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Abstract. Large language models (LLMs) are increasingly integrated into conversational systems, where
understanding emotional cues is essential for maintaining coherent, engaging, and safe interactions. This study
evaluates how effectively modern instruction-tuned large language models (LLMs) can recognize emotions
from text only without task-specific fine-tuning. We benchmark multiple open-weight LLM families (<15B
parameters) across four prompting strategies — Baseline, Context, Few-shot, and Context+Few-shot — on two
English ERC benchmarks (IEMOCAP, MELD) and one Russian dataset (RESD). We find that the optimal
prompting strategy is dataset-dependent: semantically redundant data such as IEMOCAP benefits most from
few-shot demonstrations (best 73.3% weighted F1-score (WF1) with Context+Few-shot), whereas MELD gains
primarily from incorporating dialogue history (best 60.3% WF1 with Context). Robustness experiments show
that LLMs are largely insensitive to reordering few-shot examples, but performance degrades substantially
when the label space is corrupted, indicating that coherent labels space matters more than order of examples or
their ground truths. Cross-lingual evaluation reveals a notable drop on Russian RESD (best 45.8% WF1),
highlighting a persistent gap between English and Russian affect understanding in current LLMs. Overall, non-
finetuned LLMs serve as strong prompt-only baselines for ERC, yet remain clearly behind specialized
supervised systems.
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AnHoTtanus. bosbime s3pikoBeie Mogenu (LLMs) BcE yaie MHTEIPUPYIOTCS B JJHAJIOTOBBIC CUCTEMBI, IJIe
TIOHUMAaHHEe MOIMOHAIBHBIX CUTHAJIOB SIBJIACTCS KIIOYEBBIM IS MOJIEPHKAHUS CBSI3HBIX, YBIEKATEIbHBIX U
0€e30MacHBIX B3aMMOJEHCTBHI. B 3TOM HCCIe10BaHHH OIIEHMBAETCS, HACKOIBKO (P ()EKTHBHO COBPEMEHHbIE
uHCTpyKTHBHBIe LLM MOryT pacrno3HaBaTh SMOLMH TOJBKO IIO TEKCTy 0e3 TOHKOH HACTPOHKH IOJ
KOHKPETHYIO 3a]1a4y. MBI TeCTUpPYeM HECKOIbKO ceMecTB LLM ¢ OTKPBITEIM BeCOM (KOINYECTBO IapaMeTPOB
<15B) mno uerblpeM crpaTerusiM 3ampoca — 0a30Bas, KOHTEKCTHas, Ha NPHUMEpPax W KOMOMHMPOBaHHAs
CTpaTerys, 00bEANHSIIONas KOHTEKCTHBIC JaHHBIC U IPHMEpHI ¢ Pa3METKOH — Ha OCHOBE ABYX AHTIIMHCKHX
Habopos manublx (IEMOCAP, MELD) u ognoro Habopa maHHBIX Ha pycckoM s3bike (RESD). Pesymbrars
9KCIEPUMEHTOB MOKa3bIBAIOT, YTO ONTHMAJbHAS CTPaTerHs IMOMCKA MOJCKA30K 3aBUCHT OT HaOOpa JAaHHBIX:
CeMaHTHYECKH M30bITOYHbIe NaHHbIe, Takne kak IEMOCAP, Goubliie BCero BHIMIPHIBAIOT OT JAEMOHCTPALIMU
HECKOJIBKUX KaapoB, B TO BpeMss kak MELD BbIMIrpbIBacT B OCHOBHOM OT BKJIOUEHHS MCTOPHU JIHAlora
(iyamiee 3Hauenue 60.3% WF1 ¢ koHTekCcTOM). DKCIEPUMEHTBI C HAJEKHOCTBIO IOKa3bIBaIOT, 4To0 LLM-
CHCTEMBI B 3HAYHTENILHOH CTENEHNM HETyBCTBHTEIBHBI K M3MEHEHHUIO NODSAKA HECKONBKHX NPHMEPOB, HO
MPOM3BOAUTENBHOCTD CYIIECTBEHHO CHIDKAETCS TIPU MOBPEKACHHH IPOCTPAHCTBA METOK, YTO YKa3bIBaeT Ha
TO, 4YTO COIJIACOBAHHOE IPOCTPAHCTBO METOK MUMEET OOoJiblliee 3HAYEHHE, YeM IOPSJOK MPUMEPOB WM MX
MPaBIIBHEIX K1accoB. Kpocc-s3bIKoBast OLEHKa BBIIBILSIET 3aMETHOE CHIDKCHHE KauecTBa Ha PYCCKOS3BIYHOM
RESD, 4T0 nom4€pKuBaeT YCTOMYMBBIA Pa3pbiB MEKIy MOHMMAHHEM SMOIMH Ha aHTJIMICKOM M PYCCKOM
A3blkax B coBpeMeHHbIX LLM. IlosyueHHble BbIBOJIBI CBHIETEIBLCTBYIOT O TOM, uTo LLM 6e3 noo0yueHus
BBICTYIIAIOT B KAYE€CTBE CUIIBHBIX 0a30BbIX peu_lel-mi/'l, OCHOBAHHBIX TOJIBKO Ha NNPOMIITAaX, AJIs pacliO3HaBaHUs
9MoIHif, 0JHAKO BCE emIé 3aMETHO yCTYAIOT CHENUaIN3HPOBAHHBIM CHCTEMaM, OOYUECHHBIM C YIHTEIIEM.

