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Abstract
This paper aims to analyze narrative manipulation in Russian Telegram news channels by investigating the
divergence between text and images. Through a detailed examination of selected Telegram channels, it was
explored how images and texts are strategically manipulated to influence public perception and shape narratives.
The study focuses on detecting inconsistencies in the visual and textual content in order to identify specific
techniques used for disinformation. By analyzing patterns in image-text relationships, this research contributes
the role of multimedia in forming public opinion and the manipulation of information in digital spaces.
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1. Introduction

Social media has become a powerful tool for spreading misinformation and manipulating narratives,
particularly in the context of news dissemination [1, 2]. Studies highlight how platforms facilitate
the rapid spread of fake news, disinformation, and misinformation, shaping public perception and
influencing opinions [3]. In the case of Russian Telegram channels, this phenomenon plays a crucial
role in narrative manipulation, as biased or deceptive content is strategically used to shape discourse
and influence audiences [2]. This paper analyzes news from these channels, where texts are translated
into English, processed, and compared with images using the BLIP model [4] and the similarity model
SBERT [5], to explore the relationship between text and visuals in shaping narratives.

Understanding the mechanisms of visual communication—how visual conventions construct meaning
and influence audience perception—plays a crucial role in resisting the manipulative power of visual
media [6]. Scholars argue that visual literacy equips individuals with the ability to critically analyze
images, making them more resilient against deceptive narratives propagated through television and
digital platforms [7, 8]. In the context of Russian Telegram channels, where visual content is often
strategically designed to shape public opinion, the ability to deconstruct these images becomes essential
in identifying and countering narrative manipulation [9]. The role of framing in disinformation
campaigns is also critical, particularly in how narratives are shaped and manipulated [10]. This
perspective frames visual literacy as a defense mechanism against media-driven misinformation and
will serve as the foundation for the following discussion.

2. Related Work

Deep learning and machine learning techniques provide powerful tools for analyzing narrative manipu-
lation by detecting patterns between text and images. These methods help uncover how information is
presented to influence audiences.
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Advancements in deep learning, driven by increased data availability and computational power,
have led to significant progress across multiple domains. Deep neural networks have improved speech
recognition [11], computer vision tasks such as image classification, segmentation, and action recog-
nition [12, 13, 14], and natural language processing (NLP) applications like question answering [15],
machine translation, and text summarization [16]. Many of these techniques can be adapted to analyze
disinformation and narrative manipulation.

BLIP, a state-of-the-art vision-language pretraining model, performs well in image-text retrieval,
captioning, and visual reasoning, making it highly relevant for media analysis [17]. According to Tan
and Koehn [18], SBERT-based methods outperform LASER-based approaches, achieving approximately
+2 BLEU improvement. This highlights SBERT’s effectiveness in identifying and filtering high-quality
sentence pairs.

Topic modeling is widely used to analyze text corpora, with methods including LDA [19], pLSI
[20], NMF [21], and probabilistic models like CorEx [22]. Despite LDA’s popularity, it struggles with
short-text datasets, such as social media and microblogs [23, 24, 25, 26]. Alternative models, including
DMM [27], DTM [28, 29], and BTM [30], have been introduced to improve performance on short and
noisy texts [31]. However, most studies still rely on LDA, with a critical challenge being the manual
selection of the optimal number of topics [32].

By integrating these methodologies, researchers can enhance their ability to detect manipulative
narratives, offering deeper insights into media framing and disinformation strategies.

3. Data

3.1. Dataset of Messages

The dataset for this study was collected by crawling eight Russian Telegram1 channels, extracting
messages along with their metadata such as channel name, post date, message content, and message
IDs. Each channel was processed separately to ensure structured data collection. It contains 18k
rows of messages and images. The gathered dataset was then preprocessed by removing punctuation,
converting text to lowercase, and eliminating stop words to enhance text analysis efficiency. Following
preprocessing, the messages were translated into English using the Helsinki-NLP/opus-mt-ru-en model2,
preserving the original meaning while allowing for broader linguistic analysis. The final dataset retained
both the original and translated texts, enabling comparative analysis of language structures and content
across different narratives. Figure 1 shows the count of messages with their images per Telegram
channel, with RVoenkor having the most messages in the dataset.

