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Abstract

Emotion recognition in conversation (ERC) aims to iden-
tify the emotion of each utterance in a conversation, play-
ing a vital role in empathetic artificial intelligence. With
the growing of large language models (LLMs), instruction
tuning has emerged as a critical paradigm for ERC. Exist-
ing studies mainly focus on multi-stage instruction tuning,
which first endows LLMs with speaker characteristics, and
then conducts context-aware instruction tuning to compre-
hend emotional states. However, these methods inherently
constrains the capacity to jointly capture the dynamic in-
teraction between speaker characteristics and conversational
context, resulting in weak alignment among speaker identity,
contextual cues, and emotion states within a unified frame-
work. In this paper, we propose InitERC, a simple yet ef-
fective one-stage In-context instruction tuning framework
for ERC. InitERC adapts LLMs to learn speaker-context-
emotion alignment from context examples via in-context in-
struction tuning. Specifically, InitERC comprises four com-
ponents, i.e., demonstration pool construction, in-context ex-
ample selection, prompt template design, and in-context in-
struction tuning. To explore the impact of in-context exam-
ples, we conduct a comprehensive study on three key factors:
retrieval strategy, example ordering, and the number of ex-
amples. Extensive experiments on three widely used datasets
demonstrate that our proposed InitERC achieves substantial
improvements over the state-of-the-art baselines.

Introduction

Emotion recognition in conversation (ERC) is a fundamental
task in natural language processing (NLP) that aims to iden-
tify the emotion of each utterance in a conversation. The task
has been popularly explored due to its potential applications
in recommendation (Song et al. 2024), social media analy-
sis (Brambilla et al. 2022), and empathetic dialogue systems
(Zhou et al. 2020). Unlike sentence-level emotion recogni-
tion (Kim 2014; Deng et al. 2023; Zhang et al. 2024), ERC
necessitates modeling speaker characteristics and contextual
dependencies, as both are essential for understanding emo-
tional states within the hierarchical and interactive structure
of conversations.

Previous works on ERC can be generally divided into
two categories (Li et al. 2023): sequence-based methods and
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graph-based methods. Sequence-based methods, such as Hi-
Trans (Li et al. 2020), MVN (Ma et al. 2022), BERT-ERC
(Qin et al. 2023), and SDT (Ma et al. 2024), typically model
conversational utterances as temporal sequences and lever-
age recurrent neural networks (RNNs) or transformer-based
architectures to capture contextual dependencies. Graph-
based methods, including SKAIG (Li et al. 2021), DAG-
ERC (Shen et al. 2021b), DualGATs (Zhang, Chen, and
Chen 2023), and ESIHGNN (Zha, Zhao, and Zhang 2024),
construct conversational graphs and employ graph neu-
ral networks (GNNs) to capture dependencies and interac-
tions within the dialogue structure. Despite significantly en-
hancing emotion recognition by leveraging contextual and
speaker-specific information, these methods heavily rely on
manually crafted graph structures and intricate model de-
signs.

More recently, the advent of large language models
(LLMs) has marked a paradigm shift in NLP research. Pre-
trained on massive and diverse corpora, LLMs have demon-
strated impressive performance on a wide range of NLP
tasks (Lin et al. 2024; Li et al. 2025b; Yuan et al. 2025),
including ERC. A mainstream strategy for effectively adapt-
ing LLMs to ERC is instruction tuning, which integrates
task-specific rules during fine-tuning to achieve significant
performance improvements. BiosERC (Xue et al. 2024)
extracts speaker biographical information using LLMs as
supplementary knowledge to fine-tune LLMs. To enhance
emotion understanding, InstructERC (Lei et al. 2023) and
LaERC-s (Fu et al. 2025) adopt a two-stage instruction
tuning framework. In the initial stage, speaker identifica-
tion or characteristic instruction tuning is performed to en-
dow LLMs with speaker characteristics. In the second stage,
context-aware instruction tuning is conducted to compre-
hend emotional states within conversational contexts. How-
ever, these sequential methods inherently constrain the ca-
pacity to jointly capture the dynamic interplay between
speaker characteristics and conversational context, leading
to weak alignment among speaker identity, contextual cues,
and emotion states.

