.

The firewall ensures that SRC contributes sanitized
situational and reflective evidence while leaving
emotion-label generation to M.

3.3 Conditional Reflective Decoding

With the reflection gate and SRC construction, SR-
ERC determines the final prediction through con-
ditional reflective decoding. The ERC backbone
Merc is shared by both the first-pass prediction
and reflective decoding. The only difference lies
in the input: the first pass uses the original ERC
input x;, whereas reflective decoding uses an SRC-
augmented input. For a gated utterance with r; = 1,
we construct the reflective input as

+

r =2 DSy, (10)

where @ denotes prompt concatenation. The same
ERC backbone then produces a reflective predic-
tion:

Y

Uy = P .
g = argmax Pyy,,, (e]z)

The final prediction is selected according to the
reflection gate:

_ g, 1t =0,
U =9 _
Yt, T¢= 1.
Thus, SRERC preserves non-gated predictions and
invokes reflective decoding only when the verdict

signal supports either contextual consolidation or
high-confidence re-examination.

(12)

4 Experimental Setup
4.1 Datasets

All experiments are conducted on three widely used
English ERC benchmarks: IEMOCAP (Busso
et al., 2008), MELD (Poria et al., 2019a), and
EmoryNLP (Zahiri and Choi, 2018). We use only
the textual modality for all datasets and follow the
official data splits. Dataset statistics are reported in
Table 1. Additional dataset details are provided in
Appendix B.

Dataset Trigger BB passes Verdict/utt. SRC/utt.
IEMOCAP 22.1% 1.22 1.00 0.22
MELD 27.5% 1.28 1.00 0.28
EmoryNLP 78.3% 1.78 1.00 0.78

Table 2: Inference profile per utterance. Backbone
passes and teacher calls are averages; speaker profiles
are extracted once per speaker offline.

4.2 Baselines

We compare SRERC with three groups of base-
lines. (1) Discriminative ERC methods in-
clude DialogueRNN (Majumder et al., 2019), Dia-
logueGCN (Ghosal et al., 2019), COSMIC (Ghosal
et al.,, 2020), DAG-ERC (Shen et al., 2021b),
SKAIG (Li et al., 2021), CauAIN (Zhao et al.,
2022), DialogXL (Shen et al., 2021a), and
SPCL (Song et al., 2022). (2) General-purpose
LLMs include GPT-5.4-mini (OpenAl, 2026),
MiMo-V2.5-Pro (Xiaomi MiMo Team, 2026),
DeepSeek-V4-Pro (DeepSeek-Al, 2026), and
Gemini-3-Flash (Google DeepMind, 2025). (3)
ERC-specific LLM methods include Instruc-
tERC (Lei et al., 2024), BiosERC (Xue et al., 2024),
LaERC-S (Fu et al., 2025), and Causal-ERC (Jing
et al., 2026). Further details are provided in Ap-
pendix C.

4.3 Implementation Details

We instantiate the first-pass ERC backbone M.
with LLaMA-2-13B (Touvron et al., 2023) and fine-
tune it with QLoRA (Dettmers et al., 2023). Fol-
lowing BiosERC (Xue et al., 2024), we use a frozen
MiMo model as the profile extractor M. to gen-
erate one-time speaker profiles, which are then
fixed in all ERC prompts. We train for 3 epochs
with a learning rate of 3x10~* and an effective
batch size of 16, and truncate C'~; to a context win-
dow of W = 5 preceding utterances. We instan-
tiate both the SRC generator M, and the verdict
teacher My with gpt-5.4-mini, and generate
teacher outputs offline without access to gold la-
bels. The confidence threshold 7 is tuned on the
development set. Additional details are provided
in Appendix D.