KiroueBbie cjioBa: 00JIbIINE SI3bIKOBbIE MOJIENIN; PACIIO3HABAHUE SMOLIUIT; YCTOHUMBOCTD; 00Y4EHHE C MaJIbIM
YHCIIOM NPUMEPOB; TOHUMAHHE SMOLIUH.

s murupoBanus: [satimmako E.C., IMTaBno M.J., Turpansu III.T., Aserucsn A.A. Bo3moxHocTH
pacro3HaBaHMs SMOLMI y OONBIINX A3BIKOBBIX MOJIENei: cpaBHUTENbHBIH ananu3. Tpyast UCIT PAH, Tom 38,
BbII. 3, yactb 4, 2026 r., ctp. 157-174 (na anrauiickom s3bike). DOIL: 10.15514/ISPRAS-2026-38(3)-53.

1. Introduction

Large language models (LLMs) have become widely adopted across various domains, and their role
in human-computer interaction continues to expand. As these systems increasingly participate in
everyday communication, it is important to assess whether they are capable of interpreting emotional
cues in an accurate and stable way. Emotion recognition from text provides a natural framework for
evaluating this capability, as it requires models to infer affective states based not only on lexical
content, but also on contextual and pragmatic cues.

In recent years, users have begun to engage with LLMs in ways that resemble interpersonal
communication, often attributing social agency or personality-like qualities to these systems. This
shift increases the importance of reliable emotion understanding, as misinterpretation of affective
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signals can lead to misunderstandings, reduced user trust, or even emotional harm. Moreover, robust
emotion recognition supports more adaptive, context-sensitive responses, enabling models to
provide appropriate feedback in applications such as mental health support, education, and
collaborative decision-making. Therefore, evaluating and improving the emotional awareness of
LLMs is a crucial step toward developing safer and more human-aligned conversational systems.
In this study, we investigate how effectively contemporary LLMs can perform emotion recognition
without any task-specific fine-tuning. We evaluate multiple instruction-tuned models on two widely
used English-language benchmarks, MELD and IEMOCAP, which focus on utterance-level emotion
classification in conversational settings. Additionally, we assess cross-lingual generalization by
examining performance on the Russian-language dataset RESD, where resources and prior work
remain considerably more limited.

Beyond measuring classification performance, we also examine the robustness of LLMs in few-shot
prompting scenarios. Specifically, we analyze the effect of perturbing the structure and order of in-
context examples to determine how sensitive LLM predictions are to prompt configuration.

The key questions addressed in this work are therefore:

(1) Can LLMs reliably recognize emotions from text without fine-tuning?
(2) Do LLMs perform this task consistently under changes to prompt structure?

(3) How well do LLMs generalize to emotion recognition in Russian compared to English?

2. Related works

In the field of emotion understanding, several related tasks have been extensively studied, including
emotion recognition (ER), emotion recognition in conversation (ERC), sentiment analysis, personal
trait recognition, video captioning, and open-vocabulary emotion recognition.

In recent years, researchers have expanded beyond the traditional text focus by incorporating
multiple modalities, including video, facial images, speech/audio, physiological signals, gestures,
and full-body motion [1-2]. In this paper, however, we focus exclusively on the text modality for
ER and ERC. This choice is motivated by two considerations. First, many real-world applications
provide only textual content (e.g., chat logs, online forums, customer support messages, or privacy-
constrained settings), where audio-visual signals are unavailable or unreliable; thus, it is important
to understand the upper bound of emotion recognition from language alone. Second, the core
objective of this work is to evaluate prompted large language models, which are primarily designed
and optimized for textual inference. By restricting the input to text, we isolate the contribution of
linguistic cues and directly assess how well LLMs can infer emotional states without leveraging
nonverbal information such as tone, prosody, or facial expressions.

Although state-of-the-art results in emotion recognition are still predominantly achieved by task-
specific models designed and fine-tuned explicitly for emotion-related objectives, rather than by
large language models (LLMs) trained primarily for text generation, recent studies have increasingly
explored how effectively LLMs can perform emotion classification tasks [3].

Existing approaches for leveraging LLMs in emotion classification can be broadly categorized into
three main directions. The first and most common involves alignment-based fine-tuning, typically
using Low-Rank Adaptation (LoRA) [4] or similar parameter-efficient techniques. Notably, fine-
tuning is not always performed directly on the emotion recognition (ER) task itself. For instance, in
InstructERC[5], the model is fine-tuned on two auxiliary tasks: speaker identification and future
emotion prediction, where the model predicts the emotional state of the speaker in subsequent
utterances. However, fine-tuning large language models remains computationally expensive and
resource-intensive. We evaluate exclusively non-fine-tuned (frozen) LLMs, treating them as black-
box models where internal weights are hidden and only the resulting outputs are accessible for
examination.
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The second major direction focuses on prompt engineering. In these approaches, only textual
information is used, but the prompt is augmented with additional contextual or descriptive cues
derived from the dataset or external sources. For instance, LaERC-S [6] extracts knowledge about
participants’ mental states, behaviours, and personality traits via preliminary questions to the model;
the resulting information is then concatenated with the main query to enhance emotion prediction.
Similarly, BiosERC [7] incorporates speaker biography information directly into the prompt,
allowing the model to leverage background knowledge about the speaker when interpreting
emotional cues.

Many studies, such as AER-LLM [8], DialogueLLM [9], InstructERC [5], LaERC-S [6], and
Beyond Silent Letter [10], adopt a strategy in which the historical dialogue context (i.e., preceding
utterances in a conversation) is provided alongside the target utterance. This approach aligns with
findings in emotion recognition in conversation (ERC), where contextual cues often play a critical
role in accurately interpreting emotions.

