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Abstract 

Emotion lexicons are an important tool for textual emotion recognition; however, they represent words as 
lemmas, disregarding morphological variation. This study tests the hypothesis that grammatical form influences 
emotion classification. For 473 verbs from the Russian Emotion Lexicon, indicative and imperative forms were 
generated (5,676 verb forms in total). Three encoders (ruBERT-tiny2, ruBERT-base, ruRoBERTa-large), fine-tuned 
on a corpus compiled from available Russian-language emotion analysis datasets, classified each form. The results 
demonstrate that past tense feminine forms systematically achieve optimal performance, surpassing the infinitive in 
F1-score, whilst imperative forms exhibit the poorest performance. Error analysis revealed a consistent pattern 
across all models: imperative and second-person present tense forms labeled as Sadness were systematically mis-
classified as Anger. Preliminary experiments with large language models showed similar tendencies with lower 
morphological sensitivity. 
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Морфология в распознавании эмоций: как глагольная форма 
влияет на предсказания языковой модели 

Аннотация 

Эмоциональные лексиконы являются важным инструментом распознавания эмоций в тексте, однако 
они, как правило, представляют лексические единицы в виде лемм, не учитывая морфологическую 
вариативность. В работе представлено экспериментальное исследование о влиянии грамматической формы 
на определение эмоционального класса лексической единицы. Для 473 глаголов из Russian Emotion Lexicon 
были сгенерированы формы изъявительного и повелительного наклонения (всего 5676 глагольных форм). 
Три энкодера (ruBERT-tiny2, ruBERT-base, ruRoBERTa-large), дообученные на корпусе, составленном на 
основе доступных русскоязычных датасетов для анализа эмоций, классифицировали каждую форму. 
Выявлено, что формы прошедшего времени женского рода систематически показывают наилучшие 
результаты, превосходя инфинитив по F-мере, а формы повелительного наклонения, напротив, имеют 
наименьшие показатели. Анализ ошибок выявил устойчивую тенденцию, характерную для всех моделей: 
формы повелительного наклонения и второго лица настоящего времени с истинной меткой «Грусть» 
систематически классифицировались как «Злость». Предварительные эксперименты с большими языковыми 
моделями показали схожие тенденции при меньшей чувствительности к морфологии. 
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1. Introduction 

Textual emotion recognition is one of the key tasks in natural language processing (NLP). Emotion 
lexicons, consisting of lists of words and expressions associated with different emotional categories [1: 
34], remain an important tool in this field [2]. However, existing lexicons, like traditional dictionaries, 
typically disregard morphological variation: words are represented as lemmas. Meanwhile, grammati-
cal form can influence the emotional component of a lexical unit. For example, the verb мучиться 
(‘to suffer’) is categorised as Sadness in a number of sources [3; 4], but the imperative (мучься) is 
perceived as more aggressive, expressing anger rather than sadness. 

The problem of morphological variation is also relevant given the nature of textual data analysed in 
emotion recognition — often comments from social networks, characterised by brevity and fragmen-
tariness. As noted in [5], short utterances frequently lack sufficient context for determining emotion. 
This potentially increases the significance of the morphological characteristics of individual lexical 
units. Accordingly, the following research questions are formulated. 
RQ-1: Does the morphological form influence emotion class prediction by language models? 
RQ-2: Are there error patterns associated with specific morphological forms? 



To address these questions, an experimental study was conducted. Based on the Russian Emotion 
Lexicon (RusEmoLex) [6], a list of emotion-annotated verbs was compiled. Various morphological 
forms were generated for each verb. Three encoders (ruBERT-tiny2, ruBERT-base, ruRoBERTa-large), 
fine-tuned on a combined corpus from four Russian-language datasets (total corpus size: 22,852 anno-
tated examples), classified each form. Performance was evaluated using the F1-score.  

2. Related Work 
The field of textual emotion recognition has undergone significant development with the advent of 
deep learning methods [7; 8]. 

Despite the considerable number of datasets available for this task, reviews [5; 9] identify the short-
age of annotated data as one of the main challenges in this area. 

This can be attributed to two factors. Firstly, the dominance of English-language resources: the ma-
jority of available datasets are in English (see, for example, the description of various resources in the 
review [5]). Consequently, the lack of data in languages other than English is particularly acute [10]. 
Secondly, there exists a considerable number of theoretical approaches to describing emotions, and 
dataset annotation approaches differ depending on the underlying theoretical framework [5]. Accord-
ing to the statistics presented in [11], the approaches of Paul Ekman [12] and Robert Plutchik [13] are 
most frequently used in contemporary NLP research on emotion analysis. The diversity of theoretical 
approaches also results in the problem of imbalanced emotion classes — some emotions are overrep-
resented, others underrepresented. 