In this paper, we propose InitERC, a simple yet effec-
tive one-stage in-context instruction tuning framework for
ERC. InitERC enables LLMs to learn the alignment among
speaker identity, conversational context, and emotional state
from context examples via instruction tuning. Specifically,
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InitERC consists of four components: demonstration pool
construction creates a candidate set of context- and speaker-
aware examples; in-context example selection retrieves the
most relevant demonstration examples for each target in-
put; prompt template design integrates the task descrip-
tion, target input, and selected in-context examples into a
unified prompt format; and in-context instruction tuning
adapts the LLM to capture speaker-context-emotion align-
ment through a single-stage instruction tuning with the con-
structed prompts. Furthermore, we conduct a comprehen-
sive study on retrieval strategy, example ordering, and the
number of examples to explore the effects of in-context ex-
amples, and we hope our findings will offer useful insights
for future research on in-context instruction tuning for ERC.
Our main contributions are summarized as follows:

* We propose InitERC, a one-stage in-context instruction
tuning framework for ERC, which enables LLMs to
learn the alignment among speaker identity, conversa-
tional context, and emotional state from context exam-
ples via instruction tuning.

* We conduct a comprehensive study on retrieval strategy,
example ordering, and the number of examples to inves-
tigate how these factors influence the effectiveness of in-
context examples.

* Extensive experiments on IEMOCAP, MELD, and
EmoryNLP datasets demonstrate the effectiveness of our
proposed InitERC framework, achieving state-of-the-art
performance.

Related Work
Emotion Recognition in Conversation

Conventional ERC studies are mainly divided into sequence-
based methods and graph-based methods (Li et al. 2023).
Sequence-based methods use RNNs or transformer-based
architectures to capture contextual dependencies. HiTrans
(Li et al. 2020) uses two hierarchical transformers to cap-
ture hierarchical context information. DialogXL (Shen et al.
2021a) extends XLNet (Yang et al. 2019) with enhanced
memory and dialog-aware self-attention to model long-
range multi-party dialogues. While graph-based methods
employ GNNss to capture dependencies within the dialogue
structure. DAG-ERC (Shen et al. 2021b) introduces a di-
rected acyclic graph neural network to capture the tempo-
ral and speaker-aware contextual information. DualGAT's
(Zhang, Chen, and Chen 2023) leverages dual graph at-
tention networks to jointly model discourse structure and
speaker-aware context.

With the development of LLMs, several works have
explored their potential for ERC. BiosERC (Xue et al.
2024) fine-tunes LLMs using extracted speaker biographi-
cal information as supplementary knowledge. InstructERC
(Lei et al. 2023) and LaERC-S (Fu et al. 2025) adopt a
two-stage instruction tuning framework, where first stage
equips LLMs with speaker-specific characteristics, followed
by context-aware instruction tuning to interpret emotional
states. However, such sequential frameworks limit the abil-
ity to jointly model the dynamic interaction between speaker

characteristics and conversational context, leading to sub-
optimal alignment among speaker identity, contextual cues,
and emotional states. In this paper, we propose InitERC, a
one-stage instruction tuning framework, to learn speaker-
context-emotion alignment from context examples via in-
struction tuning.

Instruction Tuning

Instruction tuning (Shengyu et al. 2023), also known as su-
pervised fine-tuning, is an effective technique for enabling
LLMs to follow natural language instructions and perform
a wide range of tasks. It involves further training LLMs
to generate certain outputs given instruction prompts. Re-
cent studies, including InstructionGPT (Ouyang et al. 2022),
OPT-IML (Iyer et al. 2022), and FLAN (Chung et al. 2024),
have systematically explored instruction tuning methods to
enhance the capabilities and controllability of LLMs. In ad-
dition to serving as generalists, instruction tuning can also
function as specialists (Lee et al. 2024), excelling in spe-
cific tasks rather than achieving proficiency across a broad
range of tasks. For example, Chen et al. (2024) employed a
modified LLaMA model with instruction tuning to boost not
only the accuracy of emotion recognition but also the depth
of emotional reasoning. Jian et al. (2025) addressed the as-
pect sentiment quad prediction task by designing prompts
with syntactic and semantically similar demonstrations. This
word constructs effective instruction prompt templates and
focuses on instruction tuning for ERC task.

