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ABSTRACT
Entity Recognition (ER) is a common natural language processing
task encountered in a number of real-world applications. For com-
mon domains and named entities such as places and organisations,
there exists sufficient high quality annotated data and foundational
models such as T5 and GPT-3.5 also provide highly accurate pre-
dictions. However, for niche domains such as e-commerce and
medicine with specialized entity types, there is a paucity of labeled
data since manual labeling of tokens is often time-consuming and
expensive, which makes entity recognition challenging for such
domains. Recent works such as NEEDLE [48] propose hybrid so-
lutions to efficiently combine a small amount of strongly labeled
(human-annotated) with a large amount of weakly labeled (dis-
tant supervision) data to yield superior performance relative to
supervised training. The extensive noise in the weakly labeled data,
however, remains a challenge. In this paper, we propose WeSDoM
(Weak Supervision with Domain Models), which leverages pre-
trained encoder models from the same domain but different tasks
to create domain ontologies that can enable the creation of less
noisy weakly labeled data. Experiments on internal e-commerce and
public biomedical NER datasets demonstrate that WeSDoM outper-
forms existing SOTA baselines by a significant margin. We achieve
new SOTA F1 scores on two popular Biomedical NER datasets,
BC5CDR-chem 94.27, BC5CDR-disease 91.23.

CCS CONCEPTS
• Information systems→ Ontologies; • Computing method-
ologies → Information extraction.
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1 INTRODUCTION
Entity recognition (ER), i.e., segmenting a text sequence and label-
ing the segments along predefined entity types, is one of the most
fundamental and well-studied natural language processing (NLP)
tasks with multiple downstream applications related to structured
information extraction and relevance matching [35] [33] [40]. For
general domains entity types, such as PERSON and LOCATION,
there is ample labeled data [36] [43] and most large foundational
language models such as T5[34], GPT-3 [4] yield highly accurate
predictions. However, this does not hold true for niche domains
such as e-commerce with specialized entity types such as product
types, attribute names, attribute values, attribute units that cannot
be readily discriminated based on generic language skills such as
parts-of-speech. For these domains, there is highly limited avail-
ability of human annotated data (i.e., strongly labeled data) since
manual labeling of text tokens requires significant time and ef-
fort. Therefore, despite the ready availability of transformer models
[41] [10], building highly accurate ER models for such domains
continues to remain a challenge. To address the dependence on
“strong labels” from human annotations, many researchers have
experimented with “weak labels”, which are automated annotations
of large unlabeled datasets using techniques based on knowledge
bases (dictionaries), heuristic rule-based approaches, or the out-
put of a legacy NER model trained on a different dataset [30] [28]
[20]. These weak labels are often noisy due to incompleteness of
annotation because of limited coverage of the weak annotators,
labeling errors and bias since the weak annotators might gener-
ate inaccurate labels. Furthermore, there is a substantial difference
in the scale of the weak and strong labels since the unlabeled
data used for weak supervision could be a few orders of magnitude
larger than that of human-annotated data as a result of which the
combined data could significantly deviate from the true data dis-
tribution. It has been shown in [48] that training powerful deep
transformer models with a naive combination of the strong and
weak labeled data invariably leads to over-fitting on the noisy weak
labels and deterioration in the model performance relative to just
using the limited strong labels. Approaches to suppress the noise
in the weakly labeled data include Semi-supervised Self-Training1
[11], regularization for the weakly labelled data loss [48] etc. Re-
cently, there is also a heavy interest in improving performance
on NLP tasks via synthetic labeled data using large foundational
general purpose generative models such as T5, GPT-3.5. However,
there is limited work that tries to exploit existing domain-specific
encoder-based LLMs, potentially trained on a different task.

