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Abstract

Event detection (ED) systems are typically
evaluated on clean, curated text, leaving their
robustness to real-world noise largely un-
explored, particularly for low-resource lan-
guages such as Bangla. We introduce a gen-
eralized Bangla news event ontology and a
benchmark comprising 9,979 annotated sen-
tences across 40 event subtypes, spanning
clean news text, real-world Automatic Speech
Recognition (ASR) transcripts, and ortho-
graphically corrupted text. We systemati-
cally evaluate fine-tuned encoder-only mod-
els (BanglaBERT and XLM-R) alongside
instruction-tuned decoder-only large language
models (Llama 3 and Gemma 3). Our results
reveal a clear architectural trade-off: encoder
models achieve higher performance on clean
text but degrade substantially under noise,
whereas decoder-only LLMs are markedly
more robust, particularly when event triggers
are corrupted. We further show that embed-
ding annotation guidelines during instruction
tuning establishes a higher performance base-
line on noisy text but yields inconsistent re-
ductions in performance degradation across
noisy conditions. Finally, model scaling con-
sistently improves the robustness of decoder-
only LLMs, while combined training on clean
and noisy data serves as an effective regular-
ization strategy that disproportionately bene-
fits encoder architectures, significantly narrow-
ing the robustness gap.

1 Introduction

The task of event detection (ED) identifies and cat-
egorizes events in natural language (Ahn, 2006).
It is a fundamental component of information ex-
traction, enabling downstream applications such
as emergency monitoring, where timely and ac-
curate extraction of structured events is critical.
Despite its importance, most ED research has fo-
cused on clean, carefully curated text (Wang et al.,
2020; Pouran Ben Veyseh et al., 2022; Yao et al.,
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Figure 1: Real-world noise substantially degrades

event detection, even when the event trigger itself re-
mains unchanged. Clean examples are drawn from our
Clean Test set, while their counterparts are generated
using simulated orthographic noise. ASR examples are
collected from real Bangla news video transcripts and
independently annotated using the same event ontology,
introducing naturally occurring transcription artifacts
and out-of-distribution vocabulary.

2022). In practice, however, textual data is inher-
ently noisy, and even minor typographical errors
or ASR transcription mistakes can cause event de-
tection systems to miss critical events (Figure 1).

As alow-resource language, Bangla remains un-
derexplored for event detection. Existing studies
primarily focus on clean text and narrow domains
such as violent incidents (Khandokar et al., 2020;
Dey et al., 2021; Ali Khandokar et al., 2025), dis-
asters (Dave et al., 2021), or crime-related events
(Hossain et al., 2025). Moreover, there is no gener-
alized Bangla news event ontology comparable to
ACE 2005 (Walker, Christopher et al., 2006) for
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trigger-based event detection, thereby limiting the
systematic study of the task. Research on noisy
Bangla text is similarly limited and has largely
been restricted to sentence-level sentiment analy-
sis (Islam et al., 2021; Elahi et al., 2024), whereas
event detection requires fine-grained token-level
identification and classification of event triggers.

Historically, event detection has been dom-
inated by BERT-based encoder models (Wang
et al,, 2020; Pouran Ben Veyseh et al., 2022;
Huang et al., 2024). In contrast, decoder-only
LLMs have only recently been adapted to struc-
tured extraction through techniques such as code-
based representations (Wang et al., 2023), in-
corporation of sentence-level contextual informa-
tion (Al Monsur et al., 2026) and instruction tun-
ing with annotation guidelines (Srivastava et al.,
2025). Given these advances, an important ques-
tion emerges regarding how these models com-
pare with their BERT-based counterparts under
real-world noisy conditions, particularly for a low-
resource language such as Bangla.

To answer this question, we annotate 5,320 sen-
tences from Bangla news articles and 4,659 ASR
transcripts from Bangla news videos using same
event ontology. We evaluate both encoder-only
and decoder-only models for event detection, for-
mulating the latter as a structured code generation
task (Wang et al., 2023) with annotation guidelines
optionally embedded in the prompt (Sainz et al.,
2024, Srivastava et al., 2025). In addition, we sim-
ulate orthographic noise using the error generation
algorithm of Sifat et al. (2020), which was devel-
oped by analyzing common Bangla writing pat-
terns and typographical errors, and evaluate model
robustness under varying noise levels.

In summary, our contributions are as follows:

* We develop a generalized Bangla news event
ontology and release a human-annotated
dataset comprising 9,979 sentences from
clean news articles and noisy ASR tran-
scripts, containing 8,041 event mentions
across 40 event subtypes.

* We show that although encoder-based mod-
els achieve higher performance on clean text,
decoder-only LLMs are substantially more
robust to noise, particularly when event trig-
gers are corrupted.

* We find that instruction tuning with annota-
tion guidelines consistently improves over-
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all event detection performance but yields
limited robustness gains, whereas combined
training on clean and ASR data substantially
improves encoder robustness and narrows the
gap with decoder-only LLMs.

Code and dataset to reproduce our experiments
are available.!

2 Related Work

Early event detection systems relied on feature en-
gineering and statistical learning techniques (Ahn,
2006; Patwardhan and Riloff, 2009; Hong et al.,
2011; Li et al., 2013). More recently, pretrained
Transformer encoders such as BERT have be-
come the dominant paradigm, substantially ad-
vancing trigger detection performance (Nguyen
etal., 2021; Wang et al., 2020; Pouran Ben Veyseh
et al., 2022; Huang et al., 2024). Alongside these
architectural advances, recent work has also fo-
cused on developing event detection datasets span-
ning diverse domains (Kim et al., 2009; Sims et al.,
2019; Le and Nguyen, 2021; Yao et al., 2022)
and languages (Pouran Ben Veyseh et al., 2022;
Touileb et al., 2024). Large-scale resources such
as MAVEN (Wang et al., 2020), RAMS (Ebner
et al., 2020), and the TextEE benchmark (Huang
et al., 2024) have become standard evaluation plat-
forms for modern event detection research.

Compared with the extensive literature on En-
glish event detection, Bangla has received consid-
erably less attention. Existing studies have pri-
marily developed task-specific datasets and mod-
els targeting individual application domains, in-
cluding violent incidents (Khandokar et al., 2020;
Dey et al., 2021; Ali Khandokar et al., 2025),
disasters (Dave et al., 2021), and crime-related
news (Hossain et al.,, 2025). Moreover, pub-
licly available resources do not provide a gener-
alized news-domain ontology comparable to ACE
2005 (Walker, Christopher et al., 2006), making
standardized evaluation across diverse event cate-
gories difficult. Studies on noisy Bangla text are
likewise limited and have focused primarily on
sentence-level tasks such as sentiment analysis (Is-
lam et al., 2021; Elahi et al., 2024) rather than
token-level trigger identification.

