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ABSTRACT

Messaging platforms such as Zalo are widely used for communication and
online services, generating large volumes of conversational data. However, in
many real-world scenarios, such data cannot be accessed directly through
platform APIs and instead exist only as user interface (Ul) screenshots, posing
significant challenges for content extraction and processing. This paper
proposes an automated conversational processing system for Ul screenshots,
based on an integrated pipeline combining computer vision and natural
language processing. The system consists of several main stages, including
text region detection, optical character recognition (OCR), Vietnamese intent
classification, and automated response generation. Experimental results show
that the proposed system achieves a Character Error Rate (CER) of 0.065, an
average intent classification confidence of 0.78, and an average latency of
0.93 seconds per interaction, meeting the requirements of near real-time
applications. The findings demonstrate the feasibility of building automated
conversational processing systems in scenarios where APl access is
unavailable and input data are affected by Ul-related noise.
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1. INTRODUCTION

In the context of digital transformation, messaging
applications such as Zalo, Facebook Messenger, and
Telegram play a crucial role in online communication and
generate large volumes of conversational data [1].
However, in many real-world scenarios, such data cannot
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be accessed via APIs and only exists in the form of user
interface (Ul) screenshots, posing significant challenges
for content extraction and processing.

The problem of text detection and recognition (TDR)
in images has been extensively studied, ranging from
traditional approaches to deep learning-based methods
[2-4], where Convolutional Neural Networks (CNNs) play
a central role in feature extraction [5]. Object detection
models such as YOLO enable fast and efficient detection
across various practical scenarios [6-9], while modern
OCR systems such as Tesseract and PP-OCRv3 achieve
high performance in text recognition [10-12].

Meanwhile, Transformer-based language models such
as BERT and PhoBERT enable effective semantic
representation and analysis, particularly for the Vietnamese
language [13-15]. Despite these advances, most existing
studies focus on individual subproblems or operate on
clean text or natural images. The task of processing
conversational data directly from Vietnamese messaging
application screenshots, particularly under conditions
where APl access is unavailable, remains underexplored.

Unlike prior studies that primarily address clean text
or natural images, the problem addressed in this work
involves Ul data characterized by small text, high density,
and interface noise, which necessitates an end-to-end
processing capability. Therefore, this paper proposes an
end-to-end pipeline that integrates computer vision and
natural language processing techniques to process
conversational data from Ul screenshots. The system
employs YOLOv8n for text region detection, OCR for
content extraction, PhoBERT for intent classification, and
a rule-based mechanism for response generation. The
novelty of this work lies not in proposing a new OCR or
NLP model, but in developing and evaluating an end-to-
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end conversational processing framework for
Vietnamese messaging application screenshots, a
scenario that remains underexplored in the literature. The
proposed system integrates text detection, OCR, intent
classification, dialogue management, and response
generation within a unified pipeline and evaluates their
combined performance under realistic operating
conditions where APl access is unavailable.

The main contributions of this study are as follows:

(1) Proposing an end-to-end pipeline for processing
conversational data from Ul screenshots without relying
on APIs;

(2) Constructing a dataset comprising 226 images and
917 text regions that reflect real-world conditions;

(3) Evaluating the system at both module-level and
end-to-end levels, including latency and near real-time
processing capability.

2. PROPOSED SYSTEM ARCHITECTURE
2.1. Overall system architecture

The system is designed as an end-to-end architecture
that integrates computer vision and natural language
processing to automatically extract and process
conversational content from messaging application Ul
screenshots. The input to the system is a conversational
interface image, while the output is an automated
response generated based on the analyzed content.
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Figure 1. Overall architecture of the conversational processing system
from Ul screenshots

The processing pipeline consists of four main stages: (1)
text region detection, (2) text recognition via OCR, (3) intent
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classification, and (4) automatic response generation. The
overall architecture is illustrated in Figure 1.

The system is modularly designed, enabling
independent evaluation of each component and
facilitating the analysis of error propagation across the
entire pipeline.