5 Results and Analysis
5.1 Overall Results

Table 3 reports the main results on the three
ERC benchmarks. SRERC achieves the best av-
erage weighted-F1 among methods evaluated on
all datasets, reaching 61.74 and outperforming the
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Method IEMOCAP MELD EmoryNLP Avg. Method IEMOCAP MELD EmoryNLP Combined
Discriminative ERC methods Diagnostic 1: Implicit-Short
DialogueRNN 64.65 65.30 37.54 55.83 # Samples 300 300 205 805
DialogueGCN 62.11 62.68 36.43 53.74 InstructERC 69.33 58.33 40.49 57.89
COSMIC 65.03 63.43 38.49 55.65 GPT-5.4-mini  52.67 64.00 37.07 52.92
DAG-ERC 66.54 63.36 38.29 56.06 SRERC 73.67 62.00 40.98 60.99
SKAIG 66.96 65.18 38.88 57.01 Di 2D
CauAIN 6501 6489  37.87 5592 lagnostic < Deep-context
DialogXL 65.94 62.41 34.73 54.36 # Samples 713 200 70 983
SPCL 68.42 66.13 40.25 58.27 InstructERC 68.02 50.50 38.57 62.36
General-purpose LLMs GPT-5.4-mini  51.75 73.00 64.29 56.97
A SRERC 7167 5900  65.71 68.67
GPT-5.4-mini 57.93 62.54 37.61 52.69 Di e 3+ Lexical-bait N. I
MiMo-V2.5-Pro  57.62  60.71 4144 5326 lagnostic 5. Lexical-bait Neutra
DeepSeek-V4-Pro  59.61 59.50 39.66  52.92 # Samples 25 94 11 130
Gemini-3-Flash 60.22 63.94 40.87 55.01 InstructERC 48.00 77.66 18.18 66.92
. GPT-5.4-mini  56.00 53.19 45.45 53.08
ERC-specific LLM methods SRERC 5600  80.85  54.55 73.85
#
In.structEl;C 71.39 69.15 41.37 60.64 Diagnostic 4: Affective Turning Point
BiosERC 71.19 69.83 41.68 60.90
LaERC-S* 7240 6927 4208  61.25 # Samples 37 90 163 290
Causal-ERC! 71.89 70.25 _ _ InstructERC 48.65 51.11 38.65 43.79
GPT-5.4-mini  45.95 57.78 27.61 39.31
SRERC (ours) 71.60 70.37 43.25 61.74 SRERC 62.16 57.78 30.67 43.10
Table 3: Main results in weighted-F1 (%). Results  Table 5: Context-sensitive evaluation on diagnostic sub-
marked with ? are taken from the original paper. sets. Model entries report accuracy (%). Combined
denotes micro-averaged accuracy.
Method IEMOCAP  MELD EmoryNLP  Avg. A
InstructERC 68.76 64.48 39.01 - o ) .
+ SRERC 69.48 65.05 39.81 +0.70 gate, prediction-agnostic SRC, and conditional

Table 4: Transfer of the complete SRERC mecha-
nism to an independently trained InstructERC backbone
(LLaMA-2-7B + LoRA), without backbone-specific tun-
ing (weighted-F1, %).

strongest ERC-specific LLM baseline LaERC-S
by +0.49. The improvement is mainly reflected
on MELD and EmoryNLP, where SRERC obtains
the best scores of 70.37 and 43.25, respectively.
On IEMOCAP, SRERC remains competitive but
does not surpass LaERC-S. Compared with general-
purpose zero-shot LLMs, SRERC shows a clear
advantage, with a +6.73 average gain over the
strongest model in this group, Gemini-3-Flash.
These results indicate that selective reflective cor-
rection can improve strong LL.M-based ERC sys-
tems at the benchmark level. Since the overall
gains are moderate, we further examine whether
the improvements are concentrated in the context-
sensitive cases targeted by our framework, and
whether they arise from beneficial reflective revi-
sions rather than indiscriminate output changes.

Transfer to another backbone. Table 4 sep-
arates the reflection effect from our LLaMA-
2-13B backbone. Applying the same verdict

re-decoding to an independently trained Instruc-
tERC backbone improves weighted-F1 on all three
datasets, with an average gain of +0.70.

5.2 Context-Sensitive Evaluation

To evaluate whether SRERC improves the context-
sensitive cases targeted by selective reflective cor-
rection, we construct four diagnostic subsets and
compare SRERC with representative baselines.
More details about context-sensitive cases can be
found in Appendix A. As shown in Table 5, SRERC
achieves the best combined accuracy on three of the
four diagnostic settings, including Implicit-Short,
Deep-context, and Lexical-bait Neutral. This pat-
tern suggests that the main benefit of SRERC lies
not in uniformly changing predictions, but in im-
proving cases where the target emotion is underde-
termined by surface text and requires target-specific
contextual verification.

Diagnostic 1: Implicit-Short. Implicit-Short
cases are short target utterances whose emotion
is difficult to infer from lexical content alone and
therefore requires contextual interpretation. On
this subset, SRERC achieves the best combined ac-
curacy of 60.99%, outperforming InstructERC by
+3.10 points and GPT-5.4-mini by +8.07 points.
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The gains on IEMOCAP and EmoryNLP suggest
that reflective decoding is useful when the target
utterance provides insufficient affective evidence.

Diagnostic 2: Deep-context. Deep-context cases
are target utterances whose correct emotion cannot
be resolved from the target sentence and adjacent
turns alone, and therefore require relevant evidence
from earlier turns. On this subset, SRERC obtains
the strongest combined accuracy of 68.67%, ex-
ceeding InstructERC by +6.31 points and GPT-5.4-
mini by +11.70 points. The gains on IEMOCAP
and EmoryNLP indicate that verification probes
can help the backbone recover relevant earlier-turn
cues, although the MELD result shows that long-
context reasoning remains dataset-dependent.