In-Context Learning

In-context learning (ICL) (Dong et al. 2024) has recently
gained increasing attention as a novel training-free paradigm
for enhancing the performance of LLMs. The approach en-
ables LLMs to perform diverse tasks using a few input-
output examples as demonstrations, without requiring re-
training or fine-tuning. For instance, GPT-3 (Brown et al.
2020) demonstrates competitive performance on unseen
tasks when provided with few-shot examples as input pre-
fixes, achieving results comparable to fine-tuned models.
To further improve the effectiveness of ICL, some stud-
ies have investigated integrating it with fine-tuning. Chen
et al. (2022) proposed in-context tuning, which meta-
trains language models with a few examples. DiSTRICT
(Venkateswaran, Duesterwald, and Isahagian 2023) adopts
in-context tuning by fine-tuning language models with in-
context examples for dialogue state tracking. Chen et al.
(2025) enhanced the performance of LLMs on chemical re-
action captioning task via in-context tuning. Similarly, Li et
al. (2025a) guided LLMs to derive knowledge from infor-
mative context examples in the molecule-caption translation
task. In this work, we introduce in-context instruction tuning
to improve the performance of LLMs on ERC task.

Methodology
Task Definition

A conversation consists of N consecutive utterances
{uy,u2, -+ ,uny} uttered by a sequence of speakers
Suys Sugs " 5 Suy 1> Where s maps each utterance into its
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Task Description
You are an expert in emotion recognition in conversations. Given an utterance
and its conversation history (if available), classify the emotion of the utterance
based on the history. Your output must be exactly one of the following categories:
{Candidate labels}. Please output only the label without any other text.
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Monica: Honey! Dinner’s ready!

Joey: Ho-ho-ho, fried stuff with cheese!

In-Context Examples

Here are some examples:

History Utterance Label

History Utterance Label

Figure 1: Framework of the proposed InitERC.

corresponding speaker. The ERC task aims to predict the
emotion label y; of each utterance u; based on its histori-
cal context ¢; = {(sul,ul) s (Suysu2), ey (sut_l , Ut—l)}
and its speaker s,,. The emotion label belongs to the pre-
defined emotion category set {ey, ea, - ,epr} and M is the
number of emotion categories.

InitERC Overview

The architecture of our proposed InitERC framework is
shown in Figure 1. InitERC integrates four components:
demonstration pool construction, which builds a context-
and speaker-aware candidate example set, in-context exam-
ple selection, which retrieves the most relevant demonstra-
tion examples; prompt template design, which integrates the
task description, target input, and in-context examples into
a unified prompt format; and in-context instruction tuning,
which enables the LLM to learn speaker-context-emotion
alignment in a one-stage training process using the con-
structed prompts.

Demonstration Pool Construction

Given an ERC dataset, we construct a demonstration pool
‘P using its training set. In ERC, each utterance’s emotional
state is not only influenced by its content but also highly
dependent on the preceding conversational context and the
identity of the speaker. The historical context provides es-
sential background information, such as conversational flow
and emotional dependencies, while speaker identity helps

to understand personalized emotional expressions and dis-
course patterns. Therefore, it is critical that each demon-
stration example includes the conversational history, cur-
rent utterance and its speaker identity to ensure context- and
speaker-aware emotion recognition.

Formally, the demonstration pool is defined as P =
{(ci, 2, yi)}fil where ¢; is the historical context of utter-
ance u;, x; = (S,,, ;) contains utterance u; and its speaker
Su;» Yi 1s the corresponding emotion label of utterance u;,
and K is the total number of examples. This carefully con-
structed demonstration pool serves as the candidate set for
subsequent in-context example selection, ensuring that each
example provides rich contextual and speaker-specific cues
to guide instruction tuning.

In-Context Example Selection

For a given target input comprising the query utterance u;
and its speaker s,,,, denotes as x;, along with its historical
context c¢;, we employ the off-the-shelf retriever to select the
k most relevant examples P¢ = {(c;, x;, yi)}le from the
demonstration pool P:

P¢ = Retriever (¢; ® x4, P), )

where @ denotes the concatenation operation.

In this work, we adopt Contriever-MS MARCO (Izac-
ard et al. 2022) as our retriever that is a dual transformer
encoder architecture and calculates the similarity between
target input and candidates via dot product. Contriever-MS



MARCO is pre-trained using MoCo contrastive loss (He
et al. 2020) on unsupervised data and further fine-tuned on
the MS MARCO dataset.