The rapid progress of decoder-only LLMs has
recently motivated their application to event de-
tection. Recent work reformulates the task as

1https://github.com/sijantanvir/

Bangla-Noisy-Event-Eval
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Figure 2: Overview of the dataset construction, training, and evaluation pipeline. We develop a generalized Bangla
news event ontology, collect topic-balanced news and ASR corpora, and annotate both using the same event schema.
Encoder-only and decoder-only models are trained under two settings: Clean and Combined (Clean + ASR) Train-
ing Set. Decoder-only LLMs are instruction-tuned using code-format prompts with and without annotation guide-
lines embedded as Python docstrings. Robustness is evaluated on the Clean, real-world ASR transcription noise,

and simulated orthographic noise test sets.

structured code generation (Wang et al., 2023), ex-
plores context-aware encoding (Al Monsur et al.,
2026), and employs instruction tuning with annota-
tion guidelines to improve schema understanding
and cross-schema generalization (Srivastava et al.,
2025). Generative formulations have also been ap-
plied to complex event argument extraction (Sharif
et al., 2024).

Beyond event extraction, annotation guidelines
have also been shown to improve other infor-
mation extraction tasks, including Named Entity
Recognition (Sainz et al., 2024) and Relation Ex-
traction (Pang et al., 2023). However, these meth-
ods have almost exclusively been evaluated on
clean English benchmarks, leaving the robustness
of encoder-only and decoder-only models, as well
as the impact of annotation guidelines during in-
struction tuning, under realistic noisy conditions
largely unexplored.

In this work, we address these gaps using
Bangla as a representative low-resource language.
We introduce a generalized Bangla news event on-
tology, construct a benchmark comprising clean
news articles, real-world ASR transcripts, and
simulated orthographic noise, and systematically
compare fine-tuned encoder-only and instruction-
tuned decoder-only models. We further investigate
whether annotation guidelines improve model per-
formance and robustness under noisy conditions.
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3 Benchmark Development

3.1 Task Formulation

We evaluate event detection across two distinct
modeling paradigms: Token Classification, for
encoder-only architectures and Structured Se-
quence Generation, for decoder-only large lan-
guage models.

Formally, let an input text sequence of length
n be defined as X = [z, z9,...,2,]. Our on-
tology consists of a predefined set of event types
E. The goal of the event detection system is to ex-
tract a set of event instances Y from X. Each ex-
tracted event instance is defined as a tuple (4, j, ),
where [x;, ..., x;] represents the continuous text
span that triggers the event, and ¢ € £ is the pre-
dicted event type. To systematically evaluate the
capabilities of different architectures, the extrac-
tion of Y is formulated through two paradigms:

Event Detection as Token Classification. The
task is framed as a token-level classification prob-
lem. A model processes the input text X and as-
signs a label y; to each token. The model must
simultaneously perform Trigger Identification (lo-
cating the boundaries ¢ and j of the trigger span)
and Trigger Classification (mapping the identified
span to an event type t € &).

Event Detection as Structured Sequence Gener-
ation. For generative LLMs, the task is reframed
as conditional sequence generation. Given the in-



put sentence X, a natural language task instruction
I, and the target event schema FE, for a specific
event type ¢ € £, we construct a unified prompt
P:

P=[I®E ®X] (1)

where @ denotes string concatenation. The in-
struction [ dictates the extraction rules and desired
structured output format, while E; provides the se-
mantic definition of the target event. The model
is trained to autoregressively generate the struc-
tured representation of Y, explicitly handling both
the extraction of valid triggers and the rejection of
schemas not present in X .

3.2 Ontology Development

We adopted the ACE 2005 (Walker, Christopher
et al.,, 2006) event ontology as the foundation
of our schema and extended it with event types
relevant to Bangladeshi news but not explicitly
covered by ACE (e.g., disasters, festivals, socio-
economic events). To identify these event types,
we analyzed Bangladesh-specific CAMEO event
codes and GKG themes from GDELT (Leetaru
and Schrodt, 2013) between 2023 and 2025.

The resulting ontology initially comprised 16
top-level event categories and 70 sub-types. Af-
ter annotation, event types with fewer than 50 in-
stances were removed to improve evaluation relia-
bility, yielding a final ontology of 14 main event
categories and 40 sub-types (Appendix A). Defi-
nitions and representative examples for all event
types and subtypes are provided in Appendix C.

3.2.1 Data Collection

News Text To construct the clean text corpus,
we utilized the Bangla News Article Dataset
(BNAD) (Saad et al.,, 2024), which contains
category-wise collections of news articles sourced
from Bangla Online Newspapers. We collected ar-
ticles from three major Bangladeshi newspapers:
Dhaka Tribune Bangla, The Daily Ittefaq, and
Daily Janakantha. Articles were sampled from cat-
egories aligned with the event categories in our on-
tology to ensure balanced coverage across diverse
domains. Coverage of topics in the dataset are de-
scribed in Appendix A.

ASR Transcript To construct our real-world
noisy ASR corpus, we curated publicly available
news broadcasts from the official YouTube chan-
nels of three of the most popular Bangladeshi tele-
vision networks: Jamuna TV, Somoy TV, and In-

dependent Television. We extracted the automat-
ically generated Bangla speech transcripts associ-
ated with these broadcasts. Utilizing these ASR
transcripts provides a naturally occurring source
of noisy Bangla text. This data inherently cap-
tures colloquial vocabulary, dialectal verb inflec-
tions, homophone substitutions, and transcription
errors, accurately reflecting the morphological and
lexical challenges encountered by event extraction
systems in real-world spoken media.

3.3 Dataset Quality Control

Annotation Procedure We developed detailed
annotation guidelines based on the proposed on-
tology, including event definitions, representative
trigger examples, boundary annotation instruc-
tions, and common edge cases. Six annotators
were selected through a screening test based on
these guidelines. Annotation was conducted us-
ing the academic version of Label Studio (Hu-
manSignal, 2020).

Inter-Annotator Agreement Each sentence
was independently annotated by two annota-
tors. Inter-annotator agreement, measured using
Cohen’s « (Cohen, 1960), was 0.72.

Adjudication and Quality Control Disagree-
ments were resolved through peer discussion fol-
lowed by senior annotator adjudication. Sentences
with unresolved ambiguity were excluded, result-
ing in the removal of approximately 18% of anno-
tated sentences.

3.4 Dataset Statistics

In total, the finalized benchmark corpus comprises
9,979 annotated sentences, including 5,320 sen-
tences from news articles and 4,659 sentences
from ASR transcripts, containing a total of 8,041
event mentions. Dataset statistics are summarized
in Table 1.