3.2. Dataset of Captions from Images

Captions for images were generated using the BLIP model and categorized by Telegram channel. By
merging message IDs, the datasets were integrated to create a comprehensive multimodal collection
linking text and visuals.

The LDA topic modeling results reveal main narratives within Russian propaganda Telegram channels,
including themes such as military reporting, sentiment manipulation, technological warfare, geopolitical
analysis, and election mobilization. Figure 2 illustrates the distribution of posts across these topics.
Overall, the model identified five core themes consistently present in the analyzed channels.

The largest topic, Military Reporting, stands out as the most prominent theme. This topic emphasizes
the portrayal of military operations, weaponry, and conflict-related content, which are strategically
used to influence public perception and sentiment.

Table 1 presents the structure of the final dataset used in the study, detailing its components and
categories.

1Accessible via https://telegram.org/
2Accessible via https://huggingface.co/Helsinki-NLP/opus-mt-ru-en

https://telegram.org/
https://huggingface.co/Helsinki-NLP/opus-mt-ru-en


Figure 1: Count of messages per Telegram channel

Table 1
Final dataset

Column Name Description

Author Author of the post
Date Date and time of the post
Message Content of the message
Image Path Path to the image associated with the post
Message ID Unique ID of the message
Message Text Processed text of the message
Translated Message Translated version of the message
Image Name Name of the image file
Description Description of the image
Semantic Similarity Semantic similarity score between message and image

3.3. Benchmark Dataset

The NewsMediaBias-Plus3 dataset is a comprehensive collection designed for studying media bias and
disinformation by combining both textual and visual data. It pairs news articles with corresponding
images and includes annotations indicating perceived biases and content reliability. The dataset supports
multimodal research on bias detection in media outlets. Annotations in this dataset are first generated
by human annotators who label a subset of the data, followed by expansion via large language models
(LLMs). These annotations are then validated and refined through a quality control process involving
both automated checks and human reviews to ensure the accuracy of the labels.

For this study, the image_description column was selected as it provides textual descriptions
of images paired with news articles. The goal of this approach is to evaluate the effectiveness of the
narrative manipulation method by comparing these descriptions with captions generated by the BLIP
model, using semantic similarity measures from SBERT. This allows us to assess how well the model
captures the connection between the visual content and the textual descriptions provided in the dataset.

3Accessible via https://huggingface.co/datasets/vector-institute/newsmediabias-plus.

https://huggingface.co/datasets/vector-institute/newsmediabias-plus


Figure 2: Visualization of the identified topics in the dataset using Latent Dirichlet Allocation (LDA)

4. Methods

4.1. BLIP Model

BLIP (Bootstrapped Language-Image Pretraining) is a vision-language model designed for multimodal
tasks such as image captioning and retrieval. It consists of a Vision Transformer (ViT) for image
processing and a Transformer-based text encoder-decoder (e.g., BERT/GPT) for textual understanding.

Given an input image 𝐼 and an optional text prompt 𝑇 , BLIP generates a caption or ranks candidate
texts based on similarity. The Vision Transformer extracts visual embeddings:

𝑉 = 𝑓ViT(𝐼), (1)

where 𝑉 = {𝑣1, 𝑣2, . . . , 𝑣𝑛} are visual feature embeddings.
If text 𝑇 = {𝑡1, 𝑡2, . . . , 𝑡𝑚} is provided, it is processed by a Transformer-based text encoder:

𝑇 ′ = 𝑓BERT(𝑇 ), (2)

where 𝑇 ′ represents the encoded textual embeddings.
The similarity between 𝐼 and 𝑇 is computed using cosine similarity:

𝑆(𝐼, 𝑇 ) =
𝑉 · 𝑇 ′

‖𝑉 ‖‖𝑇 ′‖
, (3)

where 𝑆(𝐼, 𝑇 ) measures alignment between vision and text embeddings.
BLIP is trained using three objectives:

1. Contrastive Loss: Maximizes similarity between correct image-text pairs while minimizing
incorrect pairs:

ℒcontrastive = − log
exp(𝑆(𝐼, 𝑇+))∑︀
𝑗 exp(𝑆(𝐼, 𝑇𝑗))

, (4)

where 𝑇+ is the correct caption and 𝑇𝑗 are all candidates in the batch.
2. Matching Loss: Ensures relevant text-image alignment.