During retrieval, we exclude from the demonstration pool
any examples originating from the same dialogue as the
query utterance to prevent information leakage. Moreover,
emotion labels are not used during retrieval and are incorpo-
rated afterward when constructing the final in-context exam-
ples, thereby ensuring that retrieval remains label-agnostic
and mitigating potential bias toward specific emotional cat-
egories.

Prompt Template Design

Prompt template serves as a critical bridge between LLMs
and the ERC task. In our InitERC framework, the instruc-
tion prompt not only defines the task in a clear and explicit
manner but also effectively guides the LLM to align speaker
identity, conversational context, and emotional state within
a unified framework. The instruction prompt template com-
prises three parts, i.e., task description 7T, target input Z, and
in-context examples £.

» Task Description 7 provides explicit instructions that
define the objective of the task and the expected output
format. The task description 7 is designed as:

-

You are an expert in emotion recognition in conver-
sations. Given an utterance and its conversation his-
tory (if available), classify the emotion of the utter-
ance based on the history. Your output must be exactly
one of the following categories: {Candidate labels}.
Please output only the label without any other text.

“

* Target Input 7 embeds the recognized speaker-aware
utterance x; = (S,,,u:) into the prompt together with
its historical context c;, so that LLMs can leverage both
“who said what” and “what was said before”. The target
input is defined as:

Z(ut) = “[History] @ ¢ @ [Utterance] & x; & [Label]”.

¢ In-context Examples £ are selected from in-context ex-
ample selection that contain & most relevant examples
{(ci,xi,yi)}le, and we adopt a similarity-descending
order, i.e., similar-first, for example ordering. The in-
context examples is constructed as:

&€ =“Here are some examples:

[History] @ ¢1 @ [Utterance] @ x1 @ [Label] @ y;
[History] @ ¢z @ [Utterance] @ x2 @ [Label] @ yo

[History] @ cx, @ [Utterance] & xy, @ [Label] @ yx”.

In-Context Instruction Tuning

To overcome the limitations of multi-stage tuning and en-
able unified learning of speaker traits, contextual cues, and
emotion states, we introduce in-context instruction tuning.
Formally, given the training dataset D and prompt template
{T,Z, &}, let the recognized utterance be u; and its emotion

Conversations Utterances

Dataset Classes

Train Val Test Train Val Test

IEMOCAP 100 20 31 4778 980 1622 6
MELD 1038 114 280 9989 1109 2610 7
EmoryNLP 713 99 85 9934 1344 1328 7

Table 1: Statistics of the datasets.

label be y;, where (u;,y;) € D denotes the utterance-label
pair. The learning objective is to minimize the negative log-
likelihood loss:

LO)=— Y logpe(y | T.Z(w),E), ()

(ut,yt)ED

where 6 denotes the trainable parameters in LLM.

InitERC enables LLMs learn the speaker-context-emotion
alignment from context examples in a single learning stage.
During inference, the demonstration examples for the rec-
ognized utterance are also selected from the constructed
demonstration pool.

Experimental Settings
Datasets and Evaluation Metrics

We evaluate our framework on three benchmark datasets.
Statistics of these datasets are listed in Table 1.

* IEMOCAP (Busso et al. 2008) consists of dyadic con-
versations between pairs of ten speakers, containing 153
conversations and 7,433 utterances. Each utterance is la-
beled as one of six emotion categories: happy, sad, neu-
tral, angry, excited, and frustrated.

* MELD (Poria et al. 2019) is a multiparty conversation
dataset from Friends TV series, containing 1,433 con-
versations, 13, 708 utterances. Each utterance is labeled
as one of seven emotion categories: anger, disgust, fear,
joy, neutral, sadness, and surprise.

EmoryNLP (Zahiri and Choi 2018) is also collected
from Friends TV series, containing 97 episodes, 897
scenes, and 12,606 utterances. Each utterance is an-
notated as one of seven emotion types: neutral, joyful,
peaceful, powerful, scared, mad, and sad.

Following prior studies (Zhang, Chen, and Chen 2023;
Qin et al. 2023; Fu et al. 2025), we use the weighted av-
erage F1 score (w-F1) to evaluate performance on all three
datasets.