Sour # Annotated # Event Avg. Words
ource Sentences Mentions /Instance
News Article 5320 4406 14.1
ASR Transcript 4659 3635 11.5
Total 9979 8041 12.9

Table 1: Dataset Statistics

3.5 Event Class Distribution

Figure 3 illustrates the distribution of event in-
stances across the 40 event subtypes in the News
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Figure 3: Frequency distribution of the 40 event sub-
types in the News and ASR corpora, showing the long-
tail nature of both datasets. Rankings are computed in-
dependently for each corpus.

Text and ASR Transcript corpora. Both subsets ex-
hibit similar long-tail distributions, reflecting our
topic-balancing effort. Detailed class distributions
are provided in Figure 8 of Appendix A.

3.6 Orthographic Noise Test Data

Although our ASR corpus captures errors aris-
ing from acoustic ambiguity, pronunciation varia-
tion, and missing or incorrectly recognized tokens,
it does not reflect the lexical and character-level
spelling errors commonly found in user-generated
Bangla text. These errors are primarily caused by
phonetic substitutions, keystroke errors, spelling
mistakes, and incorrect handling of Juktakkhar
(consonant conjuncts). Consequently, robustness
to ASR noise does not necessarily imply robust-
ness to orthographic noise.

Rather than collecting and re-annotating a large
corpus of naturally occurring spelling errors, we
simulate orthographic noise using the algorithm of
Sifat et al. (2020). The algorithm was developed
through an analysis of real Bengali typing pat-
terns, including phonetic substitutions, frequently
mispressed key clusters, insertion errors, and Juk-
takkhar-specific rules. As a result, it produces re-
alistic Bangla spelling errors while preserving the
original event annotations.

To evaluate robustness under increasing corrup-
tion, we apply the algorithm to the Clean Test
set at Word Corruption Rates (WCR), defined as
z € {10,20,30,40}. At each level, approxi-
mately % of the words are randomly selected
and transformed using the error generation algo-
rithm. Corruption is applied cumulatively, such
that each higher WCR retains all previously cor-
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rupted words while introducing errors into addi-
tional randomly selected words.

4 Experiments

4.1 Experimental Setup

Datasets and Evaluation Splits We evaluate
models on three test sets: Clean Test, ASR Test,
and Ortho Test, the latter generated from the
Clean Test set by injecting orthographic noise at
varying Word Corruption Rates (WCR). Since sen-
tences may contain multiple event triggers follow-
ing a long-tail distribution, we partition the data
using iterative multi-label stratification (Sechidis
et al., 2011; Szymaski and Kajdanowicz, 2017)
to preserve class distributions across splits. The
Clean corpus is divided into train/validation/test
(70/15/15), while the ASR corpus is divided into
train/validation/test (70/10/20). Table 2 summa-
rizes the resulting dataset sizes.

Dataset Train & Val Test
News Text 4504 816
ASR Transcripts 3705 954
Combined (Clean + ASR) 8209 -
Ortho Test - 816t

Table 2: Raw sentence counts across dataset splits.
tIndicates the count per discrete WCR level

Models For the encoder-only baselines, we em-
ploy BanglaBERT (Base: 110M, Large: 335M)
(Bhattacharjee et al., 2022) and XLM-RoBERTa
(Base: 270M, Large: 550M) (Conneau et al.,
2020). BanglaBERT represents the state-of-the-
art monolingual pretrained model for Bangla NLP,
while XILM-R provides a strong multilingual base-
line.

For the generative LLM baselines, we evaluate
several open-weight LLMs across different param-
eter scales and multilingual support. Specifically,
we consider models from the Llama family, includ-
ing Llama 3.1 8B IT and Llama 3.2 1B IT (Dubey
et al., 2024), together with Google’s Gemma 3
4B IT and Gemma 3 1B IT (Gemma Team et al.,
2025).

Model Training Encoder-only models are
trained for token classification, whereas decoder-
only LLMs are instruction-tuned for event
detection. We employ targeted negative sam-
pling (NS), where each positive event query is



augmented with five randomly selected negative
event types (1:5 ratio), providing contrastive
supervision for distinguishing event types and
suppressing hallucinated predictions (Srivastava
et al., 2025). To evaluate the effect of annotation
guidelines, we consider two prompting settings:
w/ Guide, where event definitions are embedded
as Python docstrings, and w/o Guide, where
only the event type name is provided. Detailed
prompt templates and training hyperparameters
are provided in Appendix B.1 and B.2.

Evaluation Protocol Following Srivastava et al.
(2025), we adopt a one-vs-all inference strategy
for decoder-only LLMs, pairing each test sentence
with every event type independently and aggregat-
ing predictions across all 40 event types. This
formulation provides explicit supervision for ab-
sent event types, reducing hallucinated event pre-
dictions while enabling a fair comparison with
encoder-only token classification models.

Evaluation Metric We report Macro-F1 as the
primary metric because it equally weights all event
types regardless of class frequency, making it
more appropriate for our long-tailed event distri-
bution than Micro-F1 (Al Monsur et al., 2026).

4.2 Evaluation of Language Models

LLMs exhibit greater robustness to noise than
encoder-based models. To quantify robustness,
we measure the performance degradation due
to noise as AF1 = Flciean — FlNoisy, Where
FlNoisy = %(FlASR + FlOrtho—Avg) averages per-
formance on real-world ASR transcripts and simu-
lated orthographic corruption.

Figure 4 reveals a clear distinction between
encoder-based models and generative LLMs. Al-
though encoder models achieve higher clean-text
performance, they are substantially more sensitive
to noise. For example, BanglaBERT Large attains
the highest clean Macro F1 (68.9) but drops by
14.6 points under noisy conditions, while XLLM-R
Large degrades by 11.4 points. In contrast, LLMs
remain considerably more robust. Llama 3.1 8B
IT (w/ Guide) achieves a clean Macro F1 of 57.6
with only a 2.7 point drop, and Gemma 3 4B IT
(w/ Guide) degrades by just 4.0 points.

Instruction tuning w/ Guide improves perfor-
mance but yields inconsistent reductions in
clean-to-noisy performance drop As shown in
Figure 5 and Table 3, instruction tuning w/ Guide
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consistently improves Macro F1 on both the Clean
and ASR test sets across all evaluated LLM fam-
ilies, despite training exclusively on clean news
text. For example, Gemma 3 4B IT improves from
55.2 to 60.6 Macro F1 on the Clean Test set, with
similar gains across other models. However, its
effect on robustness is inconsistent. For Gemma
3 4B IT and Llama 3.2 1B IT, the average perfor-
mance drop (AF1) increases from 2.9 to 4.0 and
from 4.9 to 6.4 points, respectively. In contrast,
Llama 3.1 8B IT benefits substantially, reducing
its degradation from 6.9 to 2.7 points.

