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Abstract

In prior research on Named Entity Recogni-
tion (NER), the focus has been on addressing
challenges arising from data scarcity and over-
fitting, particularly in the context of increas-
ingly complex transformer-based architectures.
(Wang et al., 2021) proposed an Information
Retrieval (IR) based framework, utilizing the
Google Search API to augment input samples
and mitigate overfitting tendencies. This ap-
proach relies on external information sources,
requiring an online connection and offering
limited options for content selection. To sur-
mount these challenges, we propose O-CALM
an innovative context augmentation method,
designed for adaptability through prompting
and offline generation. In our study, prompts
are meticulously defined as pairs comprising
specific tasks and their corresponding response
strategies. This careful definition of prompts is
pivotal in realizing optimal performance. Our
findings illustrate that the resultant context en-
hances the robustness and performances on
NER datasets. we achieve state-of-the-art F1
scores on WNUT17 and CoNLL++. We also
delve into the qualitative impact of prompting.

1 Introduction

The Named Entity Recognition (NER) task has
shown great advancements since the introduc-
tion of transformers-based architecture (Vaswani
et al., 2017). By leveraging knowledge from large
amounts of data, pre-trained contextual embedding
(Devlin et al., 2018; Liu et al., 2019; Raffel et al.,
2019) have demonstrated great capabilities in gen-
eration and reading comprehension. Nowadays
these approaches have been subsequently upscaled
in terms of data collection and model complexity
leading to new solutions designated as Large Lan-
guage Model (LLM) (Touvron et al., 2023; Jiang
et al., 2023; OpenAl, 2023). These models demon-
strate that prompt-based conditional generation and

zero-shot capabilities offer a wide range of possi-
bilities.

However, the NER task still raises many chal-
lenges for context disambiguation and generaliza-
tion to new entities. In addition, the scarcity of fully
labeled data prevents the development of larger
models, and the existence of larger corpora from
distant annotation means that the generalization
problem cannot be tackled with robust metrics. One
way of solving this limitation is to introduce rel-
evant external contexts (Devlin et al., 2018; Ya-
mada et al., 2020; Seyler et al., 2018) associated
with the sentences to be analyzed, both in learn-
ing and inference. In this direction, the CL-KL
model (Wang et al., 2021) queries a search engine
to retrieve additional contexts that are re-ranked
via the BERTScore (Zhang et al., 2019a) and used
as extra information along the original input data.
Showing promising results, this model still suffers
from drawbacks: the need for an online connection
and the dependency on proprietary external tools.
These two factors pose issues in terms of resources
and data privacy that might be critical for practi-
cal applications. Moreover, search engines are not
specifically designed for such applications limiting
their effectiveness and flexibility.

To this end, we propose to enhance the CL-
KL model by leveraging the powerful capabilities
of LLM to tackle the aforementioned challenges
of context augmentation. Our model called Of-
fline Context Augmentation with Language Model
(O-CALM), enjoys offline inference and data pri-
vacy while benefiting from generation flexibility
via prompt designing. A large panel of require-
ments may be fulfilled via the careful design of
prompts used in LLMs, allowing to focus on par-
ticular semantics aspects of the input or perform
specific transformation and enhancing operations
that a search engine is not designed for.

Our work aims at 1) showing that LLMs can be
used as a robust method for dataset augmentation
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Figure 1: High-level view of the architecture largely inspired by CL-KL (Wang et al., 2021). In their original work,
the Augmentor is Google Search API. First, a context is generated (green) by an Augmentor given the input based
on the query or prompt and the context is concatenated to the input. Then both the input (red) and the augmented
version are fed to a transformer for contextualization. A Conditional Random Field layer (CRF) is then passed
on output probabilities to model label transitions. Resulting posterior probabilities are then fed to a cooperative
learning loss (CL-Loss, detailed in section 2) and optimized against ground truth (Label Loss).

specifically in the case of NER, and 2) studying
systematic methods for engineering effective
prompts as well as their impact on the generation
process. Our experiments outline promising results
attaining SOTA performances on two datasets:
WNUT17 (Derczynski et al., 2017) and CoNLL++
(Wang et al., 2019). Our contributions are:

e An innovative context generation methodology
that operates offline, leveraging the capabilities
of LLM without necessitating additional external
data. Our proposal makes the NER processes more
self-contained.

e A systematic approach for crafting prompts,
central to the functioning of LLM. This method
delineates a clear framework for specifying tasks
(the *what’) and the modalities of response (the
’how’), thus offering a refined mechanism for
interacting with LLM.

e Showing the effectiveness of such context
generation method on three datasets with different
domains, attaining SOTA performances on
WNUT17 and CoNLL++.

2 Backbone Model

This work is built upon the architecture developed
in (Wang et al., 2021), referred to as CL-KL, which
consists of two main sub-modules: an Augmentor
and a Tagger. The Figure 1 illustrates the architec-
ture. The Augmentor’s role is to provide additional
context conditioned on the input data, aiming to dis-
ambiguate and add helpful facts to the Tagger. The
Tagger, on the other hand, extracts entities from the
input using a sequence tagging setup with a tagging
scheme (e.g., IOB (Ramshaw and Marcus, 1999)).

Augmentor. In CL-KL, the Google Search API
serves as an external knowledge base, offering a set
of potential candidates. The selection is performed
through a reranking model using BERTScore as
a measure of context relevance towards the input
data.

This approach presents certain limitations. The
reliance on the Google Search API necessitates an
internet connection, and the generation of contexts
incurs additional costs, particularly beyond a cer-
tain threshold of queries. This renders the approach
impractical for large-scale applications where the
generation process would need to be spread over
multiple days. Additionally, the effectiveness of
this solution is inherently constrained by the capa-
bilities of the Google Search API. The re-ranking
model selects contexts from the API’s results, thus
being confined to the options presented by the
mechanism. Furthermore, privacy concerns arise
due to the handling of sensitive data by Google,
also, there is a risk of data leakage, potentially caus-
ing issues for applications dealing with sensitive
information.

Tagger. This submodule aims to classify tokens
of the initial input with support of the context pro-
vided by the Augmentor, in a sequence tagging
manner. A post-processing procedure is then ap-
plied to extract entities and their associated tags. It
is composed of a pre-trained transformer for token
contextualization followed by a linear classifier. Fi-
nally, a conditional random field (CRF) (Sutton and
McCallum, 2010) is applied to the posterior prob-
abilities. This is done to improve final results by
incorporating prior knowledge of label transitions.