Implementation Details

We implement the proposed InitERC using LLaMA-Factory
framework (Zheng et al. 2024). In this paper, we adopt
LLaMAS3.1-8B-Instruct (Grattafiori et al. 2024) as our LLM
backbone. For in-context example selection, we set the
number of examples k£ to 5. To enable parameter-efficient
fine-tuning, we apply LoRA (Hu et al. 2022) by inserting
low-rank adapters in all linear layers, with the rank set to 8.



We employ AdamW optimizer (Kingma and Ba 2015), with
the learning rate of le-4, and the batch size of 8. The maxi-
mum input length is set to 2048 for [IEMOCAP, and 1024 for
both MELD and EmoryNLP datasets. During inference, we
use greedy decoding strategy to predict emotion labels. All
experiments are conducted on a single NVIDIA RTX 4090
GPU.

Baseline Methods

To demonstrate the effectiveness of our InitERC framework,
we compare [nitERC with a range of conventional and LLM-
based ERC baselines. For conventional ERC methods, we
adopt both graph- and sequence-based methods. The graph-
based methods include SKAIG (Li et al. 2021), DAG-ERC
(Shen et al. 2021b), and DualGAT's (Zhang, Chen, and Chen
2023), which leverage psychological-knowledge-aware in-
teraction graphs, directed acyclic graph structures, or dual
graph attention networks to recognize emotion in conversa-
tion. The sequence-based methods include HiTrans (Li et al.
2020), DialogXL (Shen et al. 2021a), SPCL+CL (Song et al.
2022), and BERT-ERC (Qin et al. 2023), which utilize hi-
erarchical transformers, memory-augmented attention, con-
trastive learning, and pretrained language models to cap-
ture sequential and structural information within dialogues.
For LLM-based methods, we compare with ChatGPT (Zhao
et al. 2023) using 3-shot prompting, InstructERC (Lei et al.
2023) with two-stage instruction tuning, BiosERC (Xue
et al. 2024) which integrates speaker biographical knowl-
edge to fine-tune LLMs, and LaERC-S (Fu et al. 2025) that
fine-tunes LLaMA2-7B using a two-stage learning to cap-
ture emotion dynamics.

Results and Analysis
Main Results

Table 2 reports the performance of our InitERC and other
baseline methods on three datasets. Given that current LLM-
based approaches utilize LLaMA2-7B as their backbone,
we also adopt this LLM in InitERC for fair and consistent
comparison. From the results, we have the following ob-
servations: (1) Methods based on instruction-tuned LLMs,
such as BiosERC, InstructERC, and LaERC-S, outperform
conventional graph-based models (e.g., DAG-ERC, Dual-
GATs) and sequence-based models (e.g., DialogXL, Hi-
Trans). This indicates the superior capacity of instruction
tuning in modeling conversational dynamics compared to
conventional architectures. (2) ChatGPT exhibits a notable
performance gap compared to fine-tuned LLMs and even
performs worse than most traditional methods. These results
highlight that without fine-tuning, general-purpose LLMs
are less capable of modeling the nuanced emotional dynam-
ics required for ERC. (3) Our InitERC framework achieves
new state-of-the-art performance, surpassing the strongest
baseline (LaERC-S) by 20.25%, 9.44%, and 14.42% on
IEMOCAP, MELD, and EmoryNLP respectively. These
significant improvements validate our one-stage in-context
instruction-tuning framework can capture the complex inter-
play between speaker characteristics, dialogue history, and

Methods IEMOCAP MELD EmoryNLP
SKAIG 66.96 65.18 38.88
DAG-ERC 68.03 63.65 39.02
DualGATs 67.68 66.90 40.69
HiTrans 64.50 61.94 36.75
DialogXL 65.94 62.41 34.73
SPCL+CL 69.74 67.25 40.94
BERT-ERC 71.70 67.11 39.84
ChatGPT 48.58 58.35 35.92
InstructERC 71.39 69.15 41.37
BiosERC 69.02 68.72 41.44
LaERC-S 72.40 69.27 42.08
InitERC-Llama2-7B 80.50 76.66 55.11
InitERC 92.65 78.71 56.50

Table 2: Experimental results on three datasets.