1generate pseudo labels for unlabeled data based on the model learned through super-
vised learning
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Our work is motivated by the assumption that regardless of the
prediction task, domain-specific language models encode rich rep-
resentations of textual content, which can be combined with an
unlabeled domain corpus to enhance the quality of automated weak
supervision. Specifically, we consider a practical entity recognition
scenario, where we have access to (a) a pre-trained cross-task en-
coder2 (can even be blackbox API) from the same domain, (b) a large
corpus of unlabeled data. We investigate the following research
questions: RQ1: Can the availability of a cross-task domain model
aid in improving the quality of weakly-labeled data and the overall
performance ? RQ2: What is the relative utility of the unlabeled
data and the strongly labeled data? RQ3:What are the key steps
that contribute to effective utilisation of the unlabeled data and
a cross-task model? To address these questions, we propose WeS-
DoM, a novel NER approach that utilises unlabeled data along with
a cross-task legacy model to create relatively noise-free domain
ontologies that can function as weak annotators and explore how
it performs in various settings. Our key contributions can be
summarised as follows:
1. We propose a three-stage NER solution framework for utilising
cross-task encoder models where (a) Stage 1 [Ontology creation]
comprises automated extraction and clustering of domain phrases
fromunlabeled data based on embeddings from the cross-taskmodel
to create domain ontologies, (b) Stage 2 [Weak supervision] consists
of annotating the unlabeled data for the target ER task using the
ontologies, and (c) Stage 3 [ERModel training] comprises building a
custom ER model by appropriate pretraining and fine-tuning using
both the strongly and weakly labeled data.
2. We present empirical results on both internal and public datasets
which point to the benefits of the proposed approach relative to the
existing SOTA methods on utilizing weakly labeled data. We also
present an in-depth error diagnosis and ablation studies to assess
the relative utility of various modeling steps.
3. Lastly, we present an analysis of the relative utility of labeled data
and unlabeled data accompanied by a cross-task model pointing to
the benefits of a hybrid strategy.
Note that our methodology, i.e., using a cross-task domain encoder
to curate intermediate ontologies or KBs (knowledge base) from
unlabeled data and generate weak annotations for a different target
task has wide applicability beyond entity tagging. Furthermore, this
approach is also easy to implement even if we only have API-based
access to the cross-task model and not the model parameters, which
opens up the possibility of using pretrained open-source models.

2 PROBLEM STATEMENT
Entity detection is typically posed a sequence labeling problem,
where every sentence consists of a sequence of tokens, and the ob-
jective is to label the tokens into predefined classes corresponding
to various entity types [7] [16], such as brands, products, usecases,
etc., in e-commerce domain. Unlike in typical supervised learning
setting where one only have access to a set of labeled sequences
for training, in our problem setting, we also have access to a frozen
cross-task encoder model and also a large amount of in-domain

2A cross-task frozen/legacy model would be trained on data from the same domain but
on a different task. Note that this is not a multi-task learning set up since the model is
already trained for a different task and the model parameters are not being fine-tuned.

unlabeled text sequences.
Formally, let 𝐶 denote the set of entity types of interest. Using
the popular begin-inside-outside (BIO) scheme [27], we obtain an
extended label set 𝐶𝐵𝐼𝑂 that includes an “Other” [O] label in addi-
tion to two labels for each entity type corresponding to whether a
token is at start or a later position in an entity of that type. Let 𝐷𝐿

denote the set of labeled sequences {(𝑋𝐿
𝑖
, 𝑌𝐿

𝑖
)}𝑁𝐿

𝑖=1 where each text
sequence 𝑋𝐿

𝑖
consists of a sequence of tokens and label sequence

𝑌𝐿
𝑖
(∈ 𝐶𝐵𝐼𝑂 ) consists of labels based on entity types. Let 𝐷𝑊 de-

note the set of unlabeled text sequences {(𝑋𝑊
ℎ

)}𝑁𝑊

ℎ=1 where 𝑋𝑊
ℎ

consists of a sequence of tokens. Let 𝑔 denote a frozen cross-task
encoder model from the same domain that can take any input text
𝑋 and map to a 𝑛-dimensional embedding vector, that encode its
semantics i.e., 𝑔(𝑋 ) = 𝑍 where 𝑍 ∈ 𝑅𝑛 .
Given a small amount of labeled data𝐷𝐿 , a large corpus of unlabeled
data 𝐷𝑊 and the cross-task model 𝑔(·), our objective is to learn
a ER model 𝑓 (𝑋, 𝜃 ), where 𝜃 is a parameter, that can accurately
predict the probability of entity labels of tokens in an unseen text
sequence 𝑋 . Concretely, if 𝑝 (𝑋 ) is likely probability of occurrence
of 𝑋 and 𝑌 is the true label sequence corresponding to 𝑋 , we seek
to estimate 𝜃 that minimises the prediction loss, i.e.,

𝜃 = 𝑎𝑟𝑔𝑚𝑖𝑛𝜃

∑︁
𝑋

𝑝 (𝑋 )𝑙 (𝑌, 𝑓 (𝑋, 𝜃 )) (1)

where 𝑙 (., .) is a suitable loss function such as the cross-entropy
loss for token-wise classification model or a negative likelihood
loss for Conditional Random Field (CRF) model [22].