To address the potential costliness of an augmenta-
tion strategy, the authors of CL-KL introduced Co-
operative Learning to alleviate performance drops
when such a system is impractical. The approach
involves processing input in a multi-view setup:
once with the original input and a second time with
the augmented version. Both output representa-
tions are then utilized in a loss function, typically
the Kullback-Leibler divergence in the case of CL-
KL. The objective is to ensure proximity between
both representations, thereby minimizing perfor-
mance drops in situations where augmentation is
not feasible.

We invite the reader to refer to the original paper
(Wang et al., 2021) or a more detailed description.

3 Framework

The CL-KL approach employs a search engine, via
API, combined with a reranker as the Augmentor
module. As discussed in Section 2, this imposes
limitations in terms of privacy, flexibility, and cost.
To address these issues, we suggest using an LLM
as the Augmentor to generate contexts. This offers
the advantages of offline augmentation, constrain-
ing the data to the model in a self-contained man-
ner, and providing opportunities for output control
through prompting. The latter point is crucial for
optimal performance. Prompt engineering, as de-
scribed in (Liu et al., 2023), is the process of design-
ing prompts to achieve specific results with LLM
and produce more relevant, accurate, and imagina-
tive texts. While there are no universal methods,
relying on tried-and-tested templates (White et al.,
2023) is essential.

We defined the prompt as a composition of a
Task and Variations. The Task is an essential com-
ponent of a prompt, as it defines the objective or
purpose of the prompt. The Variation is optional,
as it modifies or enhances the prompt’s functional-
ity. To illustrate how we constructed our prompts
with each Task and Variation, we created a pattern,
which is illustrated in Figure 2.

To achieve a good prompt creation, we structure
it through two questions: /. What are we asking?
Prompting might be interpreted as asking a Task
out of a LLM. Such fask might take many forms
and formulations, in this work we tried three ap-
proaches explained in Section 3.1. 2. How does an
LLM react to different formulations? Prompts fa-
cilitate the provision of supplementary information
that goes beyond the specific task itself, focusing

instead on the desired format of the output. These
Variations exert a considerable impact on the qual-
ity of the produced output and are introduced in
Section 3.2.

Prompts with Task and variation illustrations are
presented in Appendix A.

3.1 What are we asking ?

The task defines the processing required to be done
on the input data by the LLM. In this work the
target downstream task is to perform NE extraction,
requiring to design prompts able to address the
associated challenges, such as providing additional
context information or input disambiguation. To
achieve this we choose three axes:

¢ Entities contextualisation prompt. The NER
task specifically targets entities present in the input.
This involves requesting extra information about
entities identified by the LLM in the input, delving
into their meanings and related facts.

— Could you provide more information about the
entities in the provided text.

o Reformulation prompt. This prompt seeks to
change the words surrounding entities, effectively
rephrasing the sentence while maintaining its origi-
nal meaning. It generally aims to give information
in a clearer, more concise, or more accessible way.
With the expectation that it would provide extra
information about the input data.

— Could you provide reformulations of the pro-
vided input text while keeping the same entities,
you can provide extra information.

e Contextual variability. The goal is to gener-
ate diverse contexts in which entities can appear.
Embracing contextual variability enables a more
precise and nuanced understanding of language.
Disambiguation of words with multiple meanings
is efficiently achieved by analyzing their contex-
tual usage. We anticipate that LLMs will identify
and utilize named entities for context generation to
minimize their ambiguity and enhance the token
representation within the transformer.

— Could you please present diverse situations in
which the mentioned entities are encountered in the
provided text.

3.2 How does a LLM react to different
formulations?

The previous section defines the general instruction
provided to an LLM but it might be not sufficient
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Figure 2: Pattern of prompt creation. The green rectangle represents the Task and the other colors represent the

Variations. Variations are optional.

as side information can be submitted as well for
generation conditioning. They can inform about
how the message should be generated in itself by
specifying the output writing style, a potential tem-
plate, or even a position to be adopted by the LLM.
To do this we employed five distinct prompt gen-
eration techniques, each categorized by its unique
creation approach:

e Classic: This is the baseline variation informing
only about the task.

e Persona: It introduces a role into the prompt.
This might influence the LLM to focus on a spe-
cific part of the input related to its associated role
(linguist, physician, etc) and/or to condition the
vocabulary used for the output generation process.
e Reflection pattern: This method emphasizes ex-
plicitly to an LLM to leverage ambiguity and to
provide a clear answer.

e Answer format: This method provides informa-
tion about the output format that an LLM should
adopt.

e All: Combination of all the previous variations.

4 Protocol

Our evaluation lies in two objectives: 1) evaluating
our model on the final task, namely the NER one,
using standard datasets, and 2) analyzing the qual-
ity of the augmented contexts. With this in mind,
we describe the evaluation protocol.

4.1 Datasets

We evaluate our model on three NER datasets fo-
cusing on three domains: social media, biomedical,
and news. Dataset statistics are depicted in Table 1.
e WNUT17 (Derczynski et al., 2017) which is cen-
tered on the detection of uncommon entities that
have not been encountered before, within the con-
text of emerging discussions.

e BC5CDR (Li et al., 2016) which comprises
PubMed articles annotated with information on
chemicals, diseases, and interactions between

Dataset # label Train Dev Test
WNUT17 6 3394 1009 1287
BC5CDR 2 4560 4581 4797

CoNLL ++ 4 14987 3466 3466

Table 1: Statistics of each used dataset.

chemicals and diseases.

e A revised edition of the CoNLLO3 (Sang and
De Meulder, 2003) dataset, CoNLL++ (Wang et al.,
2019), composed of articles extracted from the
Reuters Corpus, encompassing news articles.

4.2 Baselines and effectiveness metrics

For a fair comparison, we evaluate our results
against the original model CL-KL leveraging
Google Search API introduced by (Wang et al.,
2021). We have re-implemented their model and
tested it on the aforementioned datasets.

We also consider state-of-the-art approaches
listed in Table 4 in which we report the results.
Those models are based on contextual embeddings
(Ushio and Camacho-Collados, 2021; Hu et al.,
2022; Zhang et al., 2023; Jeong and Kang, 2022,
2021), on BiLSTM or CNN architecture (Kocaman
and Talby, 2020; Peters et al., 2018), ensemble
training (Wang et al., 2019), or on co-regularization
(Zhou and Chen, 2021).

We compare the different variants of our model
with these baselines, based on the different prompts
presented in Section 3.1. We measure a quantitative
performance via entity extraction from the tagging
scheme and processing of the micro F1 score com-
monly used in reference works (Derczynski et al.,
2017; Wang et al., 2023). All results are averaged
over three runs and we also report the standard
deviation.