Noise combined training enhances encoder ro-
bustness Training on a mixture of clean and
noisy ASR data improves robustness for both
encoder-based models and generative LLMs, al-
though the gains differ across architectures. En-
coder models benefit most: BanglaBERT Large
reduces its average performance drop (AF1) from
14.6 to 7.9 points, while XLM-R Large improves
from 11.4 to 5.3 points, with little change in clean-
test performance. In contrast, generative LLMs
improve both clean performance and robustness.
For example, Gemma 3 4B IT (w/ Guide) reduces
its average performance degradation from 4.0 to
3.3 points, while Llama 3.1 8B IT (w/ Guide) re-
duces its degradation from 2.7 to 1.0 points, along-
side an improvement in its clean-test score. Over-
all, combined training is particularly beneficial for
encoder architectures, substantially narrowing the
robustness gap with generative LLMs.

Model scaling benefits decoder-only LLMs
more than encoders Parameter scaling reveals
a clear architectural divergence in robustness. For
decoder-only models, larger models consistently
exhibit smaller noise-induced performance drops.
For example, scaling from Llama 3.2 1B IT to
Llama 3.1 8B IT reduces the average Macro-F1
degradation from 6.4 to 2.7 points under clean
training (w/ Guide). A similar trend is observed
for the Gemma family, where the 4B model con-
sistently outperforms its 1B counterpart in robust-
ness. In contrast, scaling encoder models from
Base to Large improves clean-text performance
but does not consistently improve robustness. Un-
der clean training, BanglaBERT-Large and XLM-
R-Large incur larger average performance drops
than their Base counterparts (14.6 vs. 13.3 and
11.4 vs. 10.4 points, respectively).



Macro F1
Architecture | Model Training Condition
Clean Test | ASR Test | Ortho Test (Avg.) | Aasr | Aortho
Clean w/ Guide 60.57 59.53 53.66 1.04 6.91
Gemma 3 4B IT Clean w/o Guide 55.19 53.94 50.58 1.25 4.61
Combined w/ Guide 65.60 65.43 59.14 0.17 6.46
Clean w/ Guide 52.27 48.81 45.11 3.46 7.16
Gemma 3 1B IT Clean w/o Guide 48.88 45.75 4431 3.13 4.57
Combined w/ Guide 59.07 54.58 50.40 4.49 8.67
Decoder-Only -
Clean w/ Guide 57.58 55.23 54.57 2.35 3.01
Llama 3.1 8B IT Clean w/o Guide 55.27 46.92 49.86 8.35 5.41
Combined w/ Guide 64.95 66.39 61.60 -1.44 3.35
Clean w/ Guide 54.64 48.07 48.38 6.57 6.26
Llama 3.2 1B IT Clean w/o Guide 47.03 43.89 40.42 3.14 6.61
Combined w/ Guide 56.37 59.33 51.93 -2.96 4.44
Clean 67.35 56.79 51.35 10.56 | 16.00
BanglaBERT Base
Combined 68.49 68.58 52.02 -0.09 | 16.47
Clean 68.91 58.34 50.25 10.57 | 18.66
BanglaBERT Large
Combined 68.84 69.38 52.41 -0.54 | 1643
Encoder-Only
Clean 67.35 55.46 58.54 11.89 8.81
XLM-R Base
Combined 68.29 66.20 58.80 2.09 9.49
Clean 70.61 56.92 61.43 13.69 | 9.18
XLM-R Large
Combined 71.16 69.34 62.33 1.82 8.83

Table 3: Macro-F1 performance of encoder and decoder architectures across clean and noisy test sets. Aasgr
and Aoyino denote the absolute performance degradation relative to the clean test set (Clean — Noisy). Smaller
A values indicate greater robustness, while negative values indicate improved performance on the noisy test set

compared with the clean baseline.

Progressive orthographic noise induces mono-
tonic performance decline, modulated by train-
ing strategy. As Word Corruption Rate (WCR)
increases from 0% to 40%, both generative LLMs
and encoder-based models exhibit a monotonic de-
cline in Macro F1 (Figure 5). However, the rate of
degradation varies across architectures and train-
ing strategies. Combined training consistently im-
proves robustness by flattening the degradation
curve, with the largest gains observed for encoder
models. For generative LLMs, combined training
also improves absolute performance across most
corruption levels. Across all evaluated model fam-
ilies, w/ Guide variants consistently outperform
their w/o Guide counterparts on both clean and cor-
rupted inputs.

LLMs excel under trigger corruption, while en-
coders remain competitive under context cor-
ruption. To complement the aggregate analy-
sis, we perform paired McNemar’s exact tests at
WCR = 40%, the most challenging evaluation
setting. Predictions are partitioned according to
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whether the event trigger itself is corrupted (where
surrounding context may also contain corruption)
or whether only the surrounding context is cor-
rupted while the trigger remains intact. Statistical
significance is computed using strict trigger identi-
fication.

Figure 6 reveals a clear distinction between the
two settings. Under trigger corruption, decoder-
only LLMs, particularly larger models, signif-
icantly outperform encoder-based architectures,
demonstrating greater robustness to corrupted trig-
ger mentions. In contrast, under context cor-
ruption, the performance gap narrows substan-
tially. Most comparisons are no longer statisti-
cally significant, and among the significant cases,
XLM-R frequently outperforms the smaller LLMs.
These results suggest that the primary advantage
of decoder-only LLMs lies in recovering corrupted
trigger mentions, whereas encoder models remain
highly effective when only the surrounding con-
text is noisy.
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Figure 4: Macro-F1 decomposition across model architectures and training settings. Bar height denotes Clean Test
Macro-F1; the solid region shows average performance retained across ASR and orthographic test sets, and the

hatched region the corresponding performance drop.
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Figure 6: Pairwise McNemar’s significance tests at
WCR = 40%. Left: Trigger Corruption (with accom-
panying context corruption). Right: Context-Only cor-
ruption (Trigger intact). Significance levels: *p < 0.05,
**p < 0.01, ***p < 0.001.

5 Conclusion

We presented the first comprehensive study of
language model robustness for Bangla event de-
tection under real-world ASR transcription er-
rors and simulated orthographic noise. We in-

33

troduced a generalized Bangla news event on-
tology and released a dataset of 9,979 human-
annotated sentences spanning clean news, ASR
transcripts, and synthetic orthographic corruption.
Our experiments reveal a clear architectural trade-
off: encoder-only models achieve stronger perfor-
mance on clean text but degrade substantially un-
der ASR and orthographic noise, whereas decoder-
only LLLMs are considerably more robust, particu-
larly when event triggers are corrupted. We further
show that instruction tuning with annotation guide-
lines consistently improves overall performance
but provides limited gains in robustness, while
combined training on clean and noisy text substan-
tially improves encoder robustness. These find-
ings highlight the importance of evaluating event
detection beyond clean-text benchmarks and estab-
lish strong baselines for robust event detection in
low-resource settings.