For Russian, alongside machine learning datasets (described in Section 4), there exist specialised 
lexicons and results from native speaker surveys. 

The RuSentiLex lexicon [3] contains over 12,000 evaluative units, of which 1,760 belong to emo-
tional vocabulary grouped under the general tag ‘feeling’. The NRC Emotion Lexicon [14] is an Eng-
lish-language crowdsourced resource automatically translated into 108 languages, including Russian. 
It comprises over 14,000 units annotated for eight basic emotions from Plutchik’s model [13]: anger, 
fear, anticipation, trust, sadness, joy, disgust, and surprise — on a binary 0/1 scale. Both lexicons in-
clude various parts of speech. 

The ENRuN database (Emotional Norms for Russian Nouns) [15] contains emotional ratings for 
1,800 nouns across five classes (joy, sadness, anger, fear, disgust) on a scale from 0 to 5. 

The integrative resource the Russian Emotion Lexicon (RusEmoLex) [6] combines data from lexi-
cographic sources (dictionaries and thesauri), the semantically annotated part of the Russian National 
Corpus [16], psychological surveys on word–emotion associations, and datasets used in emotion 
recognition tasks. It includes 1,024 lexical units with part-of-speech information and annotation for 
five emotions (joy, sadness, anger, surprise, fear). 

However, all the aforementioned resources share a common limitation: lexical units are represented 
as lemmas, which does not allow for assessment of the influence of grammatical form on emotional 
content. 

3. Data 
The general idea of the experiment is to determine the extent to which encoder language model’s pre-
dictions depend on verb form. The list of verbs annotated for emotions, required for conducting the 
experiment, was taken from the RusEmoLex, where lexical units are provided with part-of-speech 
tagging. 

RusEmoLex contains 473 verbs annotated across five emotion classes, with each verb assigned only 
one label: sadness (181 verbs), joy (107), anger (81), fear (78), and surprise (26). For each verb, forms 
were generated in the indicative mood across past, present, and future tenses in all possible persons 
and numbers (where applicable, masculine and feminine forms were also generated, for example, for 
the past tense singular), as well as second-person imperative forms in both singular and plural. The 
total number of verb forms amounts to 5,676 (12 forms per verb). The verb forms were input sequen-
tially into the language model as separate tokens. 



4. Models 

4.1. Datasets 
To fine-tune the encoders, a combined corpus was constructed from available emotion-annotated 
datasets in Russian. A brief description of the resources used is provided below, with the main charac-
teristics of each dataset presented in Table 1. 

• CEDR [17] is a dataset in which each sentence is assigned one or more emotion class labels; 
sentences without class labels are also present, i.e. those deemed by annotators not to contain 
an emotional component. The text sources comprised comments from social networks, blogs, 
and news resources . 1

• AIST [18] — the publicly available part of this dataset was used for fine-tuning the models. 
The dataset sources comprised comments from social networks (VK, Telegram) .  2

• BRIGHTER [19] is a collection of human-annotated emotion recognition datasets for 28 lan-
guages, used in the SemEval-2025 competition on multilingual emotion recognition. The 
Russian-language portion of the dataset consists of comments from social networks . 3

• GoEmotions [20] is a dataset consisting of emotion-annotated comments from Reddit. For 
fine-tuning the encoders within the experiment, an automatically translated Russian version of 
the dataset was used . 4

Table 1: Datasets for Emotion Classification in Russian 

Examples labelled as sadness, joy, anger, fear, and surprise were selected from each dataset in ac-
cordance with the categories represented in RusEmoLex. Table 2 presents the distribution of examples 
by emotion in the combined dataset, with multi-class instances taken into account. 

Dataset Labels Number of labelled 
texts

CEDR joy, sadness, surprise, fear, anger 9,410

AIST joy, sadness, anger, uncertainty, neutrality 50,750

BRIGHTER anger, disgust, fear, joy, sadness, surprise 3,443 (train set for 
Russian)

ruGoEmotions 27 emotions + neutrality 58,000

 https://huggingface.co/datasets/sagteam/cedr_v11

 https://github.com/asbabiy/AIST2

 https://brighter-dataset.github.io/3

 https://github.com/searayeah/ru-goemotions4



Table 2: The Combined Dataset Used for Fine-Tuning Encoders 

4.2. Fine-Tuning the Encoders 
Three models were used for the experiments: ruBERT-tiny2 , ruBERT-base  and ruRoBERTa-large . 5 6 7