4.3 Qualitative metrics

To evaluate the quality of generated contexts we
conduct a two-part analysis. The first one adopts
a context practicality point of view as we empiri-



cally observed that LLMs can produce non-sense
outputs or even do not produce anything at all (Sec-
tion 4.3.1). The second part aims to measure the
semantic relevance of generated contexts (Section
4.3.2).

4.3.1 Context practicality

Our investigation into the context generation pro-
cess using LLMs revealed a range of imperfections,
including nonsensical outputs and a complete lack
of generation. To understand the magnitude of
these problems, we define a set of categories de-
scribing the following patterns:

1. Empty: The generation process produces only
the end-of-sequence token, resulting in an empty
output sequence.

2. Denied: While LLMs have demonstrated re-
markable capabilities in language generation, they
remain largely uncontrolled, raising concerns about
the potential creation of harmful content, such as
hate speech. To address this issue, LLMs are com-
monly trained to refuse to cooperate when pre-
sented with prompts that could elicit harmful or
unethical responses. A common example of such a
response is: "I apologize, but I'm a large language
model Al and I cannot provide you with a response
[...].". Although these responses are technically
valid, they fail to provide any meaningful or rel-
evant information. To detect these situations, we
identify the pattern "I apologize" commonly found
in this scenario.

3. Fail: Due to its stochastic nature, the context
generation process can sometimes yield nonsensi-
cal outputs characterized by repeated words and a
limited vocabulary. To identify these failed gener-
ations, we count the number of unique words in
the generated context. If the count falls below a
threshold of 15, we flag the generation as invalid.
4. Correct: We consider the other cases in this class,
meaning that the generation is well formatted and
comprehensible.

4.3.2 Context relevance

To measure whether the generated output accu-
rately aligns with the provided input or veers to-
wards unrelated topics, we follow authors of CL-
KL that use the BERTScore (Zhang et al., 2019a)
to select the most relevant context from Google
Search API results and employ the same metric
to estimate the quality of contexts. To do this, for
each model, we process the average BERTScore be-
tween the different pairs of input/context. Note that

Empty contexts are treated as a 0 BERTScore, while
the Denied and Fail categories would produce low
BERTScore scores as they are not relevant to the
input.

As semantic similarity does not imply relevance,
especially in the degenerate case where the LLM
would produce an output identical to the input, we
checked that the contexts were indeed different,
especially in terms of length'.

4.4 Training details

We use the same settings as CL-KL. Specifically,
we fine-tune the pre-trained contextual embeddings
using the AdamW optimizer (Loshchilov and Hut-
ter, 2018) with a batch size of 4. To update the
parameters in the pre-trained contextual embed-
dings, we employ a learning rate of 5 - 1075, For
the CRF layer parameters, we use a learning rate of
0.05. The NER models are trained for 10 epochs
for each dataset. We use XML-RoBERTa-Large
as token contextualization for WNUT17/CoNLL++
and biobert-large-cased for specialized datasets like
BCS5CDR. As of context generation, LLama2-7B is
used with default parameters. Overall, the training
of the models was performed on NVidia v100/a100
GPUs and took around 9500 hours, including the
test and production phases.

5 Results

5.1 Analyzing the Generated Contexts

In this section, we investigate the quality of gen-
erated contexts regarding both the context prac-
ticality and the content. For the sake of sim-
plicity, we report results obtained on the hardest
dataset: WNUT17, in which our model is state-
of-the-art. However similar trends are noticed for
other datasets and are reported in Appendix B.

Analysis of generated contexts. Table 2 shows
the distribution of contexts generated in the
WNUT17 training set for each practical category.
Our analysis of LLM-generated contexts indicates
that it can generate a relatively high proportion
of correct contexts (between 69.68% and 85.24%).
The distribution between the rest of the classes
(Empty, Denied, Fail) depends on the model vari-
ants.

Specifically, the context variation task without
variations exhibits the highest Empty response rate

'These sanity check experiments are detailed in Ap-
pendix B.



O-CALM-Variation Empty Denied Fail Correct
CL-KL - 202 (5.95%) 0 (0.00%) 0 (0.00%) 3192 (94.05%)
Classic 214 (6.31%) 374 (11.02%) 441 (12.99%) 2365 (69.68%)
Persona 215 (6.33%) 257 (7.57%) 262 (7.72%) 2660 (78.37%)
Reformulation Reflection pattern 209 (6.16%) 433 (12.76%) 216 (6.36%) 2536 (74.72%)
Answer format 222 (6.54%) 350 (10.31%) 281 (8.28%) 2541 (74.87%)
o All 118 (3.48%) 310 (9.13%) 103 (3.03%) 2863 (84.35%)
2 Classic 214 (6.31%) 313 (9.22%) 484 (14.26%) 2383 (70.21%)
D Persona 225 (6.63%) 222 (6.54%) 320 (9.43%) 2627 (77.40%)
5 Entities contextualisation Reflection pattern 221 (6.51%) 328 (9.66%) 273 (8.04%) 2572 (75.78%)
5 Answer format 239 (7.04% 282 (8.31%) 406 (11.96%) 2467 (72.69%)
o All 134 (3.95% 258 (7.60%) 109 (3.21%) 2893 (85.24%)
Classic 237 (6.98%) 347 (10.22%) 415 (12.23%) 2395 (70.57%)
Persona 221 (6.51%) 285 (8.40%) 256 (7.54%) 2632 (77.55%)
Context variation Reflection pattern 209 (6.16%) 338 (9.96%) 215 (6.33%) 2632 (77.55%)

Answer format
All

212 (6.25%)
136 (4.01%)

372 (10.96%)
292 (8.60%)

289 (8.52%)
91 (2.68 %)

2521 (74.28%)
2875 (84.71%)

Table 2: Analysis of generated prompts with Llama2-7B (Touvron et al., 2023) based on the train set of WNUT17
(Derczynski et al., 2017). The task column represents the general command provided to the language model. The
variation column represents the used variants for output format conditioning. The context is then categorized into
Empty (no generation), Denied (No generation provided due to ethical reasons), Fail (generation does not make

sense), and Correct (generation is exploitable).