2.2, Text region detection

This study employs the YOLOv8n model to detect text
regions containing message content within Ul
screenshots. The problem is formulated as an object
detection task, where message regions are treated as
target objects. Low-confidence bounding boxes are
filtered out using a probability threshold, and the
remaining regions are extracted as Regions of Interest
(ROIs) for the subsequent text recognition stage (Figure
2). The use of YOLOv8n achieves a balance between
accuracy and inference speed, making it suitable for near
real-time applications.
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Figure 2. Text region detection process in Ul screenshots

2.3. Text recognition and processing
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Figure 3. Text recognition pipeline from ROl image regions
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The extracted ROIs are fed into an OCR module for text
recognition. In this study, Tesseract is utilized for
Vietnamese text processing (Figure 3).

Due to the characteristics of Ul images, including small
text size and high density, OCR outputs may contain
errors. Therefore, a post-processing step is applied to
improve the quality of the recognized text.

2.4. Intent classification and dialogue management

The model is fine-tuned on common conversational
intent classes, producing outputs that include intent
labels and prediction confidence scores. The
classification results are integrated with the dialogue
state through a rule-based coordination mechanism,
enabling effective management of multi-turn
conversations based on a finite-state machine paradigm
(Figure 4).

Package

g roposal

clarification) (cost
~ estimation)

= - y" Rescheduling

View ‘bookmg (reschedule)

(booking_code

Booking A Completion
= Confirmation :
(slot (confirmed) (appointment
collection) created)

Slots: time, contact, code,
confirmation.

Guard: controlled by
flow_stage.

phone)

Figure 4. Finite-state machine for multi-turn transactional dialogue
management using slot-filling mechanisms

The dialogue state is updated after each interaction,
enabling the system to manage multi-turn conversations
and slot-filling processes.

2.5. Response generation
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Figure 5. Response generation mechanism based on a deterministic policy

The system generates automated responses based on
a deterministic policy to ensure controllability and
consistency in conversations. Responses are constructed
using the predicted intent, collected information, and the
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current dialogue state, enabling conversational actions
such as requesting additional information or confirming
user-provided data (Figure 5).

3. DATASET AND EXPERIMENTAL SETUP
3.1. Data collection

The dataset consists of conversational Ul screenshots
collected from the Zalo Desktop application. The data
contain small text, dense layouts, and interface noise,
representing realistic conversational scenarios.

3.2. Text region detection dataset

To train the text region detection model, a dataset
consisting of 226 conversational Ul screenshots with 917
annotated text regions was constructed. The annotations
were provided in the form of bounding boxes. The
labeling process was performed manually and cross-
validated to ensure annotation accuracy.

Table 1. Specification of the conversational text detection dataset

Attribute Description

Number of images 226 Ul screenshots

Language Vietnamese
Number of text regions 917
Text size Small size, high character density

Annotation method Manual labeling with cross-validation

The dataset was collected from real conversational
screenshots captured from the Zalo Desktop application
in a Windows desktop environment. The screenshots
contain different conversational contents and interface
layouts, reflecting practical usage conditions for
conversational Ul processing.

3.3. Data split

The dataset is divided into two subsets: 180 images for
training and 46 images for validation to evaluate model
performance.

Table 2. Training and validation data split

Data Size Purpose
Train 180 Model training
Validation 46 Model evaluation
3.4. OCR dataset

The text regions extracted from the detection stage
are used to construct the OCR dataset, comprising 917
samples with corresponding ground truth annotations.
This dataset is used to compute evaluation metrics such
as Character Error Rate (CER).
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3.5. Intent classification dataset

The intent classification dataset consists of 1,407
Vietnamese message samples for training and 301
samples for validation. The data are labeled into six intent
classes:

- BASIC_INFO

- POST_TREATMENT

- PRICING

- SERVICE_DETAIL

- SOCIAL_OR_OTHER

- SYMPTOM_DESCRIPTION.
Table 3. Dataset split for PhoBERT training

Dataset Number of samples
Train 1407
Validation 301
Number of intent classes 6

To assess model robustness, five test sets were created
to represent common noise patterns in Vietnamese
conversational data, including abbreviations, missing
diacritics, context-dependent inputs, and non-accented
text. Each test set contains 302 samples. Performance is
evaluated using Accuracy and Macro-F1.