A widely used technique for large language models, few-shot prompting [11], has also been
successfully applied to emotion recognition. In this paradigm, the model is first presented with
several examples (pairs of input utterances and their corresponding correct emotional labels) before
being asked to classify a new instance. The few-shot setting has been explored in works such as
AER-LLM [8] and InstructERC [5], showing that LLMs can benefit significantly from in-context
examples even without task-specific fine-tuning.

The third direction involves chain-of-thought (CoT) prompting [12], where LLMs generate
intermediate reasoning steps before the final answer, mimicking human problem-solving. This
approach improves performance on tasks requiring multi-step reasoning. In OmniVox [13], the
model first describes acoustic features, then analyzes the segment step by step, and only after that
classifies the emotion. In [14], reasoning questions are generated by an LLM and then answered
sequentially by the same model to reach the final prediction. These studies show that explicit
reasoning guidance can enhance LLM performance on ER and ERC tasks.

The studies mentioned above evaluate their approaches on a limited set of models, which is a notable
limitation. The experiments typically involve LLaMA [15] or Vicuna [16] families, while some
works also include closed-source models such as GPT-3 [11].

Recent studies have shown that few-shot in-context learning can be highly unstable with respect to
various factors, including example order, example selection, input—label alignment, and label-space
configuration. Zhao et al. [17] showed that for GPT-3 and GPT-2, accuracy can vary from near-
random to nearly perfect solely by changing the order of examples in the prompt. The authors also
showed that instability depends on class distribution within the few-shot context. Y. Lu et al. [18]
further confirmed that even minor reordering can cause dramatic performance swings, and that
effective example sequences are not transferable between models.

Finally, S. Min et al. in [19] found that the input-label pairing in examples is often not crucial —
replacing labels with random ones has little effect — while the label space, input distribution, and
prompt format play a much larger role.

These findings indicate that few-shot prompting is inherently unstable, and its robustness cannot be
assumed. In our work, we examine this instability across models of different sizes using the emotion
classification task as a test case.

Most research on emotion recognition has been conducted primarily in English. However, other
languages exhibit their own linguistic and cultural specificities, which may influence how emotions
are expressed and interpreted. Despite this, comparatively few studies have examined emotion
recognition in these languages. In this work, we consider Russian as an example of a language for
which research in this area remains limited. Existing studies for Russian mostly rely on non-
generative models such as RuBERT [20] and its variants (RuBERT-tiny2, RuBERT-large), which
are based on the BERT architecture. Emotion2vec [21] applies self-supervised learning,
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incorporating the audio modality, and BLSP-Emo [22] performs LLM alignment for this task. In
[23] authors explore zero-shot emotion recognition, but only evaluate a single LLM.

To our knowledge, no prior work has conducted a comprehensive evaluation of multiple multilingual
LLMs on Russian emotion recognition without fine-tuning. Our study addresses this gap.

3. Methods

3.1 Datasets

Three datasets were used in this study: two English-language corpora, IEMOCAP [24] and MELD
[25], and one Russian-language corpus, RESD [26].

The Interactive Emotional Dyadic Motion Capture (IEMOCAP) [24] dataset is a multimodal corpus
developed at the SAIL Laboratory of the University of Southern California (USC). It contains
approximately 12 hours of audiovisual recordings, including video, speech audio, facial motion
capture data, and corresponding text transcriptions. The corpus comprises five dyadic sessions in
which professional actors perform both scripted and improvised dialogues designed to express a
variety of emotional states. Following the standard evaluation setup used in prior studies [1], our
experiments were conducted on Session 5, which contains 2,071 utterances. Consistent with earlier
works [27], we merge the “excited” and “happy” categories, resulting in four target emotion classes:
angry, sad, neutral, and happy.

The Multimodal Emotion Lines Dataset (MELD) [25] contains audio, video, and text modalities. It
consists of more than 1,400 dialogues and 13,000 utterances extracted from the TV series Friends,
involving multiple speakers in each conversation. Every utterance is annotated with one of seven
emotion categories: anger, disgust, sadness, joy, neutral, surprise, and fear. Our experiments were
conducted on the test split, which comprises 2,610 utterances. We perform emotion classification
using all seven emotion classes.

Both MELD and IEMOCAP are English-language, dialogue-based datasets in which classification
is performed at the utterance level within a conversational context.

The Russian dataset of Emotional Speech Dialogues (RESD) [26] was compiled from approximately
3.5 hours of live speech recorded by actors who expressed predefined emotions in dialogues lasting
about 3 minutes each. The test split includes 280 Russian-language utterances, each labeled with
one of seven emotion categories: fear, anger, happy, enthusiasm, neutral, disgust, and sadness.
Unlike MELD and IEMOCAP, RESD is not conversational, its utterances are independent and not
contextually linked within dialogues.

In all datasets we use only text modality.

3.2 Prompt-techniques

In our study, we employ several prompt construction strategies. The baseline strategy uses a standard
system prompt for emotion classification. The context strategy extends this baseline by additionally
providing several preceding utterances to the model, thereby incorporating conversational history.
The few-shot strategy augments the prompt with illustrative examples of emotion classification to
guide the model’s reasoning. Finally, the context + few-shot strategy combines both techniques,
integrating contextual dialogue information along with example-based guidance.

3.2.1 Baseline

The Baseline setting serves as the simplest prompting strategy, where the model receives a single
utterance from the dataset as a user message, accompanied by a task-specific system prompt defining
the target emotion categories.