.. WNUTI17 BC5CDR CoNLL++
O-CALM-Variation FI BERTScore FI BERTScore FI BERTScore
CL-KL From paper 0.604 - 0.9099 - 0.9481 -
Our implementation  0.591 £ 0.027 0.7445 0.9041+0.002 0.7934 0.9495+0.0004 0.7312
Classic 0.577 £ 0.017 0.8029 0.893 £+ 0.002 0.8396 0.957 £+ 0.002 0.7643
Persona 0.604 + 0.007 0.8092 0.890 + 0.004 0.8374 0.956 + 0.002 0.7677
Reformulation Reflection Pattern ~ 0.594 4 0.006 0.8007 0.889 £+ 0.002 0.8399 0.954 £+ 0.002 0.7690
Answer Format 0.593 + 0.008 0.8036 0.893 + 0.001 0.8422 0.956 + 0.004 0.7664
All 0.590 + 0.002 0.8074 0.888 + 0.004 0.8430 0.956 £+ 0.001 0.7786
fl@ Classic 0.601 £ 0.008 0.7942 0.893 + 0.001 0.8143 0.956 + 0.001 0.7605
& Persona 0.600 + 0.005 0.7856 0.891 £+ 0.001 0.8075 0.955 4+ 0.002 0.7606
E Entities contextualisation ~ Reflection Pattern ~ 0.601 4 0.002 0.7926 0.895 + 0.003 0.8176 0.957 £+ 0.001 0.7647
6 Answer Format 0.602 4+ 0.006 0.7961 0.893 £+ 0.001 0.8258 0.955 4+ 0.002 0.7640
) All 0.615 + 0.003 0.7905 0.890 + 0.000 0.8174 0.960 + 0.002 0.7724
Classic 0.596 + 0.002 0.7912 0.895 4+ 0.001 0.8202 0.955 4+ 0.002 0.7636
Persona 0.593 4+ 0.008 0.7899 0.892 £+ 0.002 0.8203 0.955 £+ 0.001 0.7638
Context variation Reflection Pattern ~ 0.598 £+ 0.011 0.7914 0.892 + 0.000 0.8197 0.956 4+ 0.001 0.7666
Answer Format 0.596 + 0.005 0.7926 0.892 £+ 0.002 0.8277 0.955 £+ 0.002 0.7636
All 0.604 + 0.002 0.7927 0.890 + 0.000 0.8257 0.957 + 0.003 0.7741

Table 3: Experiment results conducted on WNUT17, BCSCDR and CoNLL++, using Llama2-7B. For each task,
every variation is tested with the F1 score. We add the mean BERTScore between context and input. The scores in
bold are our best results and underline ones the best overall.

of 6.98%, potentially due to unclear instructions
and task difficulty. Persona variation reduces the
Denied generation rate by 0.2 to 1.57 points in com-
parison with the second lowest rate, as role assign-
ment constrains vocabulary and encourages ethi-
cal message generation. Reflection pattern signifi-
cantly decreases the Fail generation rate, dropping
as low as 6.33% in the case of Context variation,
aiding the language model in avoiding nonsensical
outputs. Finally, employing a combination of all
variation prompts (A/l) enhances outcomes by mit-
igating problematic cases such as Empty, Failed,
and denied generations. This effect is particularly
significant for Empty or Failed generations, with
performance doubling or more.

Concerning the CL-KL baseline, a substantial

proportion of correct answers (94.05%) is observed.
While this approach does not generate denied out-
puts and no fails (this latter category might be
found in other datasets), empty cases can still oc-
cur, albeit with a lower proportion compared to the
average for all LLM generation processes. This oc-
currence can be attributed to the nature of contexts
provided by the CL-KL model, which relies on ex-
isting web pages, thereby avoiding falling into the
Denied and Fail classes. The Empty class manifests
only when the input text deviates significantly from
the document distribution.

In the end, combining all prompts yields the best
overall performance, underscoring the critical role
of prompt richness in the LLM generation process
for augmentation quality. No single variant outper-



forms the others, aligning with prior observations,
as individual variants lack sufficient context for
robust generation.

Context Relevance. Following the original arti-
cle CL-KL and the protocol described in Sec. 4.3.2,
we use BERTScore as metrics for context relevance.
The results are provided in Table 3 on the right
part of each dataset column. For all datasets, we
highlight that our model provides more similar aug-
mented contexts regarding the input text than the
CL-KL model. For instance, for the WNUT17
dataset, our model can reach a BERTScore up to
0.8092 vs. 0.7445 for the CL-KL model. In gen-
eral, BERTScore Reformulation consistently out-
performs Contextual variation and Entities contex-
tualization. This suggests that the reformulation
chooses words semantically closer to the input to
form the context. Notably, on the BC5SCDR dataset,
the variations between the task prompts are more
pronounced, which can be attributed to the special-
ized domain of the dataset.

This higher score on the BERTScore metric does
not imply that the context is a copy of the input.
Indeed, Google Search API generated 119 words,
whereas Llama2 generated around 195 words. For
the exact distribution, refer to Figure 5 in Appendix
B. In addition, 60% of the entities present in the
inputs are found in the contexts generated by the
generative model in comparison to Google API
where 44% of the entities in the inputs are found.
This indicates that our model generates more orig-
inal and informative contexts, rather than simply
copying the input text.

5.2 Benchmark Results

Model WNUT17 BCSCDR CONLL++
(Jeong and Kang, 2021) 58.9 -
(Ushio and Camacho-Collados, 2021) 58.5

(Hu et al., 2022) 57.41

(Zhang et al., 2023) - 91.9

(Jeong and Kang, 2022) - 91.3

(Kocaman and Talby, 2020) - 90.89

(Zhou and Chen, 2021) - - 95.088
(Wang et al., 2019) - - 94.28
(Peters et al., 2018) - - 94.04
CL-KL (Wang et al., 2021) 60.45 90.99 94.81
O-CALM (ours) 61.54 89.5 96.00

Table 4: Comparison of the best performances of
our model against various baselines. Except for the
BCS5CDR dataset our approach outperforms previous
designs.

We present here the effectiveness of our model
variants (Tables 3 & 5) and the different baselines

(Table 4) on the different NER datasets. A more
in-depth analysis is provided in the Appendix A.

Upon examining our model variants (Table 3 -
F1 column for each dataset), it becomes evident
that no individual variation offers a distinct ad-
vantage in terms of F1 score, except for the All
variant. This suggests that significant performance
improvement is achieved through the combination
of all variants. Upon closer examination of the
differences between prompt tasks, a decrease in
performance is observed for the Reformulation task
om WNUT17, with an average F1 score of 0.5916
across all variants compared to 0.6038 for Entities
contextualization and 0.5974 for Context variation.
This could indicate that paraphrasing alone is insuf-
ficient, and the provision of additional information
is crucial for effective NER augmentation. Further-
more, the effectiveness appears to increase when
the extra information is closely related to the task
at hand.