Diagnostic 3: Lexical-bait Neutral. Lexical-
bait Neutral cases are gold-neutral utterances that
contain polarity-bearing lexical cues identified by a
fixed affective lexicon. These cases test whether a
model can avoid overreacting to surface emotional
words when the surrounding context supports a neu-
tral interpretation. On this subset, SRERC achieves
the best combined accuracy of 73.85%, improving
over InstructERC by +-6.93 points and GPT-5.4-
mini by +20.77 points. This supports our motiva-
tion that target-specific contextual verification can
reduce lexical shortcut errors in neutral utterances.

Diagnostic 4: Affective Turning Point. Affec-
tive Turning Point cases are target utterances whose
coarse valence polarity differs from that of the im-
mediately preceding utterance under a fixed label-
to-valence mapping. These cases test whether a
model can verify when the target utterance departs
from the immediately preceding emotional cue. SR-
ERC substantially improves over both baselines on
IEMOCAP and ties with GPT-5.4-mini on MELD,
but its combined accuracy is slightly lower than In-
structERC due to the weaker result on EmoryNLP.
This indicates that affective turning points remain
difficult: the model must distinguish genuine emo-
tional shifts from cases where local context should
still constrain the prediction.

5.3 Sample-Level Correction Analysis

To examine whether the improvement of SRERC
comes from meaningful error correction rather than
indiscriminate output changes, we compare the
first-pass prediction with the final prediction pro-
duced by SRERC at the sample level. We dis-
tinguish two types of prediction changes: Wrong

IEMOCAP MELD EmoryNLP

Total 1623 2610 984
First-pass Correct 1134 1838 462
Final Correct 1154 1868 477
Wrong — Correct 113 87 46
Correct — Wrong 93 57 31

Net Gain +20 +30 +15
Error recovery rate  23.11 11.27 8.81
Exact McNemar p  0.185 0.015 0.110

Table 6: Sample-level correction statistics of SRERC
over the first-pass prediction. McNemar tests are two-
sided and exact.

Variant IEMOCAP MELD EmoryNLP Avg.

First-pass only 69.80 69.50 40.75  60.02
w/o Reflection Gate  71.32 70.10 41.00  60.81
w/o SRC 70.12 70.24 4226  60.87
w/o Scene 71.32 69.97 43.07 61.45
w/o Probes 71.41 70.16 43.17  61.58
Full model 71.60 70.37 4325 61.74

Table 7: Ablation study of SRERC on the three bench-
marks in weighted-F1 (%).

— Correct cases, where an initially wrong pre-
diction becomes correct, and Correct — Wrong
cases, where an initially correct prediction becomes
wrong. We further report the net correction, com-
puted as the number of Wrong — Correct cases
minus the number of Correct — Wrong cases, and
the error recovery rate, computed as the percentage
of first-pass errors corrected by SRERC.

Table 6 shows that SRERC yields positive net
correction on all three datasets. Wrong — Correct
cases consistently outnumber Correct — Wrong
cases, leading to net corrections of +20, +30,
and +15 instances on IEMOCAP, MELD, and
EmoryNLP, respectively. These correspond to ac-
curacy gains of 4+1.23, 4+1.15, and +1.52 points.
In addition, SRERC recovers 23.11%, 11.27%, and
8.81% of first-pass errors on the three datasets. Ex-
act paired McNemar tests give p=0.185, 0.015,
and 0.110, respectively; the MELD improvement
is significant at p<0.05, while the smaller IEMO-
CAP and EmoryNLP test sets do not reach this
threshold. These results indicate that reflective de-
coding does not merely perturb first-pass outputs;
its successful revisions consistently exceed the new
errors it introduces.

5.4 Ablation Study
Table 7 reports the ablation results of SRERC.
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Main Components. We first examine the two
main components of SRERC. w/o Reflection Gate
applies SRC-conditioned reflective decoding to ev-
ery utterance without verdict-based selection, while
w/o SRC keeps the reflection gate but removes SRC
from the reflective input. Both variants improve
over the first-pass-only baseline, increasing the av-
erage weighted-F1 from 60.02 to 60.81 and 60.87,
respectively. However, both remain below the full
SRERC, which reaches 61.74 on average. This
indicates that neither verdict-based selection nor
an additional reflective decoding pass alone fully
explains the gain; the best performance is obtained
when selective gating and SRC-conditioned evi-
dence are combined. The lower score of w/o Re-
flection Gate further suggests that applying SRC-
conditioned reflective decoding indiscriminately
can introduce avoidable regressions, supporting the
need for verdict-based selection.

Triggered-Subset and Gating Analysis. Be-
cause reflective decoding is applied only to gated
utterances, full-set scores dilute the effect on the
cases where the mechanism intervenes. On the
triggered subset, adding the actual SRC improves
weighted-F1 over the first-pass predictions by +2.9
and +1.8 points on IEMOCAP and MELD, re-
spectively. In a separate empty-SRC re-decoding
control, the second pass produces no prediction
changes, showing that the gain comes from the
additional scene-aware evidence rather than from
merely decoding twice. The gate is also direc-
tionally useful: on IEMOCAP, reflection yields
a net correction of +4 cases on gate-triggered ut-
terances, whereas applying the same operation to
gate-skipped utterances yields a net correction of
—4 cases. Together, these results show that the gate
preferentially selects cases that benefit from SRC-
conditioned re-decoding and avoids unnecessary
changes on the remaining utterances.