All layers of the models were fine-tuned for the emotion classification task. The dataset was split 
80/20 into training and validation sets. Texts were tokenized with a maximum length of 100 tokens 
(with truncation and padding applied). The following configuration was employed: AdamW optimizer, 
batch size of 64, linear scheduler with updates after each batch, and BCEWithLogitsLoss loss func-
tion. Learning rates were set at 1×10-5 (ruBERT-tiny2) and 5×10-6 (ruBERT-base, ruRoBERTa-large). 
Training was conducted until optimal validation performance was achieved: 19 epochs (ruBERT-
tiny2), 7 epochs (ruBERT-base), and 3 epochs (ruRoBERTa-large). On the validation set, the models 
achieved the following F1-scores: ruBERT-tiny2 — 0.78, ruBERT-base — 0.79, ruRoBERTa-large — 
0.9. 

Following the fine-tuning of the encoders, metrics were obtained for the classification of verbs in 
infinitive form from RusEmoLex (Table 3). The infinitive form is treated as the baseline in this study. 

Emotions Number of labelled 
texts

Joy 9,884

Sadness 4,993

Anger 3,583

Surprise 2,257

Fear 1,703

Surprise, Joy 107

Anger, Sadness 79

Fear, Sadness 68

Anger, Surprise 48

Sadness, Joy 37

Surprise, Sadness 31

Fear, Joy 19

Fear, Surprise 19

Anger, Fear 13

Anger, Joy 10

Anger, Sadness, Joy 1

Total 22,852

 https://huggingface.co/cointegrated/rubert-tiny25

 https://huggingface.co/DeepPavlov/rubert-base-cased6

 https://huggingface.co/ai-forever/ruRoberta-large7



Table 3: Baseline for Emotion Classification of Verbs from RusEmoLex 

The results obtained demonstrate that determining the emotion class of isolated verbs poses a chal-
lenge for encoder models trained on contextual representations. The ruRoBERTa-large model, with F1 
= 0.77, shows acceptable performance, which may indicate the ability of large encoders to capture the 
emotional component at the level of individual lexical units. The significant drop in performance for 
ruBERT-base (F1 = 0.52) and ruBERT-tiny2 (F1 = 0.55) underscores the critical dependence of small-
er models on contextual information for determining emotion class. 

5. Results 
Table 4 shows the highest and lowest emotion classification results for each model and the associated 
verb forms. 

Table 4: Impact of Verb Form on Emotion Classification Performance by Encoders 

The results demonstrate a systematic influence of verb form on the determination of the emotion 
class of lexical units. For all three models, the past tense feminine form yields the highest F1-measure 
values (0.83, 0.61, and 0.64, respectively), surpassing the baseline infinitive by 0.07–0.09 points. The 
relative gain amounts to 9% for ruRoBERTa-large, 17% for ruBERT-base, and 16% for ruBERT-tiny2. 
The lowest F1-measure values are produced by the singular imperative form (ruRoBERTa-large, ru-
BERT-base) and the present tense second-person form (ruBERT-tiny2). 

Thus, substantial fluctuations in metrics are observed depending on verb form. Morphological sen-
sitivity, calculated as the relative performance decrease between the best and worst forms, amounts to 
23%, 20%, and 25% for ruRoBERTa-large, ruBERT-base, and ruBERT-tiny2, respectively. 

Using the model with the highest F1-score as an example, we examine the main error patterns. Fig-
ure 1 presents a comparison of confusion matrices for ruRoBERTa-large for the best (past tense femi-
nine form) and worst (singular imperative form) forms. Since the classes are imbalanced (for example, 
verbs labelled ‘Surprise’ are significantly fewer than verbs labelled ‘Sadness’), the matrices present 
percentages rather than raw counts for better readability: each value indicates what percentage of 
verbs of a given true class was classified as the corresponding predicted class. 

Model Precision Recall F1

ruRoBERTa-large 0.77 0.76 0.77

rubert-base 0.53 0.51 0.52

ruBERT-tiny2 0.56 0.54 0.55

Model Baseline 
infinitive

F1 
best

F1 
worst

ruRoBERTa-large 0.76 0.83 
past_femn

0.64 
impr_sing

ruBERT-base 0.52 0.61 
past_femn

0.49 
impr_sing

ruBERT-tiny2 0.55 0.64 
past_femn

0.48 
pres_sing_2per



 

Figure 1: Confusion matrices of the ruRoBERTa-large model for the best-performing (past_femn, 
left) and poorest-performing (impr_sing, right) verb forms 

Whilst the model demonstrates relatively high prediction accuracy for the past tense feminine form, 
accuracy drops sharply for the imperative form across two classes: Sadness and Surprise. The Sad-
ness-Anger confusion is most evident: 46% of Sadness cases are misclassified as Anger. The Surprise 
class exhibits a bias towards Joy (29.2%), though to a lesser extent. Table 5 presents the most frequent 
errors for each model in terms of emotion classes and verb form. 