3. Captioning Loss: Optimizes the likelihood of correctly generating text 𝑇 :

ℒLM = −
∑︁
𝑖

log𝑃 (𝑡𝑖|𝑉, 𝑡<𝑖), (5)

where 𝑃 (𝑡𝑖|𝑉, 𝑡<𝑖) is the probability of predicting the next token given previous tokens and visual
features.

The total loss function is:

ℒtotal = 𝜆1ℒcontrastive + 𝜆2ℒmatching + 𝜆3ℒLM, (6)

where 𝜆1, 𝜆2, 𝜆3 are hyperparameters controlling the contribution of each loss term.

4.2. SBERT Model

SBERT (Sentence-BERT) is a modification of BERT designed for sentence similarity tasks. It fine-tunes
BERT in a Siamese or triplet network setup to produce high-quality sentence embeddings.

Given two sentences 𝑆1 and 𝑆2, SBERT encodes them into fixed-length embeddings:

𝐸1 = 𝑓BERT(𝑆1), 𝐸2 = 𝑓BERT(𝑆2), (7)

where 𝐸1 and 𝐸2 are the sentence embeddings.
Cosine similarity is used to compare sentence similarity:

𝑆(𝑆1, 𝑆2) =
𝐸1 · 𝐸2

‖𝐸1‖‖𝐸2‖
. (8)

SBERT is trained with:

1. Contrastive Loss: Ensures similar sentences have closer embeddings:

ℒcontrastive = (1− 𝑌 )max(0,𝑚− 𝑆(𝑆1, 𝑆2))
2 + 𝑌 𝑆(𝑆1, 𝑆2)

2, (9)

where 𝑌 is 1 if the sentences are similar, 0 otherwise, and 𝑚 is the margin.
2. Triplet Loss: Ensures a positive sentence 𝑆+ is closer to an anchor 𝑆 than a negative sentence

𝑆−:
ℒtriplet = max(0, 𝑆(𝑆, 𝑆−)− 𝑆(𝑆, 𝑆+) +𝑚). (10)

3. MSE Loss: Minimizes the difference between predicted and actual similarity scores:

ℒMSE =
1

𝑁

𝑁∑︁
𝑖=1

(𝑆(𝑆𝑖
1, 𝑆

𝑖
2)− 𝑦𝑖)

2, (11)

where 𝑦𝑖 is the true similarity score.

The final loss function combines all objectives:

ℒtotal = 𝜆1ℒcontrastive + 𝜆2ℒtriplet + 𝜆3ℒMSE. (12)

To generate embeddings, SBERT applies mean or max pooling over token representations:

𝐸 = Pooling({ℎ1, ℎ2, . . . , ℎ𝑛}), (13)

where ℎ𝑖 are hidden states of the Transformer.
This allows SBERT to produce semantically meaningful sentence representations efficiently.



5. Results and Conclusions

5.1. Results

The semantic similarity analysis reveals a clear discrepancy between news post messages and their
corresponding BLIP-generated captions, emphasizing the divergence between textual and visual content.

Figure 3 presents the results of this analysis, revealing that the overall similarity scores are low, which
indicates a significant difference between the textual content and the corresponding images across most
Telegram channels.

Figure 3: Semantic similarity between news messages and generated captions across the Telegram channels

Some channels, such as infomil_live, astrahandm, and RVvoenkor, have relatively higher similarity
scores, while ASupersharij and Sladkov_plus show the lowest. These results suggest that the relationship
between images and text varies across channels, with differences in how visual content complements
or diverges from the accompanying narratives.

Table 2
Messages data with generated descriptions and semantic similarity

‘Message Description Similarity Score

"The missile track point was destroyed a plane flying through the 0.097
over the territory of the Belegorod region sky with clouds
by the on-call means of the Ministry of
Defence..."

"...Kiev region of explosions have previ- a rocket is launched by the 0.28
ously been updated by two major explo- russian space agency
sions at the ground level in Kiev, and the
enemy confirms no less than the arrival
of the attacks..."

"The enemy attacked a crossing plant in a red paint on the ground 0.198
the Belgorod region, wounding civilians with a black line
by droncomikadze,..., wounding three men..."

Table 2 presents a set of messages from the frontbird and RVvoenkor Telegram channels, accompanied
by descriptions generated by the BLIP model, and their corresponding semantic similarity scores. The
BLIP model generates descriptions based on the context of the images associated with the messages.