Methods IEMOCAP MELD EmoryNLP

InitERC 92.65 78.71 56.50

WO fine-tuning 3650 2087 2538
in-context examples

w/o fine-tuning 11.12 7.57 10.90

w/o in-context examples ~ 71.74 69.54 40.33

Table 3: Ablation results on three datasets.

emotional dynamics more effectively. (4) Even when adopt-
ing LLaMA2-7B as backbone, InitERC still demonstrates
strong performance, outperforming all other baselines. This
validates the rationality and superiority of our framework in
harnessing LLMs potential for specialized ERC tasks.

Ablation Study

We conduct an ablation study to investigate the impact of
in-context examples and instruction tuning in our proposed
InitERC framework. Table 3 presents the ablation results.
First, adopting a zero-shot prompting setting without both
fine-tuning and in-context examples (i.e., w/o fine-tuning
& in-context examples) yields limited performance. This
indicates that relying solely on the LLM’s inherent zero-
shot capabilities is insufficient to handle the complexity of
ERC. Second, eliminating the fine-tuning stage while re-
taining the in-context examples (i.e., w/o fine-tuning) re-
sults in a severe performance collapse, even worse than
the zero-shot prompting setting. This may be attributed to
the fact that without fine-tuning, the presence of in-context
learning might introduce inconsistencies or noise that the
model is not able to interpret correctly, whereas a pure zero-
shot prompt provides a more stable yet generic inference
baseline. Third, removing in-context examples (i.e., w/o in-
context examples) leads to a notable performance drop on all
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Figure 2: Cross-dataset experimental results on three datasets. “Single” and “Mix” denote training on a single and mixed dataset,
respectively. For both settings, we select data from each dataset at proportions of 1/64, 1/32,1/16,1/8,1/4,1/2, and 1.

three datasets. This demonstrates that fine-tuning alone can-
not adequately learn the alignment among speaker charac-
teristics, conversational context, and emotion states without
demonstration examples. Overall, the results clearly demon-
strate that InitERC—which jointly incorporates in-context
examples and instruction tuning—significantly outperforms
all ablation variants, which validates the design rationality
of our framework.

Cross-Dataset Robustness Analysis

To validate our InitERC’s robustness capability, we perform
cross-dataset evaluation experiments. First, we sample equal
proportions from the training sets of [IEMOCAP, MELD, and
EmoryNLP, and merge them into a mixed dataset. We then
fine-tune InitERC on the mixed dataset and inference sepa-
rately on the test sets of the three original datasets. For com-
parison, we also report the results of InitERC when both
training and inference on the original datasets. Following
previous work (Lei et al. 2023; Fu et al. 2025), we map the
emotion labels of the three datasets into a unified label space
before mixing to ensure label consistency across datasets.

Figure 2 presents cross-dataset experimental results on
three datasets. We can observe that InitERC generally
benefits from training on the mixed dataset under low-
resource conditions (< 1/8), demonstrating robust gener-
alization when data is scarce due to the supply of com-
plementary conversational cues. Moreover, as the training
size increases, the gap between InitERC trained on mixed-
and single-dataset narrows on MELD and EmoryNLP, yet
the mix-trained InitERC remains competitive, indicating
its robustness across varying data scales and heteroge-
neous distributions. In contrast, mixed training underper-
forms single-dataset training on IEMOCAP at 1/2 and full
data scales, likely stems from the mismatch between IEMO-
CAP’s dyadic, acted dialogues and the multi-party interac-
tions in MELD and EmoryNLP. Overall, InitERC shows
strong cross-dataset robustness, particularly in low-resource
scenarios and on structurally compatible datasets. However,
when the target domain has distinctive discourse structures,
indiscriminate mixing can undermine robustness once suffi-
cient in-domain data is available.

Methods IEMOCAP MELD EmoryNLP
LoRA-Qwen 71.28 68.95 38.74
LoRA-LLaMA 71.74 69.54 40.33
InitERC-Qwen 91.05 77.52 56.35
InitERC-LLaMA  92.65 78.71 56.50

Table 4: Experimental results across different LLMs.