Each dataset uses a tailored prompt specifying its label set and concise emotion definitions,
instructing the model to output a single emotion label without additional commentary.
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The following system prompt is used in the baseline setting for the MELD dataset: “You are an
emotion classification assistant. Your task is to analyze the input text and classify the underlying
emotion as one of the following seven categories: — Neutral: Default for ambiguous/mixed tones,
factual statements, no detectable emotional tone or mixed/ambiguous cases. — Joy: Expressions of

happiness, excitement, amusement, affection, or positive feelings. — Surprise: Reactions of
astonishment, unexpectedness, disbelief, or shock (positive or negative). — Anger: Frustration,
hostility, irritation, sarcasm, raised voice, or displeasure. — Sadness: Grief, hopelessness,

disappointment, sorrow, regret, or apologetic expressions. — Fear: Anxiety, nervousness, insecurity,
worry, or expressions of being threatened. — Disgust: Aversion, contempt, dislike, revulsion, or
disapproval. Respond with only one of the seven emotion labels: Neutral, Joy, Surprise, Anger,
Sadness, Fear, or Disgust. Do not provide explanations or additional commentary”. Classify the
utterance of conversation. Prompts for the other datasets are constructed in an analogous manner.

3.2.2 Context
Both MELD and IEMOCAP are dialogue-based datasets in which the emotional interpretation of an
utterance depends on its conversational context. Therefore, we propose a Context approach that
extends the baseline by incorporating a fixed number of preceding utterances, controlled by the
context_window hyperparameter.
The system prompt is constructed as follows:

{system prompt}{history prefix}{history}
where:

e system prompt is identical to the baseline version, except that the final line is modified
from "Classify the utterance of conversation."” to "Consider conversation, then classify the
last utterance of conversation.”

e history_prefix is a fixed text: "This is a conversation:"

e history is the concatenation of up to context window preceding utterances. If fewer than
context_window utterances are available, all previous utterances are used.

This modification allows the LLM to utilize contextual information and assess how prior dialogue
influences the emotional tone of the final utterance.

3.2.3 Few-shot

The Few-shot approach includes a small set of input-output examples in the prompt, allowing the
model to infer task patterns and generalise to emotion recognition without additional fine-tuning.
Each example follows the template:

Utterance <utterance> has emotion label <emotion>

Before presenting the examples, we prepend a fixed prefix “There are some examples”. Following
the strategy of InstructERC [5], examples are selected only from the training split.

Sentence embeddings are computed using SBERT [28], and the most similar examples to the target
utterance are identified via cosine similarity. A set of the top_k most similar labelled examples is
prepended to the prompt, where top_k specifies the number of demonstrations used for few-shot
learning.

3.2.4 Context + Few-shot

The Context + Few-shot approach combines the two previous strategies — context and few-shot
prompting. Similar to the context setup, the model receives the previous context_window utterances
from the dialogue, along with the target utterance. In addition, as in the few-shot setting, the prompt
includes several demonstration examples.
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Each example contains both the target utterance and its preceding context, ensuring that the
examples and the final query share a consistent conversational format. This consistency helps the
model better align its reasoning and output style with the examples provided.

The system prompt is constructed using the following template:

{system prompt}{example prefix}{example}{history prefix}{history}

All components follow the same definitions as in the previous approaches.

4. Experiments

We evaluate models using Weighted F1-score (WF1), Unweighted Accuracy (UA), and Weighted
Accuracy (WA). The WF1 accounts for class imbalance by balancing precision and recall. UA
measures average performance across all classes equally, while WA reflects class frequency,
providing a more realistic estimate of overall accuracy. Together, these metrics offer a
comprehensive assessment of model performance.

4.1 Models

This study evaluates a set of open-weight large language models (LLMs) containing fewer than 15
billion parameters. The examined models belong to several representative families: Gemma 3 [29]
(gemma-3-1b-it, gemma-3-4b-it, gemma-3-12b-it), LLaMA [15] (llama-3.1-8b-instruct, llama-3.2-
1b, llama-3.2-3b, llama-3.2-11b-vision-instruct), Mistral [30] (mistral-7b-instruct-v0.2, mistral-
13b-instruct-v0.2), Phi 3 [31] (phi-3.5-mini-instruct), Qwen 2.5 [32] (qwen2.5-1.5b-instruct,
qwen2.5-3b-instruct, qwen2.5-7b-instruct, qwen2.5-14b-instruct), and Vicuna [16] (vicuna-7b-v1.5,
vicuna-13b-v1.5).

Only instruction-tuned variants of these models were considered. Such models are specifically
optimized for instruction-following and natural language understanding tasks, making them more
suitable for zero-shot and few-shot classification-style prompting compared to their base
counterparts.

All models were evaluated on the IEMOCAP and MELD datasets, whereas models supporting
multiple languages (see Table 1 for details) were additionally tested on the RESD dataset to assess
cross-lingual emotion recognition performance.

4.2 Experiments in English

The experiments were conducted in accordance with the prompting techniques described in the
previous section. For both the MELD and IEMOCAP datasets, all four prompting configurations
were evaluated: Baseline, Context, Few-shot, and Context + Few-shot.

For each model, the optimal values of context window (the number of preceding utterances) and
top_k (the number of few-shot examples) were determined empirically. The tables report the best
performance metrics obtained for each model under each prompting strategy.

To retrieve semantically relevant examples for the few-shot setting, we employed the sentence-
transformers [28] model all-MiniLM-L6-v2. This model maps sentences and paragraphs into a 384-
dimensional dense vector space and is commonly used for semantic similarity, clustering, and
information retrieval tasks.

4.2.1 Results on IEMOCAP

The baseline evaluation based on the IEMOCAP is presented in Table 2. LLaMA-3.1-8B achieves
the highest performance among all models.