SRC Components. We further ablate the two
fields of SRC. Removing the scene field reduces the
average score from 61.74 to 61.45, while removing
the probe field reduces it to 61.58. The drops are
smaller than those caused by removing the main
components, but both fields still contribute to the
full model. This suggests that situational ground-
ing and verification probes provide useful and non-
redundant information, with the scene description
contributing slightly more in this setting.

Verdict/SRC teacher IEMOCAP

GPT-5.4-mini 71.60
GLM-5.1 71.48

MELD EmoryNLP

70.37 43.25
70.47 43.44

Table 8: Teacher robustness after replacing both auxil-
iary teachers while keeping the ERC backbone and gate
unchanged (weighted-F1, %).

IEMOCAP

Hap. Sad Neu.  Ang. Exc. Fru. -

GPT-5.4-mini
InstructERCT

49.84 69.73 6249 4431 49.77 61.29
56.39 8242 6739 62.02 6922 62.38

First-pass only 5241 84.85 67.74 63.52 73.07 69.03 -
SRERC 5575 86.20 7238 66.85 71.67 69.47 -
MELD
Neu. Joy Sur. Sad.  Ang. Dis. Fear
GPT-5.4-mini ~ 71.64 5723 59.16 44.87 56.69 4522 33.06
InstructERCT  80.90  64.68 61.56 39.74 5517 42.04 35.64

First-passonly ~ 81.10 67.25 60.75 50.55 60.88 37.74 26.67
SRERC 82.03 67.53 60.74 50.99 62.54 39.66 30.99
EmoryNLP

Joy. Mad  Neu. Pea. Pow. Sad Sca.
GPT-54-mini ~ 56.00 4324 5286 1.69 721  21.36 3049

InstructERC 5323 3682 5269 1637 1749 3137 39.71
First-pass only ~ 59.57 44.79 5699 1.69 192 3519 3511
SRERC 61.32 4382 58.84 820 10.53 3429 36.36

Table 9: Per-class F1 (%) on the three benchmarks.
tPer-class scores for InstructERC are reproduced by
us because the original paper reports only dataset-level
weighted-F1.

Teacher Robustness and Self-Teacher. As
shown in Table 8, replacing GPT-5.4-mini with
GLM-5.1 leaves performance essentially un-
changed across all three datasets, indicating that the
mechanism is not tied to one proprietary teacher.
We also tested the fine-tuned ERC backbone itself
in the verdict and SRC roles. Because it was trained
to produce an emotion label rather than structured
verdict and context outputs, it produced no usable
auxiliary signal and the pipeline fell back to the
first-pass prediction.

5.5 Fine-grained Emotion Resolution

Table 9 reports per-class F1 on the three bench-
marks. We compare the zero-shot general-purpose
LLM GPT-5.4-mini, the ERC-specific LLM base-
line InstructERC, the first-pass-only backbone, and
the full SRERC. Per-class scores of InstructERC
are reproduced by us because the original paper re-
ports only dataset-level weighted-F1. Overall, SR-
ERC improves over the first-pass-only backbone
on most emotion categories, suggesting that SRC-
conditioned reflective decoding does not simply
shift predictions toward a few dominant labels. The
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““““““““““““““““““““““ System:
You are an expert of sentiment and emotional
analysis.

What?! Are you i |User: .
crazy? : Here is a conversation:

i—>| SPEAKER_O: "Noo!! No! You thought, you actually
H thought I..."

0Oh so-so you
;@ weren't trying
to entice me ...

@ Oh God, you saw
H me?

: You weren't
@ trying to entice
H me with your...

Output:
surprised @

InstructERC

System: Scene:

You are an expert... Two people in a private
Toom...

User:

Here is a
conversation...

Output:
surprised, @
confidence=0.805

Probes:

« Is this a direct
denial?

+ Is the topic personal

Noo!! No! You and private?

thought, you
H actually thought
: I...

Output:
SRERC CICE

Figure 3: Case study on InstructERC and SRERC.

gains are especially visible on context-sensitive or
low-resource categories. On EmoryNLP, the first-
pass-only backbone obtains only 1.69 and 1.92 F1
on peaceful and powerful, respectively, while SR-
ERC improves them to 8.20 and 10.53. On MELD,
SRERC improves the rare fear class from 26.67 to
30.99. On IEMOCAP, the neutral class improves
from 67.74 to 72.38, indicating better handling
of utterances whose surface form alone is insuf-
ficient for emotion prediction. These results com-
plement the hard-case analysis in Section 5.2 by
showing that the benefit of SRERC also appears at
the emotion-category level.