By comparing our best model variant with base-
lines (Table 4), we observe the following trends.
First, our model demonstrates its effectiveness by
obtaining the best metric values over all previ-
ous baselines on the WNUT17 and the CoNLLA++
datasets. This corroborates previous statements
highlighted by (Wang et al., 2021) that context
augmentation is a relevant technique to improve
NER models. We note, however, lower scores
for the BCSCDR dataset. One hypothesis is that
this highly specific dataset may not be well-suited
for the general prompts we used; a more tailored
formulation dedicated to diseases/chemical com-
pounds could potentially yield better results by in-
fluencing the LLM to provide context more suited
for this type of data. Examples of such prompts
and associated generation contexts are provided in
Appendix A.

Second, it is worth noting that there is no cor-
relation between the F1 score and the BERTScore
with a Pearson being nonsignificant in the case of
WNUT17. A hypothesis explaining these observa-
tions is that NER augmentation does not require
paraphrasing but rather additional information to be
effective. BERTScore measures semantic closeness
but not complementarity, and thus, the lack of a
strong correlation with F1 scores may be attributed
to the nature of the NER task, which benefits more
from additional context rather than semantic simi-
larity.

Third, our approach demonstrates a significant
improvement compared to the CL-KL with an F1



Model Empty Denied Fail Correct
CL-KL 0.6086 0.5656 0.5891 0.6188
O-CALM 0.4571 0.5600 0.5891 0.6262

Table 5: F1 score measured on the test set of WNUT17
according to each subcategory defined in section 4.3.1.
The best prompt found (Entities contextualization - All)
for the task is used for O-CALM model.

score upgrade of 1.09 points on WNUT17 and 1.19
points on CoNLL++ as presented in Table 4. This
reinforces our intuition that it is possible and effec-
tive to build relevant contexts in an offline manner.
On top of that, introducing degrees of freedom at
the prompt level increases the level of cooperation
between Augmentor and Tagger.

Having in mind that 70% of cases work with
our contextualization approach (Table 2), we de-
pict in Table 5 an analysis aiming at distinguish
performance when the system is in Correct mode
from that obtained in Denied, Fail or Empty mode.
Even if O-CALM seems to adapt well to Denied
& Fail contexts (which correspond anyway to hard
examples), its performance is impacted by empty
contexts. On the contrary, we note that its perfor-
mance is impressive in nominal operating mode.

6 Related Work

Named Entity Recognition. Historically, ref-
erence models in NER have been based on
rules (Huffman, 1995), Hidden Markov Models
(HMMs), or Support Vector Machines (SVMs)
(Singh et al., 2009). However, a turning point
occurred with the widespread adoption of deep
learning. Neural networks have made significant
progress in language representation, ranging from
static word embeddings (Mikolov et al., 2013) to
modern contextualized word embeddings (Peters
et al., 2018; Devlin et al., 2018; Liu et al., 2019).
These advancements paved the way for effective
designs in the NER community, starting with (Chiu
and Nichols, 2016; Lample et al., 2016; Rei, 2017),
mainly rooted in the popular architecture intro-
duced by (Huang et al., 2015), consisting of a bi-
LSTM with a CRF layer on top leveraging deep
contextualization as well as label transition prior
knowledge. The introduction of transformer-based
taggers (Vaswani et al., 2017) (Wang et al., 2020;
Li et al., 2019; Zhang et al., 2023) significantly
improved performances. However, it also revealed
design flaws in NER datasets, particularly the expo-
sure of entities in training and testing subsets (Taillé

et al., 2020). This, along with data scarcity, led to
overfitting risks and thus the creation of datasets
like WNUT17 (Derczynski et al., 2017). To address
these issues, researchers integrated external infor-
mation sources for improved contextualization and
leveraging ambiguity (Devlin et al., 2018; Yamada
et al., 2020; Seyler et al., 2018), primarily through
online querying of search engines. With the re-
cent development of large language models such as
Llama?2 (Touvron et al., 2023), current approaches
focus on using these systems and their knowledge
to extract entities via zero-shot generation (Wang
et al., 2023).

Data Augmentation. Data augmentation in-
volves methods designed to increase available data
without collecting new samples. In natural lan-
guage processing, two main categories are rule-
based and model-based approaches (Feng et al.,
2021). These methods address various goals, from
fixing class imbalance (Chawla et al., 2002; Fer-
nandez et al., 2018; Charte et al., 2015; Wei and
Zou, 2019) to handling adversarial examples (Jia
et al., 2019; Zhang et al., 2019b; Kang et al., 2018;
Glockner et al., 2018). Data augmentation for nat-
ural language remains challenging due to its dis-
crete nature, but recent advancements in language
models (LLMs) have opened new opportunities
for augmentation (Belinkov and Bisk, 2017; Feng
et al., 2021; Yoo et al., 2021; Dai et al., 2023) via
language generation.

7 Conclusion

In this paper, we improve NER performance by
introducing a sample augmentation technique us-
ing context generated offline by an LLM called
O-CALM. Leveraging the generation power of
LLama-7B, we demonstrate the effectiveness of
our approach by obtaining sota performance on
two datasets. Moreover, a detailed study on prompt
engineering is provided highlighting the flexibility
of our solution to adapt to a multitude of scenarios
while benefiting from offline capabilities and self-
contained processing. Our code will be available,
upon acceptance, on github. We are convinced that
this work can be effectively exploited in various
application domains: performance improvement in
targeted technical domains is the main perspective
associated with this work.



8 Ethical Considerations

This research exploits the capabilities of LLMs
while recognizing their inherent limitations. We
are aware of their potential to generate irrelevant
or biased contexts, but we are also driven to push
the open-source mode of LLM use. To note that
Llama2 model and weights are licensed for both
researchers and commercial entities, upholding the
principles of openness. We are fully aware of the bi-
ases built into the data used for training (see the sec-
tion 9 on data contamination for more details). We
are committed to the transparency of our method-
ologies and algorithms. By openly sharing our
results and approaches, we welcome constructive
criticism that enables us to refine our work and we
hope other researchers will use it.

9 Limitations

One of the main limitations of using LLMs is find-
ing the best prompt to strike the right balance be-
tween unresponsive moments and hallucinations.
Ethical considerations often arise when the LLM
fails to respond, while performance improvement
is hindered by this issue. Additionally, hallucina-
tions can be harder to identify and may lead to
inaccurate results in the NER model. Another is-
sue is data specialization. LLMs are trained on a
broad domain, and fine-tuning could improve re-
sults in a sub-domain, but it would come at a high
training cost. Additionally, the cost of inference
is also a limiting factor. We chose a smaller LLM
to run more efficiently on our GPUs. Finally, data
contamination in LLM refers to the inclusion of
unintended data in the training set, which can affect
the model’s performance and output. It is worth
noting that Llama2-7B does not share its training
dataset. The LLM model is not specifically trained
for the NER task. However, if the training dataset
overlaps with the dataset used, there is a risk that
the model may already know the answers.
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A Prompt Examples

In Table 6, we can see 5 prompts examples.