163

Diatlinko E.S., Pavlov M.D., Tigranyan S.T., Avetisyan A.A. Emotion Recognition Capabilities of Large Language Models: A Comparative
Analysis. Trudy ISP RAN/Proc. ISP RAS, vol. 38, issue 3, part 4, 2026. pp. 157-174.

Table 1. Description of the utilized models.

Model Size (B) Model family RU support
google/gemma-3-1b-it 1 gemma 3 N4
google/gemma-3-4b-it 4 gemma 3 v
google/gemma-3-12b-it 12 gemma 3 N4
meta-llama/Llama-3.1-8B-Instruct 8 Llama v
meta-llama/Llama-3.2-1B-Instruct 1 Llama v
meta-llama/Llama-3.2-3B-Instruct 3 Llama v
meta-llama/Llama-3.2-11B-Vision-Instruct 11 Llama x
mistralai/Mistral-7B-Instruct-v0.2 7 mistralai X
microsoft/Phi-3.5-mini-instruct 4 Phi-3 v
Qwen/Qwen2.5-1.5B-Instruct 1.5 Qwen2.5 v
Qwen/Qwen?2.5-3B-Instruct 3 Qwen2.5 v
Qwen/Qwen2.5-7B-Instruct 7 Qwen2.5 v
Qwen/Qwen2.5-14B-Instruct 14 Qwen2.5 v
Imsys/vicuna-7b-v1.5 7 vicuna X
Imsys/vicuna-13b-v1.5 13 vicuna X

Table 2. Baseline performance of various instruction-tuned language models on the IEMOCAP dataset.
Results are reported in terms of metrics (%) weighted F1-score (WF1), unweighted accuracy (UA), and
weighted accuracy (WA). The best metric values within each model family are highlighted in bold, for each
metric, the best result across all models is underlined.

Model WF1 UA WA
gemma-3-1b-it 41.4 42.5 46.1
gemma-3-4b-it 47.0 46.2 48.7
gemma-3-12b-it 48.0 49.4 49.5

Llama-3.1-8B-Instruct 514 525 523
Llama-3.2-1B-Instruct 15.0 21.0 26.3
Llama-3.2-3B-Instruct 44.1 46.7 48.4
Llama-3.2-11B-Instruct 50.2 51.3 51.3
Mistral-7B-Instruct-v0.2 44.0 46.8 45.7
Phi-3.5-mini-instruct 44.4 46.9 46.4
Qwen2.5-1.5B-Instruct 50.6 514 51.5
qwen-3b-instruct 36.9 43.0 41.0
qwen-7b-instruct 49.5 50.7 51.6
qwen-14b-instruct 49.9 50.9 523
vicuna-7b-v1.5 50.0 50.6 47.9
vicuna-13b 42.7 46.6 43.7

When comparing different prompting strategies on the IEMOCAP dataset (Table 3), the Context +
Few-shot configuration yields the best overall results. At the same time, the Few-shot setup alone
consistently surpasses the Context-only approach. This pattern likely stems from the nature of
IEMOCAP, which contains many semantically similar utterances; consequently, few-shot
demonstrations provide more effective emotional cues than extended dialogue context.

The best results are achieved with a WF1 of 0.733, a UA 0f 0.731, and a WA of 0.747 by Qwen2.5-
14B-Instruct under the Context + Few-shot setup.

Within the LLaMA model family LLaMA-3.1-8B (medium-size variant) achieved the strongest
results. In contrast, in the Qwen, Gemma and Vicuna families, the largest models (Qwen2.5-14B,
Gemma-3-12B and Vicuna-13B) demonstrated the best performance.
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Table 3. Comparison of prompting strategies (Context, Few-shot, and Context + Few-shot) on the [IEMOCAP
dataset, reported in terms of metrics (%) WF1, UA, and WA. The best metric values within each model are
highlighted in bold, for each metric, the best result across all models is underlined.
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Model Method WF1 | UA | WA
gemma-3-1b-it context 52.8 | 529 | 574
few-shot 539 | 53.6 | 552
context few-shot 58.1 | 57.7 | 62.2
gemma-3-4b-it context 56.0 | 55.8 | 61.1
few-shot 62.6 | 62.2 | 64.8
context few-shot 68.4 | 68.0 | 70.3
gemma-3-12b-it context 56.3 | 56.6 | 59.8
few-shot 65.5 | 653 | 66.6
context few-shot 72.0 | 71.7 | 72.6
Llama-3.1-8B-Instruct context 572 | 57.0 | 60.3
few-shot 66.2 | 66.0 | 67.5
context few-shot 67.4 | 67.1 | 68.8
Llama-3.2-1B-Instruct context 6.8 19.9 | 25.1
few-shot 25.8 | 30.5 | 343
context few-shot 379 | 345 | 35.1
Llama-3.2-3B-Instruct context 444 | 442 | 50.0
few-shot 50.0 | 48.8 | 53.1
context few-shot 54.0 | 54.5 | 59.4
Llama-3.2-11B-Instruct context 56.6 | 56.4 | 60.2
few-shot 65.8 | 654 | 67.0
context few-shot 67.1 | 66.9 | 68.8
Mistral-7B-Instruct-v0.3 context 50.6 | 52.1 | 53.6
few-shot 61.1 | 61.1 | 63.5
context few-shot 63.9 | 62.5 | 65.8
Phi-3.5-mini-instruct context 48.0 | 49.2 | 51.6
few-shot 569 | 572 | 55.0
context few-shot 634 | 62.7 | 65.4
Qwen2.5-1.5B-Instruct context 48.5 | 49.3 | 499
few-shot 56.3 | 55.8 | 59.3
context few-shot 56.3 | 56.0 | 58.4
qwen-3b-instruct context 347 | 41.6 | 37.5
few-shot 51.0 | 53.0 | 52.2
context few-shot 63.9 | 64.0 | 63.4
qwen-7b-instruct context 53.8 | 54.6 | 54.9
few-shot 67.1 | 66.9 | 67.2
context few-shot 70.3 | 70.2 | 70.8
qwen-14b-instruct context 59.1 | 59.6 | 61.9
few-shot 642 | 64.1 | 65.3
context few-shot 733 | 73.1 | 747
vicuna-7b-v1.6 context 50.8 | 52.2 | 472
few-shot 56.9 | 57.2 | 55.0
context few-shot 59.4 | 59.1 | 56.8
vicuna-13b context 48.2 | 504 | 48.1
few-shot 60.9 | 60.8 | 59.9
context few-shot 62.2 | 61.3 | 60.0
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4.2.2 Results on MELD