Limitations

Although we carefully designed our experiments
to ensure a fair comparison between encoder-
based models and decoder-only LLMs, our study
has several limitations.

Strict Span-Based Evaluation. Following stan-
dard event detection benchmarks, we evaluate
using Strict Macro-F1, which requires an exact
match between predicted and gold trigger spans
and event types. This metric measures precise trig-
ger identification, the primary objective of event
detection, and enables direct comparison across
encoder-only and decoder-only models. Because
decoder-only LLMs generate trigger mentions au-
toregressively, they may occasionally produce se-
mantically appropriate mentions with slightly dif-
ferent surface boundaries, which are counted as
incorrect under the strict criterion. Accordingly,
our results should be interpreted as reflecting exact
trigger extraction rather than semantic equivalence
of generated mentions.

Domain and Task Scope. This study is re-
stricted to the news domain, using datasets con-
structed from formal news articles and their same-
domain ASR transcripts. Consequently, the re-
ported robustness characteristics may not general-
ize to general-domain event detection, which may
involve other event types and exhibit substantially
different linguistic properties and noise distribu-
tions. Furthermore, our investigation is limited
to event detection, namely identifying event trig-
ger mentions and classifying their event types, as
annotating event arguments, participant roles, tem-
poral expressions, and other event attributes would
require substantial annotation effort and computa-
tional resources. Future research should investi-
gate whether the robustness trends observed for
event detection extend to argument extraction and
complete event extraction pipelines.

Ethical Considerations

Annotators were compensated for their work at
a rate consistent with local standards for simi-
lar annotation tasks. Prior to participation, an-
notators were informed about the purpose of the
study and how their contributions would be used
in the dataset. All news articles and Automatic
Speech Recognition (ASR) transcripts were col-
lected from publicly available channels. The
dataset was compiled strictly for non-commercial,
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academic research purposes under standard fair
use principles. Any named entities or individuals
present in the text are public figures or subjects of
public record, and no sensitive Personally Identifi-
able Information (PII) of private citizens was tar-
geted or exposed.
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A Data Collection and Ontology
Development

A.1 Topic Coverage

To ensure comparable topic-coverage across clean
text and ASR transcripts, we curated both cor-
pora from the same set of news domains. For the
clean text corpus, we selected articles from the
BNAD (Saad et al., 2024) dataset, specifically us-
ing content from three major Bangladeshi news-
papers: Dhaka Tribune Bangla, The Daily Ittefaq,
and Daily Janakantha. We focused on seven major
news domains:

o QSRS (Politics)
o QLTS (Economy)

o X (Health)
o ™1 (Education)

. Y& /(63 /eI 8 &Y(& (Technology/Science)
o AN (Commerce)
o ST (Jobs)

For the ASR corpus, we curated publicly avail-
able Bangla news broadcasts from the official
YouTube channels of Jamuna TV, Somoy TV, and
Independent Television, and extracted their auto-
matically generated Bangla speech transcripts. To
mirror the clean text corpus, we collected broad-
casts from category-specific playlists correspond-
ing to the same seven news domains whenever
available.

A.2 Ontology Development

To construct a generalized Bangla news event
ontology, we analyzed a large-scale corpus of
Bangladeshi news using the Global Database of
Events, Language, and Tone (GDELT) through
Google BigQuery and queried the Global Knowl-
edge Graph (GKG) to extract historical event
records related to Bangladesh from 2023 to 2025
(Figure 7). Based on this corpus analysis, we
identified event phenomena that are prevalent in
Bangladeshi news and introduced locally rele-
vant event types and subtypes to complement the
widely adopted ACE 2005 ontology. This process
ensured compatibility with established event types
while capturing events that are underrepresented
or absent in ACE 2005 but frequently occur in
Bangladeshi news. The resulting ontology com-
prises 40 event subtypes organized into general-
ized event categories. The complete list of event
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Figure 7: Overview of the ontology construction pro-
cess. We analyze historical Bangladeshi news events
from GDELT using Google BigQuery and the Global
Knowledge Graph (GKG), adapt relevant event types,
and integrate them with ACE 2005 to construct a gen-
eralized Bangla news event ontology.

types and subtypes, together with their sources, is
presented in Table 4. The distribution of annotated
event instances across the News and ASR corpora
is shown in Figure 8.



Table 4: Event types and sub types in the dataset

Event Type Sub Type Source
Contact Meet ACE 2005
Phone-Write ACE 2005
Conflict Attack ACE 2005
Demonstrate ACE 2005
Crime Commit-Blue-Collar-Crime GDELT
Commit-White-Collar-Crime | GDELT
Disaster Occur-Man-Made-Disaster GDELT
Occur-Natural-Disaster GDELT
Festival Celebrate-Cultural-Festival GDELT
Observe-Religious-Festival GDELT
Governance Approve GDELT
Ban GDELT
Decide GDELT
Gazette GDELT
Investigate GDELT
Reform GDELT
Support GDELT
Health Outbreak GDELT
Serve-Patients GDELT
Justice Arrest-Jail ACE 2005
Charge-Indict ACE 2005
Deliver-Verdict ACE 2005
Sue ACE 2005
Trial-Hearing ACE 2005
Life Die ACE 2005
Injure ACE 2005
Movement Transport ACE 2005
Personnel Elect ACE 2005
End-Position ACE 2005
Start-Position ACE 2005
Socio-Economy | Disrupt GDELT
Graduate GDELT
Grow GDELT
Import-Export GDELT
Invest GDELT
Recruit GDELT
Trade GDELT
Technology Launch-Service GDELT
Transaction Transfer-Money ACE 2005
Transfer-Ownership ACE 2005
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Figure 8: Distribution of event instances across the 40 event subtypes in the News and ASR corpora. Both corpora
exhibit similar long-tail distributions, reflecting our topic-balancing effort despite the ASR corpus containing nat-
urally occurring transcription artifacts and out-of-distribution vocabulary.
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B Prompt Design and Model Training

B.1 Instruction Tuning Prompt Formats

The following example illustrates the structured
code generation prompt under the w/ Guide set-
ting, where fine-grained annotation guidelines
(event definitions, trigger examples, and bound-
ary constraints) are embedded directly within the
schema representation as Python docstrings. En-
glish translations are provided in brackets for ref-
erence.

Instruction Tuning Prompt (w/ Guide)

# Instruction
Extract events according to the
schema.

# Schema
@dataclass
class Injure(Life):

naon

€3  I(SBHB  wA  WE T
RS /(TR /TS A

e =fFeI e i |

(This event occurs when a person
is physically injured unintention-
ally/voluntarily/accidentally.)