The similarity scores are computed to measure how closely the generated descriptions align with the
content of the messages.

Figure 4 illustrates a message reporting a missile strike in the Belgorod region by the Ministry of
Defence. However, the accompanying image, showing a blue sky with some smoke, does not depict any
missiles. This visual contrast with the described military action suggests a potential downplaying of
the event’s severity. The semantic similarity score of 0.097 further emphasizes the weak connection
between the message and the image, highlighting the discrepancy between the text’s narrative and the
image’s representation.

Next, figure 5 presents a message detailing explosions in the Kiev region, describing major ground-
level explosions and enemy attacks. The accompanying image shows a rocket launched into the sky.
While both the text and image involve military action, the image does not directly align with the
described ground-level explosions. The semantic similarity score of 0.28 highlights this discrepancy,
raising questions about the alignment between the narrative and the visual representation.

Lastly, figure 6 presents a message reporting an attack on a crossing plant in the Belgorod region,
where civilians were injured by a drone strike. The corresponding image, showing red paint on the
ground with a black line, does not directly relate to the described event. The image lacks any clear
depiction of the attack or the resulting casualties, creating a noticeable contrast with the message’s
content. The semantic similarity score of 0.198 underscores the presence of mismatch between the text
and image.

Figure 4: Sky with clouds Figure 5: Launching a rocket Figure 6: Blood on the road

To analyze narrative manipulation in Russian Telegram news, the semantic similarity of message-
caption pairs in the custom dataset was compared to a benchmark of real annotated pairs (Figure. 7).
High similarity scores were observed in the benchmark dataset, indicating strong alignment between
text and images. In contrast, significantly lower and more varied similarity scores were found in the
custom dataset, suggesting frequent mismatches.

Table 3
Model SBERT evaluation metrics

Metric Value

Accuracy 0.9839
Precision 0.9770
Recall 1.0000
F1-Score 0.9884
Pearson Correlation 0.8153
ROC AUC 1.0000

In this study, the classification model showed strong performance in predicting similarity between
the generated captions and the NewsMediaBias-Plus image descriptions. The classes were divided
based on a cosine similarity threshold of 0.5: scores ≥ 0.5 were labeled as 1 (similar), and scores < 0.5
as 0 (dissimilar). The model achieved strong performance across various metrics, such as accuracy,
precision, recall, and F1-score, as presented in Table 3. Furthermore, the Pearson correlation reflected a
strong relationship between similarity scores and class labels, while the ROC AUC demonstrated perfect



discrimination. Figure 8 shows the confusion matrix with only a few misclassifications, confirming the
model’s high reliability and accuracy.

Figure 7: Semantic similarity comparison between the custom dataset and the benchmark dataset

Figure 8: Confusion matrix of benchmark dataset

5.2. Conclusions

In this work, the study examines the role of image-text divergence in narrative manipulation within
Russian Telegram news channels, utilizing BLIP for image-to-text captioning and SBERT for semantic
similarity analysis.

1. Results show that visuals are often selected for emotional impact rather than factual accuracy,
suggesting the use of propaganda, misinformation, or sensationalism.

2. Channels like ASupersharij and Sladkov_plus had the lowest semantic similarity scores, indicating
higher divergence between images and text.

3. The benchmarking results show excellent model performance, with high accuracy, precision,
recall, and F1-score. The strong Pearson correlation and perfect ROC AUC confirm the model’s
reliability, with minimal misclassifications.



Future work can focus on several key areas. Firstly, a comprehensive benchmark dataset will be
created or identified to better evaluate models on image-text pairs. Additionally, more datasets will
be collected from diverse news sources to expand the analysis of propaganda. To improve accuracy
in detecting narrative manipulation, existing models will be enhanced, or more advanced models will
be explored. The analysis will also be extended to multiple languages and regions to assess the global
impact of narrative manipulation. Furthermore, the evolution of narrative manipulation over time will
be investigated, particularly in response to geopolitical events.

Declaration on Generative AI

The authors employed Grammarly and QuillBot during the preparation of this work to ensure proper
grammar and correct spelling. After using these tools, the authors reviewed and edited the content as
needed and take full responsibility for the publication’s content.
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