5.6 Case Study

Figure 3 presents a MELD example where the tar-
get utterance “Noo!! No! You thought, you
actually thought I...” is labeled as anger.
InstructERC predicts excited, likely distracted by
the surrounding surprised reactions and the exclam-
atory surface form. By contrast, SRERC first pro-
duces the same erroneous first-pass prediction, but
the reflection gate triggers an SRC-conditioned sec-
ond pass. With SRC highlighting a misunderstood
personal boundary and a direct denial, SRERC re-
vises the prediction to the correct label. This ex-
ample illustrates how selective reflective correction
helps the model move beyond nearby-context inter-
ference and surface cues, and verify the target utter-
ance against target-specific situational evidence.

6 Conclusion

In this work, we studied a context-sensitive reli-
ability issue in LLM-based emotion recognition
in conversation: first-pass predictions may be con-
fidently misaligned when the target emotion de-
pends on affective shifts or situational cues that
are only weakly expressed in the utterance itself.
We proposed SRERC, a selective reflective cor-

rection framework that uses a verdict-guided gate
to decide whether a prediction should be revis-
ited and a Scene-aware Reflection Context to pro-
vide target-specific situational evidence for gated
cases. Experiments on IEMOCAP, MELD, and
EmoryNLP show that SRERC achieves the best
average weighted-F1. Further analyses show clear
gains on Implicit-Short, Deep-context, and Lexical-
bait Neutral cases, while sample-level correction
and ablation results confirm that the gains come
from beneficial reflective revisions and from com-
bining selective revision with SRC-provided evi-
dence.

Limitations

Despite its empirical gains, SRERC has three prac-
tical limitations. First, it introduces additional infer-
ence overhead. Although the verdict-guided gate
avoids applying reflective decoding to every utter-
ance, each gated case still requires an additional
pass through the LLLM backbone. This makes SR-
ERC less suitable for strictly real-time scenarios,
such as streaming dialogue systems with tight la-
tency constraints. Reducing this cost through more
efficient reflective decoding strategies or activation
caching is an important direction for future work.

Second, SRERC is currently text-only. This is
a natural starting point for LLM-based ERC, but
some datasets contain acoustic and visual signals
that can be essential for recognizing implicit emo-
tions. Cases involving prosody, facial expressions,
or other non-verbal cues may therefore remain un-
resolved when the textual context is insufficient.
Extending SRC with multimodal evidence is a
promising way to raise the perceptual ceiling of
the framework.

Third, SRERC uses a lightweight binary reflec-
tion gate rather than a full reliability triage system.
Unsupported low-confidence predictions are not
sent to reflective decoding because they provide
neither a supported hypothesis to consolidate nor
a confident unsupported hypothesis to challenge.
Future work may handle this regime with explicit
escalation mechanisms, such as abstention, multi-
teacher adjudication, or iterative verification.
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A Context-Sensitive Diagnostic Cases

To probe ERC behavior beyond aggregate
weighted-F1, we evaluate models on four context-
sensitive diagnostic subsets that target distinct
failure modes. All subsets are derived from the
dialogue input and gold labels, and are there-
fore model-agnostic and computed once for each
dataset. These subsets are used only for analysis
and are not used for model training, model selec-
tion, or threshold tuning. For each benchmark, the

emotion-label set £ is partitioned into a positive
pole £ and a negative pole £

EY = {happy, joy, joyful, excited,

peaceful, powerful },
E™ = {sad, sadness, angry, anger, mad,

frustrated, fear, scared, disgust}.

The labels neutral and surprise are treated as non-
polar and do not satisfy the polarity conditions
below. We also use two small affective lexicons:

LT = {happy, great, love, lovely, wonderful,
fantastic, amazing, awesome, joy,
excited, thanks, thank you, yay,
haha, perfect, delighted, glad,
cheerful},

L~ = {sad, angry, anger, hate, afraid,
scared, damn, sorry, stop, shut up,
fuck, fight, argue, stupid, kill,
cry, frustrated, annoyed, upset}.

Given a target utterance u; at position ¢ in dialogue
C = (uy,...,un), with gold label y; and gold
label history {y1,...,y:—1}, us is selected into a
diagnostic subset if it satisfies all conditions of that
subset. The four subsets are not constrained to be
disjoint, but in practice their selection rules yield
largely non-overlapping utterances.

Diagnostic 1: Implicit-Short. A target utter-
ance uy is selected if (i) u; contains at most four
whitespace-tokenized words, and (ii) its gold label
is polar, i.e., y; € £T U E~. This subset probes
whether a model can recover a polar emotion from
an extremely short and lexically underspecified tar-
get utterance.

Diagnostic 2: Deep-context. A target utterance
uy is selected if (i) £ > 6, meaning that at least five
preceding utterances are available in the dialogue
history, (ii) u; contains at least five whitespace-
tokenized words, and (iii) its gold label is polar,
ie.,y; € £ETUE. This subset targets cases where
the model has access to a longer preceding context
and must avoid relying only on the target utterance
or immediately adjacent turns.