Generalization Analysis across LLMs

To evaluate the generalization capability of InitERC across
different LLMs, we conduct experiments with another open
source LLM, namely Qwen2.5-7B-Instruct (Yang et al.
2025). Furthermore, we instruction-tune each LLM using
LoRA without any in-context examples, serving as com-
parison baselines. Table 4 presents the results, showing that
InitERC consistently outperforms the LoRA-only baselines
across both LLM backbones. Specifically, InitERC-LLaMA
achieves the highest performance on all datasets, signif-
icantly surpassing its LoRA-LLaMA baseline. Similarly,
InitERC-Qwen demonstrates substantial improvements over
LoRA-Qwen across all datasets. It is worth noting that
InitERC with LlaMA performs slightly better than with
Qwen, primarily due to LLaMA-3.1-8B-Instruct’s larger
model capacity and broader training data, which provide
richer priors for emotion recognition. These findings high-
light that our in-context instruction tuning framework is ef-
fective and generalizable across different LLMs, enabling
stronger alignment of speaker identity, contextual cues, and
emotion states.

Further Analysis

To further investigate the impact of in-context examples,
we conduct comprehensive study of three key factors in in-
context example selection including retrieval strategy, exam-
ple ordering, and the number of examples.

Impact of Retrieval Strategy To investigate the impact
of retrieval strategy, we conduct experiments on differ-
ent retrievers: Random, BM25 (Robertson, Zaragoza et al.



Retriever = IEMOCAP MELD EmoryNLP
Random 92.25 69.24 52.09
BM25 90.52 76.41 56.22
SBERT 88.74 75.27 53.72

Contriever 92.65 78.71 56.50

Table 5: Impact of retrieval strategy on InitERC perfor-
mance.
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Figure 3: Impact of in-context example ordering on InitERC
performance.

2009), SBERT (Reimers and Gurevych 2019), and Con-
triever (Izacard et al. 2022). As shown in Table 5, the per-
formance of InitERC varies considerably across different
retrieval strategies. This highlights the critical role of re-
trieval strategy in our InitERC framework, where effec-
tive retrieval of in-context examples can substantially im-
prove emotion recognition. Therefore, careful design re-
trieval methods warrants further attention and in-depth in-
vestigation. Moreover, future work could explore the poten-
tial of jointly training the retriever and the emotion recog-
nition model to further harmonize example selection with
emotion inference.

Impact of In-Context Example Ordering To investigate
how the in-context example ordering impacts the efficacy
of InitERC, we carry out experiments on various orderings:
“Similar-First”, where the most similar examples are posi-
tioned at the beginning; “Similar-Last”, where the most sim-
ilar examples are placed at the end; and “Random”, where
the order of examples is randomized. As illustrated in Fig-
ure 3, the performance differences across ordering strategies
are relatively marginal on all datasets, indicating that the or-
dering of in-context examples has only a minimal influence
on the performance. The finding demonstrates that InitERC
is inherently robust to the sequence of demonstration exam-
ples, and specifically designed ordering schemes may be un-
necessary, thereby simplifying the construction of in-context
prompts.
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Figure 4: Impact of number of in-context examples on
InitERC performance.

Impact of Number of In-Context Examples To inves-
tigate the impact of the number of in-context examples k
on the performance, we vary k£ from 1 to 6. From Fig-
ure 4, we can observe that across all three datasets, as k in-
creases, the performance of InitERC generally shows an up-
ward trend, although the rate of improvement gradually sat-
urates. This result demonstrates that increasing the number
of in-context examples contributes positively to our InitERC
performance, particularly in the early phase, but with di-
minishing returns beyond a certain point. This finding high-
lights the practical trade-off between computational effi-
ciency and performance gains when scaling in-context ex-
ample size, and further implies that a moderate number of
well-retrieved examples is sufficient for effective instruction
tuning in ERC.

Conclusion

In this paper, we propose InitERC, a one-stage instruction
tuning framework for ERC that enables LLMs to learn the
alignment among speaker identity, conversational context,
and emotional state from in-context examples. InitERC con-
tains demonstration pool construction, in-context example
selection, prompt template design, and in-context instruction
tuning: it first creates a candidate set of examples, retrieves
the most relevant demonstrations, integrates the task de-
scription, target input, and selected examples into a unified
prompt format, and finally fine-tunes LLMs using the con-
structed instruction prompts. Experimental results on three
benchmark datasets show that the proposed framework out-
performs both conventional and LLM-based ERC baselines,
demonstrating the effectiveness of one-stage in-context in-
struction tuning. Moreover, our comprehensive analysis of
retrieval strategy, example ordering, and the number of in-
context examples provides useful suggestions for optimiz-
ing example selection in InitERC. We hope these findings
can offer some insights for future research on in-context in-
struction tuning for ERC.
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