Tmrzgd ol ©rere, e, @igs,
SERIDIE TN

(Example triggers: injure, harm,
injured, dismemberment, etc.)

Tegel: (Note:)

- YeAld JhE TR It o @3
2[OCHT TRYS (A Al

(If the injured person dies, it will
not be included in this event.)

naon

mention: str

# Sentence

text = "OTe MR T T AW
QR 1"

(The injured student was
successfully rescued.)

result

# Output
L
Injure(mention="Aq®")
("injured")
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Instruction Tuning Prompt (w/o Guide)

# Instruction
Extract events according to the

schema.

# Schema

@dataclass

class Attack(Conflict):
mention: str

# Sentence

text =
et wfere i A5 qifoe
TR T YA
(The hall authority has cancelled
the seat of a student on
allegations of student
torture at Khulna
University.")
result =
# Output
L

<
Attack(mention=" aﬂ‘OCﬂﬁ")

("torture™)

\.

B.2 Training Details

Encoders Encoder-only models are fine-tuned
using full-parameter supervised fine-tuning with
the AdamW optimizer (Loshchilov and Hutter,
2019), a learning rate of 2 x 107°, weight decay
of 0.01, warmup over 10% of training steps, and
a maximum sequence length of 128 tokens. Train-
ing is conducted for up to 15 epochs with early
stopping based on validation Macro-F1 with pa-
tience 3.

Decoders Decoder-only LLMs are adapted via
Low-Rank Adaptation (Hu et al., 2021) with rank
T 16, scaling factor o 32, and dropout
p = 0, applied to all linear projection layers. We
use a uniform rank across all model sizes follow-
ing Al Monsur et al. (2026), who demonstrate that
ranks above 8 provide no additional benefit for
event detection tasks. Models are trained for up
to 5 epochs with a learning rate of 1 x 1074, co-
sine learning rate schedule, warmup ratio of 0.05,
effective batch size of 64 via gradient accumula-
tion, and early stopping on validation loss with pa-
tience 3. All experiments are conducted on a sin-
gle NVIDIA A100 GPU.



C Comprehensive Event Ontology Guidelines

Table 5: Detailed definitions and examples for all 40 event subtypes.

Event Type Sub Type Definition Example

Contact Meet 4 v2 91 wrelfed fe, wa1 a1 A [y @ w9
afoDea efeffsat AN 1M AW TR 27 |
AT, (I5F, O I HACHEA (An emergency press
oA FLAT L conference was called
(When two or more individuals, .
groups, or organizational regardlng the current
representatives participate in a sjtuation_)
face-to-face meeting, conference,
gathering, or discussion.)

Phone-Write T 92 3l wrolfs Jfe, v a1 Reafia sRele GRanH 5|
effpieTa efeffamt sTmPIRl  ToIS PR e v arefe
AT ARCS P, TEIT,  7F Sice biF |
%C;IT% a ?T;?T“ 7 fo1fIs IS MG (The Acting Chairman of the
C 1D T | BNP called four party leaders

(When two or more individuals, ) ) )
groups, or organizational to inquire about the election
representatives communicate or preparations)
discuss through phone calls, emails,
letters, or other written messages
instead of meeting face-to-face.)

Conflict Attack T (I G A bl ferm qrwelaifGan wifgsiey wea 12
*IREE G, QA AT, i qewa Aol 2
T3, T 1 eferawees e (A deadly clash occurred
fRe oA 906 1 Weed 2 petween two rival groups
R ECEEQIEHT e, I over dominance in

1G? G s L eerel 1 T Brahmanbaria.)
eI e @, °@ G
Attack R Rafos 2@ |
(When an individual or group is
involved in a physically violent
incident such as an attack, assault,
clash, armed conflict, coup, or
shooting. The specific means of injury
need not be explicitly stated, provided
the event describes physical violence
or terrorist-like activity.)
Demonstrate T (@ IE A Sendy T 35 I IO

e wifs, wfger a e
STl ABIRACT 0
SFesifdeerd [rsre, e,
TR, 4395, TTOE A
QA ALY BT |

(When an individual or group
collectively participates in a protest,
demonstration, human chain, strike,
hartal, or blockade to express demands,
grievances, or support for a particular
cause.)

TS A 7M1 AR |
(The public voluntarily
observed the hartal on the
29th.)
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Event Type

Sub Type

Definition

Example

Crime

Disaster

Commit-Blue-
Collar-Crime

Commit-White-
Collar-Crime

Occur-Man-
Made-Disaster

Occur-Natural-
Disaster

747 fom wieE afe A eidt
TS JEML® bl THAY,
@ Ty, Tfe, e,
wsigEe, 4¥¢l, OIAIBIE,
TFTRAIGH A @A ool
IBOIT S AT | AL
4 SR B A
TS T(F; BYNQ FeH, 7%,
e 91 eferaate v F@
AFE (6 Conflict.Attack TR |
(When a conventional crime
committed by an individual or group
of lower socioeconomic background,
such as murder, robbery, mugging,
kidnapping, rape, smuggling, human
trafficking, or arson, is explicitly
mentioned. The type of crime must be
clearly specified; if the text only
describes a clash, conflict, fight, or
shooting without explicitly identifying
a crime, it should be Conflict.Attack.)

T (@I FfE 1 N g,
@, o siferife, arsee,
ARAE @y, Wi sTeifae
ERE DRSS REIE
(oIS AT ST QAT |
O oAl 91 wiferifon wcel
AN e N e i
IGF IS TG
Commit-White-Collar-Crime
fataie =
(When an individual or group commits
a financial or occupational crime such
as corruption, bribery, fraud, forgery,
embezzlement, cybercrime, money
laundering, or illicit financial transfer.
Fraud and forgery committed by
individuals from any socioeconomic
background should also be annotated
as Commit-White-Collar-Crime.)

RECRCE L ERIRCI = ach e
: @-ﬁ @7 : l * CT; E. 1

P} L
O], O €37 A O
Heafoe e
(When a human-induced or accidental
disaster, such as a fire, explosion, road
accident, building collapse, or similar
incident, occurs.)

T4 31, g, i,
TN, SR, TAreted At
I ipfos el Ao =7
3 OIF AOIRF I TFY AT |

(When a natural disaster, such as a
flood, cyclone, earthquake, landslide,
storm surge, river erosion, or similar
natural hazard, occurs or its impact is
described.)

AT RETOR (@ed ¢
S R |

(Authorities have instructed
increased late-night patrols in
the capital to prevent

mugging.)

QOGS GHIEF AT AR |
(Multiple cases have been
filed against him on charges
of check forgery.)

GG 9o G 261 BIeiE
FFAANC BINCIF QAT e
et

(A fire broke out at a leather
warehouse in Hazaribagh,
Dhaka, at around 2:15 p.m.
on Friday.)