Diagnostic 3: Lexical-bait Neutral. A target
utterance u; is selected if (i) y; = neutral, and (ii)
the lower-cased surface form of u; contains at least
one token or multi-token phrase from £ U £™.

2477


https://doi.org/10.52202/075280-0517
https://doi.org/10.52202/075280-0517
https://dblp.org/rec/conf/aaai/ZahiriC18
https://dblp.org/rec/conf/aaai/ZahiriC18
https://dblp.org/rec/conf/aaai/ZahiriC18
https://doi.org/10.1016/j.neunet.2025.107901
https://doi.org/10.1016/j.neunet.2025.107901
https://doi.org/10.1016/j.neunet.2025.107901
https://doi.org/10.24963/ijcai.2022/628
https://doi.org/10.24963/ijcai.2022/628
https://doi.org/10.18653/v1/D19-1016
https://doi.org/10.18653/v1/D19-1016
https://doi.org/10.18653/v1/2021.acl-long.125
https://doi.org/10.18653/v1/2021.acl-long.125

The surface text therefore contains affective lexical
cues that may bait a polar prediction, while the gold
label remains neutral. This subset tests whether a
model can override surface lexical signals using
the surrounding dialogue context.

Diagnostic 4: Affective Turning Point. A target
utterance u; is selected if (i) y; is polar, and (ii) the
immediately preceding gold label y;_ is also polar
but has the opposite valence to y;. Formally, ex-
actly one of {y;_1,y;} belongs to £ and the other
belongs to £~. This subset captures local affective
pivots inside a dialogue, where the immediately
preceding emotional cue may mislead models to-
ward the previous opposite-valence state.

B Detailed Dataset Descriptions

IEMOCAP The Interactive Emotional Dyadic
Motion Capture (Busso et al., 2008) corpus is one
of the most widely adopted resources for affective
computing research. It consists of approximately
twelve hours of audiovisual recordings produced by
ten professional actors (five male and five female)
performing both improvised and scripted dyadic
scenarios across five sessions. Following the stan-
dard ERC convention adopted by recent LLM-
based work (Lei et al., 2024; Xue et al., 2024), we
use the six-category subset of emotion labels (an-
gry, happy, neutral, sad, excited, and frustrated).
The first four sessions are used for training, with a
small held-out portion for validation, and the fifth
session is reserved for testing, yielding 108/12/31
conversations and 5163,/647/1623 utterances. Al-
though the dataset is recorded multimodally, we
use only the textual transcription in this work.

MELD The Multimodal EmotionLines
Dataset (Poria et al.,, 2019a) is an extension
of the textual EmotionLines corpus, augmented
with aligned audio and visual signals, and built
upon roughly 1,400 multi-party conversations
and 13,000 utterances sampled from the sitcom
Friends. Each utterance is annotated with one of
Ekman’s six basic emotions (anger, disgust, fear,
joy, sadness, surprise) plus a neutral class. The
official split contains 1038/114 /280 conversations
and 9989/1109/2610 utterances for training, vali-
dation, and testing, respectively. Compared with
IEMOCAP, MELD is markedly more challenging
in two respects: (i) it is multi-party, with up to
eight distinct speakers per conversation, and (ii)
the class distribution is highly imbalanced, with

the neutral class accounting for over 47% of all
utterances and minority classes such as fear below
3%. We use only the textual modality.

EmoryNLP The EmoryNLP (Zahiri and Choi,
2018) corpus is also drawn from the Friends TV
series but adopts an annotation scheme based on
the Plutchik wheel and a primary—color decom-
position of emotions. It contains seven emotion
categories: joyful, peaceful, powerful, neutral, sad,
scared, and mad. The corpus is partitioned into
659/89/79 conversations and 7551/954/984 ut-
terances for training, validation, and testing, re-
spectively. EmoryNLP is the most fine-grained of
the three benchmarks: several of its label names—
particularly peaceful and powerful—are not strictly
correlated with explicit lexical sentiment markers,
making the corpus a stringent test of a model’s abil-
ity to recover context-dependent emotional states
from situational evidence rather than surface text
alone.

Licenses IEMOCAP is distributed by USC under
a proprietary license that requires a formal data-
access agreement with the SAIL laboratory and re-
stricts usage to non-commercial academic research.
MELD is released under the GNU General Public
License v3.0 (GPL-3.0)." The EmoryNLP emotion-
detection corpus is released under the Apache Li-
cense 2.0 as part of the Character Mining project.’
Our use of all three datasets is consistent with their
respective license terms.