Also, as seen in section 5, the BC5CDR dataset
show a decrease in F1 score across all variation.
The hypothesis emitted is that the prompt used
for context generation is too generic and not well
suited for this kind of specific domain. To this end,
we propose the following prompt by changing the
persona variation to "doctor":

"You act as a doctor, Could you provide more
information about the chemical compound and
diseases in the provided text. Provide outputs that a
doctor would create. Moreover, please address any
potential ambiguities or limitations in your answer
in order to provide a more complete and accurate
response.”

Table 7 provides examples of generations.
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Task / Variation Prompt
Entities contextualization / Classic Could you provide more information about the entities in the provided text.

, could you provide reformulations of the provided
Reformulation / input text while keeping the same entities, you can provide extra information.

Could you please present diverse situations in which the mentioned entities are
Context variation / Answer format encountered in the provided text. You should enumerate your answers as a list
of propositions prefixed by a number.

Could you provide more information about the entities in the provided text.
Entities contextualisation / Reflection pattern | Moreover, please address any potential ambiguities or limitations in
your answer in order to provide a more complete and accurate response.

, could you provide more information about the

entities in the provided text. .
Moreover, please address any potential ambiguities or limitations in your answer
in order to provide a more complete and accurate response.

Entities contextualisation / All

Table 6: Example of prompt definition. A prompt is defined by a pair of Task and Variations. Task (green) can be:
Entities contextualisation, Reformulation and Context variation. Variations can be: Persona (orange), Reflection
pattern (red), Answer format (purple) and All.
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Table 7: Comparison of contexts generated from Google API and a specialized prompt.

Input

Google API

LLama2-7B

A high percentage of kanamycin
- colistin and povidone - iodine
irrigations were associated with
erosive cystitis and suggested a
possible complication with hu-
man usage .

Bladder irrigation with povidone-
iodine in the prevention of
urinary-tract infections after
single or intermittent urethral
catheterisation was investigated
in a controlled study . In the
control group ( 36 patients
Because aging is accompanied
by a steady decline in resistance
to infectious diseases , the
diagnosis and treatment of these
diseases in the elderly is not only
much more complex

As a doctor, I can provide more
information on the chemical com-
pounds mentioned in the text
and their potential associations
with diseases. However, I must
also acknowledge the limitations
of the information provided and
the need for further research in
some areas...Kanamycin and col-
istin are both antibiotics that are
commonly used to treat bacte-
rial infections. Kanamycin is a
aminoglycoside antibiotic that is
effective against a wide range
of bacteria, including Gram-
negative and Gram-positive bac-
teria. Colistin, on the other hand,
is a polymyxin antibiotic that
is effective against many types
of Gram-negative bacteria, in-
cluding some that are resistant
to other antibiotics...Povidone-
iodine is a topical antiseptic that
is commonly used to disinfect the
skin and mucous membranes. It
is effective against a wide range
of bacteria, viruses, and fungi,
and is often used to prevent infec-
tions in surgical wounds, burns,
and other skin injuries...The text
suggests that a high percentage
of kanam
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Table 7: Comparison of contexts generated from Google API and a specialized prompt.

Input

Google API

LLama2-7B

The possibilities that these car-
diovascular findings might be the
result of non - selective inhibition
of monoamine oxidase or of am-
phetamine and metamphetamine
are discussed .

Cardiovascular responses to com-
bined treatment with selective
monoamine oxidase type B in-
hibitors and L-DOPA in the
rat Cardiovascular activity of
rasagiline , a selective and po-
tent inhibitor of mitochondrial
monoamine oxidase B : compari-
son with selegiline Amphetamine
and its derivatives exhibit a wide
range of pharmacological activ-
ities , including psychostimu-
lant , hallucinogenic , entac-
togenic , anorectic or antide-
pressant effects . The mecha-
nisms of action underlying these
Monoamine oxidase : isoforms
and inhibitors in Parkinson ’s
disease and depressive illness
Selegiline is a specific MAO-
B inhibitor . As MAO-B has
been shown to be significantly
involved in the metabolism of
dopamine in certain regions of
the primate brain , selegiline
Monoamine oxidase B ( MAO-
B ) inhibitors have an established
role in the treatment of Parkin-
sons disease as monotherapy or
adjuvant to levodopa . Two m In-
hibitors of MAO-A and MAO-B
in Psychiatry and Neurology

As a doctor, I can provide
you with more information
on the chemical compounds
and diseases mentioned in
the text...Monoamine oxidase
(MAOQ) is an enzyme that plays a
crucial role in the degradation of
certain neurotransmitters, includ-
ing serotonin, dopamine, and
norepinephrine. Non-selective
inhibition of MAO can lead to
an accumulation of these neuro-
transmitters in the brain, which
can result in various adverse
effects, including cardiovascular
problems...Amphetamine and
metamphetamine are both stim-
ulants that can non-selectively
inhibit MAO. Long-term use
of these drugs can lead to
increased levels of dopamine,
norepinephrine, and serotonin in
the brain, which can contribute to
cardiovascular problems, such as
hypertension, myocardial infarc-
tion, and arrhythmias...The text
suggests that the cardiovascular
findings in the patient might
be the result of non-selective
inhibition of MAO or of amphet
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Table 7: Comparison of contexts generated from Google API and a specialized prompt.

Input

Google API

LLama2-7B

The present study was under-
taken to investigate the effects of
TET and FAN on the experimen-
tal thrombosis induced by colla-
gen plus epinephrine ( EP ) in
mice , and platelet aggregation
and blood coagulation in vitro .

Regulation of platelet activation
and coagulation and its role
in vascular injury and arterial
thrombosis Action of Nanopar-
ticles on Platelet Activation and
Plasmatic Coagulation In Vitro
impairment of whole blood coag-
ulation and platelet function by
hypertonic saline hydroxyethyl
starch Mechanism Action of
Platelets and Crucial Blood Co-
agulation Pathways in Hemosta-
sis Request PDF | In Vitro and
Ex Vivo Tests of Coagulation and
Platelet Function | Thrombosis
could be disposed by either lo-
cal or global factors . Global fac-
tors are associated Whole-Blood
Platelet Aggregation Predicts In
Vitro and In Vivo Primary Hemo-
static Function in the Elderly
| Arteriosclerosis , Thrombosis
, and Vascular Biology Pen-
tamethylquercetin ( PMQ ) re-
duces thrombus formation by in-
hibiting platelet function

As a doctor, I can provide more
information on the chemical com-
pounds and diseases mentioned
in the text...TET and FAN are
likely to be chemical compounds
that have been synthesized for
the purpose of studying their
thrombolytic activity in vivo.
Thrombosis is the formation of
a blood clot within a blood ves-
sel, which can lead to serious
health problems such as heart at-
tack, stroke, and pulmonary em-
bolism. Inhibition of thrombo-
sis refers to the ability of a com-
pound to prevent or reduce the
formation of blood clots...The
text mentions that TET and FAN
showed inhibition of thrombosis
by 55% and 35%, respectively,
in mice. This suggests that these
compounds have a moderate to
strong ability to prevent blood
clots in mice. It is important to
note, however, that the results
of in vivo studies in mice may
not always translate to the same
effects in humans, and further
studies are needed to determine
the safety and efficacy of these
compounds in humans...The text
also mentions acetylsalicylic acid
(ASA) as a positive control. ASA
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Figure 3: False positive rate according to associated
BERTScore.
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Figure 4: False negative rate according to associated
BERTScore.