3.6. End-to-end evaluation dataset

The end-to-end evaluation was conducted on 55 real
conversational sessions covering appointment booking,
schedule inquiry, rescheduling, and cancellation
scenarios.

4. EXPERIMENTAL RESULTS AND DISCUSSION
4.1. Text detection model evaluation

Table 4. Text detection performance

and mAP@0.5:0.95 = 0.64. Although YOLOvV5s achieve
higher precision (0.95), its recall is lower (0.78). YOLOv7-
tiny provides a more balanced trade-off between
precision and recall but yields lower overall mAP.
Therefore, YOLOv8n was selected for the subsequent
stages of the proposed system.

4.2. Inference time of detection models

In addition to accuracy, inference speed is a critical
factor for near real-time systems. As shown in Table 5, the
inference time of the YOLO models is relatively similar
(~28ms).

Table 5. Inference latency of YOLO models

Model Pre-processing | Inference | Post-processing
(ms) (ms) (ms)
YOLOv5s 0.8 283 83
YOLOv7-tiny - 283 8.8
YOLOv8n 2.7 28.7 8.4

Although YOLOV5s exhibits slightly lower inference
time, YOLOv8n benefits from reduced post-processing
time, resulting in lower overall latency. Due to hardware
constraints, only these three representative models were
evaluated. Considering both accuracy and speed,
YOLOVS8n is selected as the most suitable model for the
proposed system.

4.3. OCR module evaluation

Due to the characteristics of Ul screenshots with small
and dense text, preprocessing plays a crucial role in
improving OCR performance. The results show that
preprocessing reduces CER by 31.29% for Tesseract and
39.17% for PaddleOCR, while the improvement for
EasyOCR is only 2.75%.

Table 6. Impact of preprocessing on CER

Three models, YOLOv5s, YOLOv7-tiny, and YOLOv8n,
were trained and evaluated on the validation set using
precision, recall, mAP@0.5, and mAP@0.5:0.95 metrics.
The models were trained for 120 epochs with an input
image size of 640x640 pixels. All experiments were
conducted on a computer equipped with an AMD Ryzen
5 7535HS CPU, NVIDIA RTX 2050 GPU (4 GB VRAM), and
16GB RAM. The results indicate that YOLOv8n achieves
the highest overall performance with mAP@0.5 = 0.91

Vol. 62 - No. 3E (Mar 2026)

Model Precision | Recall | mAP@0.5 | mAP@0.5:0.95 Model CER Raw CER Clean Improvement (%)
YOLOv5s 0.95 0.78 0.85 0.55 Tesseract 0.272 0.187 31.29
YOLOv7-tiny 0.83 0.84 0.87 0.54 EasyOCR 0.373 0.363 275
YOLOv8n 0.93 0.86 0.91 0.64 PaddleOCR 0.484 0.294 39.17

These findings indicate that input normalization
significantly reduces OCR errors, although the level of
improvement depends on the OCR method. The results
indicate that OCR performance is highly dependent on
image quality and text visibility. The improvement
achieved after preprocessing demonstrates the
importance of input normalization when processing
conversational Ul screenshots containing small and
densely distributed text regions.
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4.3.1. Comparison of OCR methods
Table 7. CER comparison across OCR methods

Method Mean Median Std
Tesseract 0.187 0.118 0.412
VLM 0.220 0.000 0.537
PaddleOCR + VLM 0.417 0.233 0.902

OCR methods are compared using CER-based metrics,
including Mean, Median, Standard Deviation.