TSRS AT |

(The riverside villages have
been flooded by the water of
the Surma River.)
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Event Type Sub Type Definition Example
Festival Celebrate- I (I GO T, U (M8 FHATSS FoACES

Cultural- srel e, (et @t @fszRd TRIETR AT FCACR |

Festival Wﬂéﬁ TR, IS 4 (Both countries celebrated
GRS the golden jubilee of their
(When a cultural festival, national day, . . .
fair, or traditional celebration is dlplomatlc relatlons')
organized, observed, or celebrated.)

Observe- T (I N TR, (7 @& "J:ﬁ/TlT TATCT T #ifS

Religious- QDI A 4T ABE-SI, CTerIE e 2R |

Festival A 57, ‘{ﬁf"[@, & “ffefs, (A peace procession was held
TG S q3 oot today to mark Buddha
AT SR T = | Purnima.)

(When a religious festival, ceremony,
or observance, such as Eid, Durga
Puja, Buddha Purnima, Christmas, or
similar religious occasions, is
celebrated or observed.)

Governance  Approve 4 @I FEDE, TSI ALZ NGRS R wo @G werrg
1 AfSP (I @iET, o5, Ao A AR 1T |
. S5, I A NferS (The World Bank approved a
E@@’ DI AT $300 million loan for

| .
(When a government, public agency, or secondary educatlon')
organization formally approves a law,
project, loan, budget, allocation, or
policy.)

Ban T (@I TP, AR AG IEANACH D LTER A
A aifede ameTes S G AR (A et
T (I T, oD, TR (R I |
PRGH, AU A G 8 (The central bank has
5!(3%@% SR 2 imposed a ban on all vehicle

© 2e P! urchases by banks in
(When a government, public agency, or p y
organization imposes a ban or Bangladesh.)
blacklists a person, organization,
activity, product, or service, excluding
bans issued through a court order.)

Decide T (I AP, FIFIE AT, GO PR3 FB
AfsD, sifapem «<m A Rl (R R SR GG PACE
e FeAF Arpiee  fefere ww AT Frae
@Il P azd I | TR |
(When a government, public agency, (Based on the unanimous
organization, board of directors, or ..
other authorized authority formally opinion of the BAJUS
makes a decision.) executive committee

members, a decision was
made to increase the price.)

Gazette T (P! FTPIE, TR ALG CINAE Q-NH@ ST Sl

3 effop SPRIFFeE e,
colees [t ifoH efs 3

(When a government, public agency, or
organization officially issues a gazette
notification, proclamation, or formal
notice.)

FCACR PR TFeAfeTy |

(The Ministry of Education
issued a gazette notification
regarding the matter on
Monday.)
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Event Type Sub Type Definition Example
Investigate J4 @I S, 9o 4t g SIS v qoeIb
ST ool AGIBRAR STHT*  ©W@ FACE |
T, SMEHIAl Ll Il (I (The Anti-Corruption
eif oI wifTeE evs 1 Commission is investigating
SR AT | the incident following
(When a government, investigative llegati £ tion.)
authority, or organization formally allegations ot corruption.
conducts an investigation or inquiry to
verify the facts surrounding an
allegation, incident, or irregularity.)
Reform I (I TP, TR TG R0 4wy I Gt
3t &ifSR TeeR Sty fiwEel s e St
@I Aife, @iEe, [fwEn T e
%i 50W5133 TIZR r, e (The Bangladesh Food Safety
TREFE e | : Authority has initiated the
(When a government, public agency, or g .
organization formulates, revises, or formulation of a pohcy to
reforms a policy, law, regulation, or regulate trans fats.)
administrative system intended to
improve governance or public
welfare.)
Support 4 (P! TG, TP A2 so Bl (wfer bist F3yfore
3 AP @I I, (M A TFF TS 00 &I B
AfsDieE wom ad, ogls, A, o sz
Qi A LA Iy (The government is providing
RIS M S subsidies worth BDT 22
(When a government, public agency, or billion for the rice program
organization provides financial or )
material assistance, such as subsidies, ~ that sells rice at BDT 10 per
loans, cash, relief, or other support kﬂogram')
with monetary value, to an individual,
group, or organization.)
Health Outbreak 4 (FICAT FRGNE A =eife @ (T (AMH 211’1_\‘9/1?
THALEHNF (RN ASIR G, I R |

Serve-Patients

@I B A TS TES
T, @15 WS 7Y, =LA AR

FLEHACT O T AT |
(When a disease outbreak occurs, an
individual or population is infected, a
disease is diagnosed, or the
transmission of a disease is reported.)

T4 (Fe FofeesT=s, gofeires
A TP 2SI @M
fofsean, ofS, s 2t aepiey
FIGIERI Wi I |

(When a doctor, hospital, or healthcare
institution provides medical treatment,
hospital admission, consultation, or
other healthcare services to a patient.)

(Recently, the outbreak of
dengue has increased across
the country.)

T fofq wzhizece
fofeeaa s |

(He is currently undergoing
treatment in the intensive
care unit (ICU)).
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Event Type Sub Type Definition Example

Justice Arrest-Jail e ffer, Wﬁ TEFR @ Ay Reaf 7 9B w9
R A & (FCA A FEAT (AT F 2
IBFNCOIT (I A& (Eight BNP members were
G (T A B I, arrested in connection with
A IS AT FINNE  the incident.)
(2R I FREMS I I

Charge-Indict

Deliver-Verdict

Sue

Trial-Hearing

(When a police force, law enforcement
agency, or other government authority
legally arrests or detains an accused
person, or when an individual is
imprisoned or sent to jail by court
order.)

T @I S A Afedies
frtm apIfFeE @i

ARG N S ST @il
Y, G O oS Fel 2 |
(When an individual or organization is
formally charged, accused, or indicted
for a crime or wrongdoing. The
allegation does not need to be proven.)

Y (ST AMETS (RICT
TR A, et At e
gqnle Q|

(When a court delivers a verdict,
judgment, or judicial order in a legal
case.)

T @I S, elf oD At e

qmECe O IS A aifedis
feeta et AR 6

(When an individual, organization, or
institution files a lawsuit or legal case
against another individual or
organization.)

T4 (P GWETS !
AR DI @i, wifse
waif a1 e Ftaw
ARG I |

(When a court conducts a formal trial,
hearing, bail hearing, or other judicial
proceeding related to a legal case.)

AT ey “iveme
Afae feFia <4 2R |
(The five individuals initially
accused were temporarily
suspended.)

o7 Few [Raw avEced
T (N (ST A ez
afsat |

(The State Minister assured
that the court's verdict
regarding Monipur School
would be accepted.)

pEe SeyemE [0
N SRR |

(The victim has filed a
lawsuit against the accused.)