Across models, the baseline results (Table 4) show clear capacity effects within model families (e.g.,
Gemma improves markedly from 1B to 12B), but the strongest baseline model depends on the
metric: Gemma-3-12B achieves the best baseline WF1 (0.588), Vicuna-13B the best baseline UA
(0.602), and Qwen-14B the best baseline WA (0.508).

Table 4. Baseline performance of various instruction-tuned language models on the MELD dataset. Results
are reported in terms of metrics (%) WF1, UA, and WA. The best metric values within each model family are
highlighted in bold, for each metric, the best result across all models is underlined.

Model WF1 | UA | WA
gemma-3-1b-it 47.0 | 444 | 29.0
gemma-3-4b-it 52.2 | 50.6 | 41.8
gemma-3-12b-it 58.8 | 579 | 46.4

Llama-3.1-8B-Instruct 57.8 | 58.7 | 39.8
Llama-3.2-1B-Instruct 30.5 | 303 | 19.7
Llama-3.2-3B-Instruct 519 | 559 | 29.7
Llama-3.2-11B-Instruct 574 | 583 | 394
Mistral-7B-Instruct-v0.2 563 | 57.3 | 39.8
Phi-3.5-mini-instruct 572 | 57.0 | 40.1
Qwen2.5-1.5B-Instruct 434 | 429 | 334
qwen-3b-instruct 56.3 | 57.2 | 39.3
qwen-7b-instruct 58.0 | 569 | 49.2
qwen-14b-instruct 56.6 | 55.1 | 50.8
vicuna-7b-v1.5 53.7 | 554 | 355
vicuna-13b 57.0 | 60.2 | 36.6

When evaluating prompting strategies (Table 5), the overall best configuration is obtained by Qwen-
14B with Context, which yields the highest WF1 (0.603) and WA (0.534) across all settings, while
the best UA is achieved by Vicuna-13B with Context (0.613). Importantly, the summary of per-
model winners reveals a consistent metric-dependent trend: WF1 and UA are most often maximized
by Baseline or Few-shot prompting, whereas WA strongly favors context augmentation. This
suggests a trade-off, where incorporating dialogue context primarily improves weighted accuracy
(WA), whereas few-shot demonstrations are especially beneficial for smaller models and more
frequently enhance WF1 and UA.

Overall, MELD appears highly context-dependent, and the most reliable way to improve WA is to
incorporate preceding turns, while the optimal choice for WFI/UA remains model-specific,
frequently favoring shorter baseline or few-shot prompts.

Across both datasets, the optimal prompting strategy is dataset-dependent. On IEMOCAP, where
many utterances are semantically similar, few-shot demonstrations provide particularly informative
emotional cues, leading to the strongest overall performance under the Context + Few-shot setup. In
contrast, MELD is more context-dependent, and incorporating preceding turns yields the strongest
performance. Beyond dataset effects, scaling trends are broadly consistent: larger models typically
perform better within families (e.g., Gemma), though the top baseline model can vary by metric.
Overall, these findings suggest that effective emotion recognition with LLM prompting requires
aligning the prompting strategy with the dataset’s structure, favoring demonstrations for IEMOCAP-
like data and dialogue context for MELD-like conversations.

To identify which emotion classes are most frequently confused, we analyze the row-normalized
confusion matrices (see Fig. 1). For IEMOCAP, most errors are driven by false positives for the
neutral class, with the strongest confusion occurring between happy and neutral. For MELD,
misclassifications into neutral are also present but less pronounced; the most frequent confusion is
disgust being incorrectly predicted as anger.

166



Jarnuuko E.C., TTapnoB MJIL., Turpansu IILT., ABerucsan A.A. Bo3MOKHOCTH pacro3HaBaHHs MOLMH y BONbIIMX S3BIKOBBIX MOJeNeii:
cpaBHUTEIbHBINA aHamu3. Tpyost UCIT PAH, 2026, Tom 38, Bbim. 3, acts 4, c. 157-174.

Table 5. Comparison of prompting strategies (Context, Few-shot, and Context + Few-shot) on the MELD
dataset, reported in terms of metrics (%) WF1, UA, and WA. The best metric values within each model are
highlighted in bold, for each metric, the best result across all models is underlined.