B Results Analysis

Entities extraction analysis

In order to understand the role of the BERTScore
in the extraction performances we conducted the
study of the test set of WNUT17. We collected the
related entities extraction, more specifically on the
false positive and false negative. The number of
such cases is then distributed into buckets accord-
ing to the BERTScore of their associated samples.
Figure 3 depicted the resulting distributions. We
can observe a significant reduction of false pos-
itive cases at equivalent BERTScore in the case
of LLM generation in comparison to Google API.
This could be an indication of a better usefulness of
the former in the context of NER extraction. More
false negatives are observed on the lower end of
the BERTScore buckets as depicted in Figure 4

Length analysis

The length of the generated context has been mea-
sured and compared against the baseline context.
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Figure 5: Distribution of the number of words present
in the contexts of the test set in WNUT17. Input size
in green, Google Search API context size in blue, and
Llama2-7B context size in orange.

Model

Baseline WITH CONTEXT (Wang et al., 2021)
Baseline WITHOUT CONTEXT (Wang et al., 2021)
O-CALM WITH CONTEXT

O-CALM WITHOUT CONTEXT

| WNUTI7 BCSCDR CONLL++
60.45 90.99 94.81
59.33 89.24 94.55
61.15 89.5 96.00
60.13 88.97 95.90

Table 8: Performance comparison with and without
context.

Figure 5 depicts both distributions. we can observe
a large variation of context length in a search engine
case which could limit the information available
for subsequent training. The LLM context genera-
tion does not suffer from this issue as the context
length can be influenced thus the narrow mod. Note
that controlling the context length may be useful to
meet the requirement of certain models and balance
the trade-off between generation length and hallu-
cination commonly found in generation models.

No context Analysis

The use of LLM is expensive in terms of hard-
ware rendering the solution not practicable in a
resource-limited environment, A solution proposed
for this issue is the use of cooperative learning,
constraining output decisions to be close to each
other in the case of additional context and original
input. Table 8 provides a comparison of perfor-
mance between our best model and the CL-KL
model. Globally we can observe an expected de-
crease in performance, however still on par with
previous state-of-the-art performance in the case
of WNUT17. Our approach without context still
outperforms the CL-KL model in every case except
for the BC5CDR datasets.



Prompt Analysis on BC5CDR and CONLL++

Table 9 and Table 10 show the results of the prompt
analysis for CoNLL++ and BC5CDR datasets re-
spectively.

Example of generated prompts
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Task Variation Empty Denied Fail Correct
CL-KL - 1263 (8.43%) 0 (0.00%) 1521 (10.15%) 12203 (81.42%)
Classic 396 (2.64%) 279 (1.86%) 4795 (31.99%) 9517 (63.50%)
Persona 439 2.93%) 223 (1.49%) 4631 (30.90%) 9694 (64.68%)
Reformulation Reflection pattern 544 (3.63%) 274 (1.83%) 4717 (31.47%) 9452 (63.07%)
Answer format 476 (3.18%) 212 (1.41%) 4852 (32.37%) 9447 (63.03%)
All 580 (3.87%) 387 (2.58%) 4450 (29.69%) 9570 (63.86%)
Classic 351 (2.34%) 151 (1.01%) 5014 (33.46%) 9471 (63.19%)
Persona 435 (2.90%) 162 (1.08%) 4620 (30.83%) 9770 (65.19%)

Entities contextualisation Reflection pattern
Answer format
All

490 (3.27%)
458 (3.06%)
610 (4.07%)

249 (1.66%)
178 (1.19%)
270 (1.80%)

4771 (31.83%)
5275 (35.20%)
4460 (29.76%)

9477 (63.23%)
9076 (60.56%)
9647 (64.37%)

Classic
Persona
Reflection pattern
Answer format
All

Context variation

332 (2.22%)
486 (3.24%)
494 (3.30%)
485 (3.24%)
620 (4.14%)

187 (1.25%)
168 (1.12%)
283 (1.89%)
238 (1.59%)
428 (2.86%)

4691 (31.30%)
4555 (30.39%)
4694 (31.32%)
4970 (33.16%)
4398 (29.35%)

9777 (65.24%)
9778 (65.24%)
9516 (63.50%)
9294 (62.01%)
9541 (63.66%)

Table 9: Results of the prompts analysis conducted on CoNLL++

Task Variation Empty Denied Fail Correct
CL-KL - 153 (3.36%) 0 (0.00%) 93 (2.04%) 4314 (94.61%)
Classic 94 (2.06%) 33 (0.72%) 575 (12.61%) 3858 (84.61%
Persona 90 (1.97%) 20 (0.44%) 443 (9.71%) 4007 (87.87%)
Reformulation Reflection pattern 86 (1.89%) 40 (0.88%) 397 (8.71%) 4037 (88.53%)
Answer format 85 (1.86%) 20 (0.44%) 447 (9.80%) 4008 (87.89%)
All 43 (0.94%) 31(0.68%) 277 (6.07%) 4209 (92.30%)
Classic 93 2.04%) 27 (0.59%) 597 (13.09%) 3843 (84.28%)
Persona 99 2.17%) 12 (0.26%) 471 (10.33%) 3978 (87.24%
Entities contextualisation Reflection pattern 99 (2.17%) 34 (0.75%) 461 (10.11%) 3966 (86.97%)
Answer format 100 (2.19%) 14 (0.31%) 626 (13.73%) 3820 (83.77%)
All 54 (1.18%) 19 (0.42%) 291 (6.38%) 4196 (92.02%)
Classic 76 (1.67%) 21 (0.46%) 539 (11.82%) 3924 (86.05%)
Persona 84 (1.84%) 21 (0.46%) 408 (8.95%) 4047 (88.75%)
Context variation Reflection pattern 94 (2.06%) 47 (1.03%) 380 (8.33%) 4039 (88.57%)
Answer format 86 (1.89%) 23 (0.50%) 496 (10.88%) 3955 (86.73%)
All 42 (0.92%) 34 (0.75%) 247 (5.42%) 4237 (92.92%)

Table 10: Results of the prompts analysis conducted on BCSCDR
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Table 11: Comparison of generated prompts for the WNUT17 test set.