@F-RES 9 ArgPTTed
AR GG @IS 519 WMo
wifie @i @RAR S 2w
(The bail hearing for four
members of the Board of
Trustees in the embezzlement
case related to the purchase
of land for the University will
be held on Sunday.)
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Event Type Sub Type Definition Example
Life Die T (@A e FofS e, e MAcT sAfmEs A
VG, A=A To A wete (Torve afs S
STOMICas 0T YR FCEH 1 it 2 |
TR e el =, (Party leaders and activists
@ o1z, IO, T AT A A9 were urged to stand beside
RERCARSIGN afS Die the family of the deceased
3090 e [qeafbe 2@ Shahin.)
(When a person dies due to natural
causes, an accident, violence, or
self-sacrifice. Resultative expressions
indicating death, such as killed, dead,
died, or lost one’s life, should also be
annotated as Die events.)
Injure I (@I FE 7Eoa1, AlReTo! TR A G @l
& (@I TR fEFe Ry @we sy RERd
(When a person sustains a physical 1 . .
injury due to an accident, violence, or (At least 16 university
any other cause. If the person diesasa  students were injured after
result of the incident, the event should their vehicle collided with a
be annotated as Die, not Injure.)
tree.)
Movement  Transport 4 @I G, ey A Ay fofq e qenmers s fo
aF FF (AT GG ZA 72T, FI3G e @ ke
e, FASE A TG 2 (GRIZER STy A& e |
(When a person, vehicle, or goods are f h .
transported, travel, depart, or move (He departed or Chennai,
from one location to another.) India, on a Biman Bangladesh
Airlines flight for medical
treatment.)
Personnel Elect T (@I IE 6T T B GFR OF FAH WS

End-Position

Start-Position

@I ~m f&ifoe &, =@
CRICAT # C”_Y/Zi CIDIEACRITIGE
Soweey oo Sefoe At
e <4l 7 |

(When a person is elected to a position
through an election, or when an
election is held or organized to select
representatives for a position.)

T (@I S B, 7 A
TG (AT A, MY, To1R,
wIefe, smensl Al SRR
TG ARG (AF A 91
(When a person leaves a job or
position through dismissal,
termination, removal, resignation,
retirement, or the end of their tenure.)

T (FICN FE FICN 21
fAcetene 27, Tgq viefre

Q@ FE A APITFe
Ay 22 FCE |
(When a person is appointed to a

position, joins a new job, or officially
assumes a role or responsibility.)

eG4 (EBiBaE) enle
f<ifoe zwez fof

(He was elected President of
the Dhaka Chamber of
Commerce and Industry.)

qF T FAE A (AT

eif oD wiferarat

(The Chinese e-commerce
company Alibaba dismissed a
female employee from her
job.)

G BIPE (Tei foeer
A e iR |

(Three candidates were

appointed at the one-day job
fair.)
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Event Type Sub Type Definition Example

Socio- Disrupt 4 wefife, Aifeey, f4g, i HeFh gl e

Economy TRAM, IR A9, P, (3 RS AR |
FAAREA A QAT (BT (The financial crisis has
G TEAATSIL T, disrupted global supply
afie A 3w = chains.)
(When activities related to the
economy, trade, industry, production,
supply chains, education, employment,
or public services are significantly
disrupted, interrupted, or brought to a
halt.)

Graduate T (@I IS A ARSI TS FUBOIR T@ef FRe
SAGIREIRCIE] N 0,5b¢ T |
I SURIE AN o8 (A total of 23,985 candidates
2, &o = passed the examination.)
TR FfregREe a3 ‘
g9 Y FCa9 |
(When a person or applicant passes an
academic or competitive examination,
graduates from an educational
program, or formally completes a stage
of education.)
Grow T qidfifs, g, ifasy 2 AT TS 30 IR T L,9%

Import-Export

Invest

Recruit

a1 AP A S
APCF |

(When the growth, increase, or
expansion of an economic indicator,
industry, trade, or another measurable
quantity is reported.)

YT (A 4ol ot (A et
TV T 2 9L ¢ (A
a7 <41 =31

(When goods are imported into a
country from abroad or exported from
a country to foreign markets.)

T4 (@ I, afode g
I N, e, g 1 crest
gt ffe ffqee s

(When an individual, organization, or
government invests money or capital in
a business, project, industry, or
country.)

I (I efede r wegr e

S & el el
I A A=A S |
(When an organization or institution
publishes a recruitment notice or
invites applications for one or more
positions.)

fefel agfm wrem ez
(Bangladesh has achieved an
average GDP growth of 6.6%
over the past 13 years.)

S CERIEGERUEIIPRCR
QA T4 A (AF (O
TLAMCTR TG 77 T = |
(A portion of the demand for
edible oil is met by producing
oil from imported seeds.)
qieEene [Riveee @ge 9
T |

(It is important to attract
Thai investors to invest in
Bangladesh.)

e IR i e
N ETIRIR |

(The Bangladesh Army has
published a recruitment
notice.)
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Event Type Sub Type Definition Example
Trade 4 AT Aifeey FFER T FR ey WHlers te
T AT T ATCE | TS Befe e wbfos
(When the text generally refers to WF@T ENGIGISER

Technology

Transaction

Launch-Service

Transfer-Money

Transfer-
Ownership

overall trade activities.)

T (@IC e afede
A TG (T ey,
fefese e, wmfsce At

T G SRiAwed v A
T SCADA T |

(When an existing organization or
institution officially launches or
introduces a new technology product,
digital service, application, or similar
service.)

799 (@ I, afedi at A
CPICAT A A GT G STl
e o e A efediTa
i 9L M, &7d, 4,
v, A [ @i RSt
gure I &2 I |

(When an individual, organization, or
institution transfers, receives, lends,
borrows, donates, or grants money to
another party without the primary
purpose of purchasing goods or
services.)

7Y (@ e, afodi,
AR, F, FHN A I
JE, 7 A G S-S
TG AF TF (AP A ATFA
Iz IAE® 27 |

(When the ownership of a
person-owned asset, organization,
vehicle, weapon, property, or other
goods is transferred from one party to
another through purchase, sale,
transfer, donation, or lending.)

(Bangladesh's current account
deficit continued to increase
as the country experienced a
large trade deficit.)

TG A KRS D] e
G |

(The ministry launched the
‘Labbaik' Hajj application.)

Fifafere et B 4

3¢ *OI¥ @ N S TR |
(Commercial banks will have
to pay 0.25 percentage points
more in interest to borrow
money.)

RERASERCORICN GG RO RIS (@
TIPS IS L AL

|
(Subject to government
approval, they will ship the
purchased onions to
Bangladesh on Wednesday.)
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