Model Method WF1 | UA | WA
gemma-3-1b-it context 449 | 42.8 | 34.6
few-shot 48.5 | 46.9 | 36.1
context few-shot 449 | 42.6 | 40.2
gemma-3-4b-it context 48.0 | 46.5 | 47.5
few-shot 432 | 420 | 434
context few-shot 40.8 | 40.2 | 46.3
gemma-3-12b-it context 58.8 | 56.6 | 53.2
few-shot 54.8 | 53.0 | 493
context few-shot 56.3 | 54.4 | 503
Llama-3.1-8B-Instruct context 51.9 | 50.2 | 43.8
few-shot 51.8 | 50.6 | 41.7
context few-shot 45.6 | 43.7 | 45.2
Llama-3.2-1B-Instruct context 2.3 4.4 16.6
few-shot 36.1 | 33.6 | 22.7
context few-shot 144 | 11.7 | 169
Llama-3.2-3B-Instruct context 53.0 | 51.6 | 36.6
few-shot 53.7 | 55.3 | 345
context few-shot 51.0 | 48.7 | 38.2
Llama-3.2-11B-Instruct context 50.3 | 48.5 | 44.0
few-shot 51.1 | 49.8 | 413
context few-shot 44.6 | 43.1 | 46.2
Mistral-7B-Instruct-v0.3 context 55.8 | 54.8 | 45.9
few-shot 57.3 | 57.3 | 44.7
context few-shot 55.6 | 53.5 | 44.6
Phi-3.5-mini-instruct context 55.6 | 53.7 | 43.5
few-shot 53.7 | 52.5 | 42.7
context few-shot 53.0 | 50.7 | 41.9
Qwen2.5-1.5B-Instruct context 50.9 | 524 | 359
few-shot 40.1 | 39.8 | 384
context few-shot 49.3 | 48.0 | 40.5
qwen-3b-instruct context 51.7 | 55.8 | 344
few-shot 573 | 579 | 42.2
context few-shot 51.8 | 52.5 | 40.2
qwen-7b-instruct context 57.1 | 55.6 | 49.7
few-shot 49.8 | 48.6 | 474
context few-shot 52.6 | 514 | 473
qwen-14b-instruct context 60.3 | 59.0 | 534
few-shot 53.5 | 52.0 | 49.9
context few-shot 56.4 | 55.1 | 51.5
vicuna-7b-v1.6 context 52.5 | 51.8 | 38.0
few-shot 49.7 | 50.6 | 31.6
context few-shot 50.8 | 49.3 | 41.2
vicuna-13b context 58.8 | 61.3 | 39.2
few-shot 56.2 | 60.1 | 34.7
context few-shot 544 | 558 | 31.1
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Table 6 indicates that LLMs constitute a viable ERC solution primarily as a strong prompt-only
baseline, but their performance remains clearly inferior to purpose-built models. Our prompt-based
approach achieves 60.3 WF1 on MELD and 73.3 WF1 on IEMOCAP, demonstrating that
instruction-tuned LLMs capture meaningful affective cues without task-specific training. However,
the gap to specialized ERC systems is substantial: on MELD, prior methods reach roughly 69-72
WF1, and on IEMOCAP the best models achieve 81-85 WF1, leaving our approach about §8-12
points behind on both datasets. Overall, these results suggest that prompt-only LLMs mainly reflect
raw general-purpose capabilities and should be viewed as competitive baselines rather than
replacements for state-of-the-art ERC architectures, which better exploit dialogue structure and
supervised adaptation.

IEMOCAP MELD

surprise 009 009 001 002 003 012 0 .
neutral NETE 0.03 003 008 0.03
joy - 014 H 005 002 0 001 014 O
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snger - 028 001 049 016 0.05
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Fig. 1. Row-normalized confusion matrices for emotion classification on IEMOCAP (left) and MELD (right).
Each cell shows the proportion of predictions for a given ground-truth class (rows) assigned to each
predicted label (columns). The “other” class denotes cases where the model produced an output outside the
predefined set of emotion labels.

Table 6. Comparison with prior methods on MELD and IEMOCAP in terms of WF1 (%).

Method MELD IEMOCAP Type
DialogXL [33] 62.41 73.02 transformer-based
ELR-GNN [34] 68.70 -

DAG-ERC [35] 63.65 78.08
DialogueGCN [36] 58.10 71.58 graph-based
COGMEN [37] - 81.55
CORRECT [38] - 84.64
OmniVox [13] 62.80 -
DialogueLLM [9] 71.90 -
Insﬁlcrf?[(;][s] 22; : finetuned 1lm-based
Bioserc [7] 69.83 -
aer-llm [8] - 57.90
Ours 60.30 73.30 llm-based
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4.3 Experiments in Russian

Experiments on Russian language emotion recognition were conducted using the RESD dataset. As
this corpus contains isolated utterances rather than dialogues, contextual information could not be
incorporated into the prompts, only the Baseline and Few-shot configurations were evaluated.

To ensure linguistic consistency, the experiments were limited to models explicitly supporting the
Russian language. Few-shot examples were selected using FRIDA [39], a Russian-adapted sentence-
transformer developed by Al Forever, which facilitated more accurate semantic matching within the
language.

The Few-shot strategy substantially outperformed the baseline, improving all evaluation metrics by
more than 10% (see Table 7 for details). The best performance was achieved by Qwen2.5-7B-
Instruct, reaching a weighted F1 0f 0.458, a UA 0of 0.450, and a WA of 0.445. Within model families,
the medium-sized variants Qwen2.5-7B and LLaMA-3.1-8B showed the strongest performance,
while for Gemma, the largest model (Gemma-3-12B) achieved the best results. However, the best
results on this dataset were reported in [26], the authors achieved an average accuracy ranging from
72% to 81%.

Table 7. Comparison of Baseline and Few-shot on RESD, reported in terms of metrics (%) WF1, UA, and
WA. The best metric values within each model are highlighted in bold, for each metric, the best result across
all models is underlined.