Tesseract achieves the lowest mean CER and standard
deviation, indicating the best overall accuracy and
stability. This result is likely related to the characteristics
of the Ul screenshot dataset, which contains horizontally
aligned text and relatively simple backgrounds. VLM
achieves a median CER of zero, suggesting perfect
recognition for many samples; however, semantic
paraphrasing, text normalization, and omission of short
text segments increase the mean CER and variance.
PaddleOCR + VLM exhibits the highest CER and
variability, likely due to error propagation between text

allowing PhoBERT to maintain stable intent classification
performance.

4.3.2. OCR Latency
In addition to accuracy, OCR latency is also evaluated.

Table 8. OCR latency comparison

Model Mean (ms) | Median P95 Samples/sec
Tesseract 305.36 275.07 | 520.27 3.27
PaddleOCR + 809.10 275.08 | 1769.48 3.24
VIM
VLM 1279825 | 10864.92 | 28269.27 0.078

Tesseract achieves the lowest OCR latency (305ms),
followed by PaddleOCR+VLM (809ms), while VLM is
substantially slower (12.8s). Therefore, Tesseract is
selected for the proposed system.

4.4. Intent classification evaluation

The performance of the intent classification module is
evaluated across multiple datasets with different types of
linguistic noise (Figures 6 + 8).
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Figure 8. Confusion matrix of the PhoBERT model

The confusion matrix indicates that most intent
classes are correctly classified, while misclassifications
mainly occur between semantically similar intents. This
observation is consistent with the overall evaluation
results across noisy conversational datasets.

The results show that PhoBERT achieves a Macro-F1
score of approximately 0.78 across noisy datasets,
including abbreviations, missing diacritics, and spelling
errors. This demonstrates robust semantic representation
and resilience to noise in Vietnamese conversational
data. Therefore, the intent classification module plays a

critical role in maintaining end-to-end system
performance.
4.5. End-to-end system evaluation
The full pipeline is evaluated on real-world
conversational scenarios.
Table 9. End-to-end evaluation results
Metric Value
OCR availability 1.00
CER 0.065
Intent confidence 0.7803
Empty response rate 0
Average response length 108.1 characters
Average latency 0.93s
p50 latency 0.397s
p90 latency 0.480s
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The system achieves an end-to-end CER of 0.065,
average intent confidence of 0.78, and no empty
responses. The average latency is 0.93s per interaction
(p50 = 0.397s, p90 = 0.480s), satisfying near real-time
requirements. OCR is the most time-consuming
component (~300ms), while NLP and dialogue
management account for the remaining processing time.
The system achieves an 85.5% task completion rate
across 55 conversational sessions. Although errors from
text detection and OCR may propagate through the
pipeline, the semantic robustness of PhoBERT helps
maintain stable end-to-end performance under realistic
conditions.

4.6. Error analysis

Despite achieving a CER of 0.065 and Macro-F1 of 0.78,
several errors still occur during processing. In the
detection stage, the model struggles with small,
occluded, or Ul-noise-affected text regions. In the OCR
stage, errors frequently occur with low-resolution text or
missing Vietnamese diacritics. Due to the sequential
pipeline structure, these errors may propagate and
negatively impact intent classification. Analysis shows
that approximately 60 - 70% of errors originate from the
OCR module. However, the strong semantic
representation capability of PhoBERT helps mitigate the
impact of noise and maintain overall system
performance. Future work may focus on integrating more
advanced language models to improve contextual
understanding and reduce accumulated errors within the
pipeline.

5. CONCLUSION AND FUTURE WORK

This paper presents an end-to-end conversational
processing system for messaging application Ul
screenshots, integrating YOLOv8n for text detection,
Tesseract for OCR, and PhoBERT for intent classification.
Experimental results achieve mAP@0.5 = 0.91, CER = 0.065,
and an average latency of 0.93s, demonstrating the
feasibility of near real-time conversational processing
without APl access. Current limitations include the
relatively small dataset, OCR errors in challenging Ul
conditions, the absence of baseline comparisons for
intent classification, and the limited flexibility of rule-
based response generation. Future work will focus on
larger datasets, comparisons with baseline models such
as BILSTM, Multilingual BERT, and XLM-R, stronger
language models, and more advanced conversational
generation methods.
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