Table 5: Top-3 Most Frequent Classification Errors Across Morphological Forms 

For all models, the most frequent pattern is the Sadness–Anger error. This tendency is particularly 
characteristic of imperative forms, as well as second-person present tense. If we examine the lexical 
units of the Sadness class that are systematically classified by all three models as Anger, the following 
observations can be made: typically, these are verbs with high emotional intensity (убиваться — ‘to 

Model Form True Predicted Count

ruRoBERTa-large

impr_sing Sadness Anger 80

impr_plur Sadness Anger 76

pres_plur_2per Sadness Anger 61

ruBERT-base

pres_sing_2per Sadness Anger 81

impr_plur Sadness Anger 79

impr_sing Sadness Anger 77

ruBERT-tiny2

pres_sing_2per Sadness Anger 113

impr_plur Sadness Anger 102

infinitive Sadness Anger 100



grieve deeply’, затравить — ‘to persecute’, изнурять — ‘to exhaust’). A considerable number are 
verbs with semantics of suppression or violence (сломить — ‘to break’, сокрушить — ‘to crush’, 
раздавить — ‘to squash’, подавить — ‘to suppress’, давить — ‘to press’). 

Thus, the models’ most frequent errors appear to be influenced by two factors: verb forms implying 
orientation towards another person (imperative, second-person present tense) and the verb’s semantics. 

6. Large Language Models: Preliminary Experiments 
In recent years, large language models (LLMs) have been increasingly employed in various NLP 
tasks, and the field of emotion analysis has been no exception (see, for example, [21; 22]). Given the 
promising potential of LLMs as a tool for emotion recognition in text, preliminary experiments were 
conducted with verbs from RusEmoLex (Table 6). 

During the experiment, verb forms were input sequentially into the model with a plain prompt con-
taining no specific role instructions: 

Your task is to identify the emotion associated with the given 
word. Emotions: Joy, Fear, Surprise, Sadness, Anger. Your answer 
should consist of a single word indicating the relevant emotion 
class. No additional comments are required. 

Table 6: Impact of Verb Form on Emotion Classification Performance by LLMs 

The LLM classification results demonstrate systematic superiority over encoders both in absolute 
performance and in robustness with regard to the influence of morphological form. The average F1-
measure for LLMs on the baseline form (infinitive) is 0.79, which exceeds the encoder performance 
(0.61). 

The patterns in best and worst forms for LLMs are similar to those observed for encoders. All mod-
els demonstrate complete consistency, with the past tense feminine form proving optimal for emotion 
classification. The least effective forms are the plural or singular imperative (the sole exception being 
rubert-tiny2, for which the worst form is the second person present tense). 

Morphological sensitivity, measured as the relative performance decrease between the best and 
worst forms, averages approximately 14% for LLMs and around 23% for encoders, indicating greater 
robustness of generative models to morphological variation. The relative performance gain when mov-
ing from the infinitive to the optimal form averages 6% for LLMs (substantially lower than for en-
coders). Further experiments with LLMs are planned. 

7. Conclusion 
This study examined whether morphological form influences the emotion class assigned to a word. 
Russian verbs from RusEmoLex served as experimental material, with multiple morphological forms 
generated for each verb. 

Model Baseline 
(infinitive)

F1 
best

F1 
worst

DeepSeek-V3 0.79 0.85 
past_femn

0.72 
impr_sing

Qwen3-235B-A22B-
Instruct-2507 0.85 0.89 

past_femn
0.79 

impr_plur

llama-3 0.78 0.83 
past_femn

0.69 
impr_plur

YandexGPT 5 Lite 0.73 0.77 
past_femn

0.66 
impr_plur



The results demonstrate morphological influence across all tested models. The past tense feminine 
form consistently achieved optimal performance, whilst imperative forms produced the poorest results. 
Error pattern analysis revealed the most pronounced trend: systematic ‘Sadness–Anger’ confusion in 
imperative and second-person present tense forms. The experiments showed that morphological sensi-
tivity is more pronounced in encoder models than in LLMs, indicating greater robustness of generative 
models. Importantly, the patterns identifying optimal and suboptimal forms remained consistent across 
both model types. 

These findings suggest that emotion lexicons could benefit from incorporating morphological vari-
ants rather than lemmas alone. This approach may prove particularly valuable for analysing texts with 
limited context, such as social media comments or dialogue utterances. 
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