Input

Google API

LLama2-7B

Replying to another question ,
Bhamre said the jawans deployed
at places such as Siachen Glacier
are provided with the best-quality
winter clothing.

New Delhi : The Army has pro-
vided latest Swiss winter gear
including trousers , jackets and
gloves to jawans deployed in
places such as Siachen Glacier
Comptroller and Auditor Gen-
eral said that there is a mas-
sive shortage and inadequate re-
serves of specialised winter cloth-
ing , snow goggles , multi-
purpose boots for Army troops
posted areas like * Presently ,
the DRDO is working on four
projects to develop new technolo-
gies for more accurate prediction
of avalanches , ” he said in a writ-
ten response . Experts project
the high-altitude deployment to
adversely impact the physical
and psychological wellbeing of
the jawans , as well as their
weaponry . Subhash Bhamre told
the Lok Sabha that DRDO has 56
high altitude observatories , 55
weather automatic stations and
five avalanche mitigation centres
in HP , J & K and The Defence
Research Development Organisa-
tion ( DRDO ) is working on four
projects to develop new technolo-
gies for more accurate prediction
of avalanches , the gov The De-
fence Research Development Or-
ganisation ( DRDO ) is working
on four projects to develop new
technologies for more accurate
prediction of avalanches , the gov

As an expert linguist , I can pro-
vide more information about the
entities mentioned in the text .
Here are some possible outputs
that an expert linguist might cre-
ate : . 1. Entities : . * "Jawans"-
This term refers to soldiers or
troopers in the Indian Army . It
is a Hindi word that is commonly
used in India . * "Siachen
Glacier"- This is a geographical
location in the Himalayas , lo-
cated in the disputed Kashmir re-
gion . It is a glacier that is con-
sidered one of the highest battle-
fields in the world , with temper-
atures often dropping to - 60C
* "Winter clothing "- This
term refers to clothing designed
to keep people warm in cold
weather conditions . In the con-
text of the text , it is likely that
the best - quality winter clothing
is being provided to soldiers de-
ployed at Siachen Glacier to pro-
tect them from the extreme cold
. 2. Ambiguities or Limita-
tions : . * "Best - quality "- The
term "best - quality” is subjective
and can be interpreted in differ-
ent ways . It is possible that the
term is being used to imply that
the winter clothing provided to
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Table 11: Comparison of generated prompts for the WNUT17 test set.

Input

Google API

LLama2-7B

Amazon Echo / Dot on your net-
work

You can connect your Amazon
Echo to a Wi-Fi network in min-
utes using the Amazon Alexa app
on your phone or tablet . Ama-
zon.com Help : Set Up Your
Echo Dot Amazon.com Help :
Echo Dot Support Amazon.com
Help : Update the Wi-Fi Settings
for Your Echo Device Here are
simple instructions for reconnect-
ing your Amazon Echo , or con-
necting the smart speaker to a
new Wi-Fi network if you see the
light has turned orange , and The
Amazon Echo is the body and
Alexa is the brains , but you ’'re
going to need to connect to a Wi-
Fi network in order to receive the
full Amazon.com Help : Echo
Device Is Having Wi-Fi Issues

As an expert linguist , I can pro-
vide you with information on
the entities mentioned in the pro-
vided text . Here are the entities
I identified : . 1. Amazon Echo :
This is a smart speaker developed
by Amazon that can perform var-
ious tasks such as playing mu-
sic , setting alarms , and control-
ling smart home devices . . 2 .
Dot : This is a smaller version
of the Amazon Echo , a compact
smart speaker that can perform
similar tasks as the Echo but in
a more compact form factor . .
3 . Network : This refers to a
system of interconnected devices
that can communicate with each
other to share resources and ex-
change data . In the context of the
text , it is likely that the author is
referring to the internet or a lo-
cal network . . 4 . Smart home
devices : These are devices that
can be controlled using a smart
speaker like the Amazon Echo or
Dot , such as lights , thermostats
, and security cameras . . 5.
Alarms : These are sounds or
alerts that can be set on a device
to notify the user of an event or
condition , such as a timer or a
security breach . . 6 . Music :
This refers to audio content that
can be played on a smart speaker
like the Amazon
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Table 11: Comparison of generated prompts for the WNUT17 test set.

Input

Google API

LLama2-7B

Retweeting for @ BadlandsNPS
. # ClimateChange is real ! #
TheResistance # DefyTrump #
TrumpLeaks # DworkinReport ...
https://t.co/1b7qlhtqwH

Days after a social media ban
on the National Park Service ,
one park began tweeting facts
about climate change Several
parks tweet messages highlight-
ing climate change fears or ap-
parently opposing immigration
plans . A US national park posts
a series of tweets about climate
change science that are later re-
moved . The national park of-
fers a few facts about our role in
driving climate change before the
posts are removed from Twitter .
A former employee was respon-
sible for the tweets In today ’ s
pass notes : the Twitter feed of
the South Dakota park defied the
Trump administration by posting
facts about global warming . Was
it an ex-employee Sometimes dis-
sent takes surprising forms . The
tweets — seen as a veiled shot
at Donald Trump — were soon
deleted .

As an expert linguist , I can
provide more information about
the entities mentioned in the pro-
vided text . Here are some po-
tential entities and their possible
meanings : . 1 . @ BadlandsNPS
: This entity is likely a Twitter
handle belonging to the Badlands
National Park in South Dakota ,
USA . The tweet is likely a mes-
sage from the park ’ s official ac-
count . . 2. # ClimateChange
: This entity is a hashtag used to
categorize tweets related to cli-
mate change . It is a popular
hashtag used by individuals and
organizations to raise awareness
about the issue and to advocate
for action to addressit. . 3. #
TheResistance : This entity is a
hashtag used to categorize tweets
related to the political resistance
movement against the Trump ad-
ministration in the United States
. The movement emerged in re-
sponse to the election of Donald
Trump as President in 2016 and
has continued to grow and evolve
since then . . 4 . # DefyTrump
: This entity is a hashtag used
to categorize tweets that are criti-
cal of or opposed to the policies
and actions of Donald Trump ,
the 45th President of the United
States . . 5. # TrumpLe
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