C Detailed Baseline Descriptions

C.1 Discriminative ERC models

DialogueRNN (Majumder et al., 2019) jointly
tracks party state, global dialogue context, and
emotional state with three coupled GRUs. Dia-
logueGCN (Ghosal et al., 2019) models intra- and
inter-speaker dependencies as edges in a relational
graph convolutional network. COSMIC (Ghosal
et al., 2020) enriches the conversational represen-
tation with commonsense relations extracted from
a frozen COMET knowledge generator. DAG-
ERC (Shen et al., 2021b) encodes the dialogue
as a directed acyclic graph in which each utter-
ance attends to a fixed-size predecessor window.
SKAIG (Li et al., 2021) integrates psychological
commonsense covering past, present, and future
AAAIHEEB;T77§1thub.com/declare—lab/MELD

Thttps://github.com/emorynlp/
emotion-detection
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emotional states of the speaker. CauAIN (Zhao
et al., 2022) introduces a causal-aware interaction
module that explicitly traces the causal contribu-
tors of each emotional trigger. DialogXL (Shen
et al., 2021a) extends XLNet with utterance-level
recurrence and dialogue-aware self-attention de-
signed for multi-party conversations. SPCL (Song
et al., 2022) casts ERC as supervised prototypical
contrastive learning under a difficulty-aware cur-
riculum that mitigates class imbalance.

C.2 General-purpose LLMs

We additionally evaluate four flagship closed-
source LLMs in a strict zero-shot setting, using
the same prompt template as our backbone but
without any fine-tuning: GPT-5.4-mini (OpenAl,
2026), MiMo-V2.5-Pro (Xiaomi MiMo Team,
2026), DeepSeek-V4-Pro (DeepSeek-Al, 2026),
and Gemini-3-Flash (Google DeepMind, 2025).
All four models are queried at temperature 0.2 with
the same dialogue context window of W =5 utter-
ances used by SRERC. Their outputs are parsed
into each dataset’s emotion vocabulary by exact
string matching against the canonical label names.

C.3 ERC-specific LLMs

InstructERC (Lei et al., 2024) reformulates ERC
as instruction-following generation on top of a fine-
tuned LLM and additionally augments the prompt
with retrieved similar examples and an auxiliary
speaker-identification task. BiosERC (Xue et al.,
2024) attaches an offline-produced speaker biog-
raphy to every prompt, providing the backbone
with a per-speaker persona. LaERC-S (Fu et al.,
2025) pushes speaker characterization further by
exposing the LLM to a structured speaker profile
during fine-tuning. Causal-ERC (Jing et al., 2026)
integrates causal reasoning into the LLM prompt
so that the model can leverage cause—effect chains
across utterances. These LLM-based baselines,
like SRERC, build on fine-tuned LLLM backbones,
but they mainly inject static auxiliary signals be-
fore label generation. None of them performs
verdict-gated reflective decoding or utterance-level
dynamic context injection.

D Training Details

We use LLaMA-2-13B as the first-pass ERC back-
bone and employ QLoRA for parameter-efficient
fine-tuning. One-time speaker profiles are gener-
ated using a frozen MiMo-V2.5-Pro model and
remain fixed during both training and inference.

The first-pass ERC backbone is optimized with
AdamW under a linear learning-rate scheduler. We
use an initial learning rate of 3 x 10~# with a warm-
up ratio of 0.03 and train the model for 3 epochs
with an effective batch size of 16. Following stan-
dard QLoRA settings, the backbone adopts 4-bit
NF4 quantization with double quantization enabled.
For parameter-efficient adaptation, LoRA adapters
are applied to all linear projection layers with rank
r = 32, scaling factor o = 128, and dropout prob-
ability 0.05. In addition, NEFTune embedding per-
turbation with & = 5 is incorporated to improve
robustness during low-rank fine-tuning.

For SRERC-specific settings, we use a local
context window consisting of five preceding utter-
ances. The Scene-aware Reflection Context (SRC)
generator and verdict teacher are instantiated us-
ing GPT-5.4-mini, and all teacher-generated out-
puts are produced offline without access to gold
labels. During inference, reflective decoding is trig-
gered only for predictions selected by the verdict-
guided gate, including supported predictions and
high-confidence unsupported predictions. Dataset-
specific settings differ only in maximum sequence
length and the confidence threshold. The maximum
sequence length is set to 1024 for IEMOCAP and
EmoryNLP, and 2048 for MELD. The confidence
threshold 7 is set to 0.6 on IEMOCAP and 0.4 on
both MELD and EmoryNLP. Best-model selection
is based on weighted-F1 on the validation set.

All experiments are conducted on a single
NVIDIA RTX 5090 GPU with QLoRA 4-bit
quantization and bf16 mixed precision. A com-
plete pipeline run takes approximately 2 hours for
IEMOCAP, 12 hours for MELD, and 5 hours for
EmoryNLP.