Model Method WF1 | UA WA
gemma-3-1b-it baseline 19.3 | 21.1 | 21.1
few shot 26.1 | 27.5 | 28.1
gemma-3-4b-it baseline 27.6 | 314 | 313
few shot 38.0 | 389 | 385
gemma-3-12b-it baseline 279 |304 | 304
few shot 38.5 | 39.3 | 394
Llama-3.1-8B-Instruct baseline 234 | 257 |253
few shot 42.0 | 42.1 | 424
Llama-3.2-1B-Instruct baseline 7.6 11.1 | 129
few shot 18.6 | 204 | 219
Llama-3.2-3B-Instruct baseline 11.7 | 179 | 185
few shot 252 | 27.5 | 26.8
Phi-3.5-mini-instruct baseline 19.7 | 229 | 22.7
few shot 35.7 | 354 | 355
Qwen2.5-1.5B-Instruct baseline 18.1 | 23.6 | 23.2
few shot 27.6 | 329 | 313
qwen-3b-instruct baseline 18.7 | 22.9 | 22.7
few shot 35.0 | 36.4 | 36.5
qwen-7b-instruct baseline 31.0 | 31.8 | 31.5
few shot 45.8 | 45.0 | 44.5
qwen-14b-instruct baseline 29.9 | 31.1 | 303
few shot 43.1 | 432 | 429

Overall, the obtained scores remain significantly lower than those on English datasets, reflecting the
current performance gap between English and Russian LLMs. This disparity highlights that emotion
recognition in Russian remains an open challenge, as most LLM research and optimization still focus
predominantly on English-language data.
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4.4 Robustness to few-shot prompt changes

To assess robustness to changes in few-shot prompt structure, we evaluate four perturbations of the
in-context examples: (1) shuffling example order, (2) reversing the order, (3) shuffling the provided
ground-truth labels among examples, and (4) assigning fully random labels. Fig. 2 reports the change
in weighted F1 (AWF1) relative to the original prompt. For interpretability, models are grouped by
scale into small (1-3B), medium (4-8B), and large (>10B) parameter ranges.

Across both datasets, purely structural changes to the prompt are comparatively benign. Shuffling
the example order produces only negligible performance shifts (generally within ~1%), and
reversing the order results in slightly larger but still moderate drops (up to ~2.5%). This indicates
that, for these instruction-tuned models, in-context classification is largely insensitive to the
sequence of examples, suggesting that models mostly extract a task template rather than relying
heavily on a specific positional arrangement.

More informative is the contrast between label-level perturbations. Shuffling labels among examples
consistently degrades performance by a small-to-moderate margin (~1.5-2.3%), but the effect is still
far weaker than fully random class assignments. When labels are randomized, performance collapses
sharply (approximately -15% to -21% on IEMOCAP and -7% to -9% on MELD across model sizes).
The key takeaway is that the decisive factor is not minor prompt formatting or even imperfect
example — label pairing, but whether the prompt preserves a coherent label space. In other words,
the models appear to rely primarily on which labels are available and how the task is framed, while
the exact correspondence between a particular example and its label contributes comparatively less
— an interpretation supported by the large gap between the mild impact of label shuffling and the
severe failure under random labels.

Impact of Few-Shot Perturbations Across Model Sizes and Datasets

Shuffle Order Reverse Order

BW-FL
AW

IEMOCAR MELD g IEMOCAP MELD
Label Shuffie Random Classes

AW-F1 (%)
AW-F1 (%}

IEMOCAP MELD : IEMOCAP MELD
- (1-38) = Mediam (4-A8) . Lerge (=100

Fig. 2. Effect of four types of few-shot prompt perturbations on model performance (AWF1, %), grouped by
model size and dataset.

Overall, the results suggest that modern LLMs are robust to few-shot prompt reformatting
(reordering/shuftling), and only moderately sensitive to breaking example — label consistency, but
they strongly depend on having a meaningful, non-adversarial label space. This implies that ensuring
a stable and well-defined set of target classes is more critical for reliable few-shot classification than
preserving the exact structure or ordering of the few-shot demonstrations.
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5. Conclusion

This study presents a comprehensive evaluation of modern large language models (LLMs) in
recognizing emotional states from text without task-specific fine-tuning. The analysis spans multiple
model families across different parameter scales, various prompting strategies, and three datasets:
two English-language IEMOCAP, MELD) and one Russian-language (RESD).

Our experiments show that the optimal prompting strategy depends on the properties of the
benchmark. In practice, strong performance is achieved when the prompt is matched to the dataset’s
structure — few-shot demonstrations are particularly helpful for IEMOCAP-style data, whereas
MELD-like conversations benefit more from explicitly incorporating dialogue history.

Robustness analysis indicates that modern LLMs are largely insensitive to few-shot prompt
reformatting (e.g., reordering or shuffling demonstrations) and only moderately sensitive to breaking
example-label consistency. However, they strongly depend on a meaningful, non-adversarial label
space. This suggests that maintaining a stable and well-defined set of target classes is more important
for reliable few-shot classification than or ordering of the demonstrations or their labels.

For the Russian RESD benchmark, performance remains markedly below the English results,
pointing to a persistent gap in multilingual affect understanding. This suggests that, despite nominal
multilingual capabilities, robust emotion recognition in Russian is still underdeveloped — largely
reflecting the English-centric focus of current model development and training data.

Taken together, these findings position non-finetuned LLMs as a practical option mainly in the role
of a prompt-only baseline. While they exhibit meaningful zero-/few-shot capabilities, they still lag
behind specialized ERC systems that leverage supervised adaptation and richer modeling of
conversational structure, and therefore should be treated as competitive reference points rather than
substitutes for state-of-the-art architectures.
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