E Sensitivity to the Confidence Threshold

The confidence threshold 7 in Eq. (7) is the only
free hyperparameter introduced by SRERC. We
sweep it across a meaningful operating range on
each dataset and report the resulting weighted-F1
in Figure 4. The optimum is reached at 7=0.6
on IEMOCAP and at 7=0.4 on both MELD and
EmoryNLP. This pattern is consistent with the cor-
pus characteristics: the dyadic dialogues of IEMO-
CAP contain fewer genuinely ambiguous utter-
ances and therefore favor a more conservative gate,
whereas the multi-party, scene-rich exchanges of
MELD and EmoryNLP yield a larger pool of high-
confidence but contextually contested predictions,
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Figure 4: Sensitivity analysis of the confidence threshold 7 on the three benchmarks (weighted-F1, %).

which a lower threshold captures more fully. Be-
yond these optima, however, SRERC remains rel-
atively stable across nearby threshold values, in-
dicating that the method is not overly sensitive to
T.

F Use of AI Assistants

Al assistants were used only for limited writing
support, including language polishing, formatting
refinement, and consistency checking. All research
ideas, method designs, model implementations, ex-
perimental analyses, and conclusions were inde-
pendently developed and verified by the authors.

G Discussion on Potential Risks

Although SRERC is developed for research on emo-
tion recognition in conversation, emotion predic-
tion may still be inaccurate, oversimplified, or mis-
interpreted in real-world use, especially for im-
plicit, sarcastic, or culturally dependent expres-
sions. The reflective correction process may also
make predictions appear more reliable than they
actually are, while speakers’ emotional states can
remain inherently ambiguous. Therefore, SRERC
should not be directly used in high-stakes scenarios
such as mental-health assessment, recruitment, edu-
cation, or legal judgment without human oversight
and further validation. Our experiments use only
publicly available benchmark datasets and do not
involve new personal data collection or real-world
deployment.

H Prompt Templates

This section reports schematic templates used by
the ERC backbone, verdict teacher, and SRC gen-
erator; dataset-specific formatting instructions are
omitted for readability. Bracketed fields are re-

placed for each instance. The verdict rationale and
judgment in Egs. (5)—(6) are returned in one struc-
tured call.

First-pass ERC backbone prompt.

[System]

You are an expert at analyzing the emotion of
utterances among

speakers in a conversation.

Given the characteristic of this speaker, [
TARGET_SPEAKER]:

[SPEAKER_PROFILE]

Given the following conversation as a context:

[DIALOGUE_WINDOW]

[User]

Based on the above conversation and speaker
characteristics, which

emotional label describes [TARGET_SPEAKER] in
the utterance

"[TARGET_UTTERANCE]"?

[Assistant output]
[PREDICTED_EMOTION_LABEL]

Verdict teacher prompt. The following template
receives the first-pass hypothesis but no gold label.
Dataset-specific versions differ only in the dataset
description and short confidence-calibration guid-
ance.

[System]

You are a senior emotion annotator for [
DATASET]. A smaller model has

already produced a FIRST-PASS prediction for
the target utterance.

Supply richer context so the smaller model can

re-decide, especially
when a literal reading has misled it.

Return strict JSON only:
{
"scene”: "one sentence (<=20 words) on
setting/stakes/register”,
"speaker_vibe": "2--3 descriptive adjectives
"surface_vs_deep”: "<=25 words comparing
literal and contextual readings”,
"correction_hint": {
"agrees_with_baseline”: true | false,
"if_disagree_signal_toward"”: "<=15-word

behavioral description”
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})
"decisive_cues”: ["grounded cue 1",
optional grounded cue 2"]

n

3

Base agrees_with_baseline on the target

utterance, preceding turns, and baseline
confidence. Each decisive cue

must quote or paraphrase concrete dialogue
evidence.

[User]

[Speaker description]

[SPEAKER_PROFILE]

[Recent conversation window]
[DIALOGUE_WINDOW]

[Target speaker] [TARGET_SPEAKER]

[Target utterance] "[TARGET_UTTERANCE]"
[First-pass prediction] [PREDICTED_LABEL]
[First-pass confidence] [CONFIDENCE]

Prediction-agnostic SRC generator prompt.
This prompt omits both the first-pass label and its
confidence.

[System]

You are an annotator providing very brief
context hints for an emotion

recognition model on [DATASET]. Describe the
social context, including

the setting, topic, speaker relationship, role

in the turn, and
formality, to support emotion prediction.

Return strict JSON with exactly two keys:

"atmosphere”: "one concise scene sentence
(<=20 words)",
"self_check”: ["evidence question 1",
"optional evidence question
2"]
}
Keep each question within 12 words and the
total below 50 words.

[User]

[Speaker description]

[SPEAKER_PROFILE]

[Conversation window]

[DIALOGUE_WINDOW]

[Target speaker] [TARGET_SPEAKER]
[Target utterance] "[TARGET_UTTERANCE]"

Reflective decoding prompt. For a gated item,
the backbone receives the same first-pass prompt
with the following context block appended to its
system message and predicts the emotion label
again.

### Scene atmosphere:
[SCENE_ATMOSPHERE]

### Self-check (do silently, do not output):
- [PROBE_1]
- [OPTIONAL_PROBE_2]
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