3 RELATEDWORK
Like other fields of NLP, approaches to NER have revolved around
traditional methods like dictionary and rule based [13], to tech-
niques based on feature engineering [44], to traditional deep learn-
ing schemes [29] [21] (requiring huge amount of labelled training
data) to the current crop of methods revolving around transformers
[10]. The deep learning era has typically seen BiLSTM and BERT
CRFs being extensively used for NER task [23] [8]. As mentioned
in the introduction, labelled data, especially for new domains is
more scarce for ER as compared to other NLP tasks, as this involves
multiple (entity) annotations for each given sentence, hence increas-
ing the effort and ambiguity of labelling. Thus a fully supervised
learning with no pre-training is not suitable, especially for NER, as
for other NLP tasks.

In domains with little or very little data, few or zero shot learn-
ing techniques [46] [15] are commonly employed, which include
language models (with probably large set of parameters) [10]. The
general approach is to pre-train large models with data from multi-
ple contrasting domains with masked language modelling and/or
early domain adaptation few shot learning. Few shot learning tech-
niques have generally revolved around prototypical networks or
meta-learning, and prompting [46] [26] [9]. In prototypical net-
works [39], each class has a prototype embedding for each entity
class in the word token embedding space. New tokens are tagged
based on its embedding proximity to one of the tag prototypes.
Meta-learning [25] is a similar technique where the tag class of a
token is predicted based on the similarity of its embedding with
that of a support set of tokens in an embedding space. Prompt based
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techniques [6] have also given promising directions for few shot
domain adaptation. The other set of techniques and that which we
are interested in is weak labelling schemes [30] [38]. Most of the
weak labelling techniques will have a small set of strongly labelled
data [14] [48] which will be used as a high impact learning set
with weak labels aiding to learn depending on the extend of noise
in the weak labels. The generation of weak labels are either done
from domain knowledge bases [37] or using weakly trained mod-
els [5]. [5] uses a classification module and a sequence labelling
module. They pre-train the classification module to capture the
textual context semantics from massive noisy data, and then the
sequence labeling module further fine-tunes a neural network using
a Partial-CRFs layer. NEEDLE[48] again is another weak labelling
technique, however their method suppresses the extensive noise
in weakly labeled data employing a regularization for the weakly
labelled data loss, thus learning from strongly and weakly labeled
data more effectively.

However, the effectiveness of suppressing extensive noise in
weakly labeled data, and learning from both strong and weakly
labeled data has not yet been well investigated in ER. Different from
previous approaches, our method leverages pre-trained encoder
model from the same domain but different tasks to create ontologies
that produce less noisy weakly labeled data and then learn from
both strong and weakly labeled data using a regularization loss.

4 PROPOSED METHODOLOGY
4.1 Stage I (Ontology Creation):
The first stage of WeSDoM involves developing automated domain
ontologies from unlabeled data by leveraging cross-task legacy en-
coder from the same domain. We use a phrase extractor to generate
n-gram key phrases (entities) from large unlabeled data followed by
legacy encoders to create 𝑛-dimensional semantic representations,
enabling clustering of domain phrases using hierarchical clustering
methods.
• Legacy Cross-task Encoder There are many domains where pre-
trained in-domain BERT-based encoders are openly available, such
as BioBERT [24] for biomedical corpora, FinBERT [2] for financial
services corpora, SciBERT [3] for science literature etc. Our pro-
posed method can directly use these models as legacy encoder mod-
els in their specific domains. For our internal usecase (e-commerce),
we fine-tune pre-trained BERT model on a human-audited query-
product relevance dataset in siamese fashion so that query model
𝑔(·) can capture phrases semantically in a𝑛-dimensional embedding
space. The Figure 1 shows the architecture of our legacy encoder
BERT. Inspired from [1], we construct the ranking loss (described
in eq 2) based on the cosine score and the human-audited relevance
label, where human-annotated label belongs to one of the three
classes (i) strict relevance (ii) standard relevance (iii) irrelevant.
We construct our ranking loss to take advantage of hard labels’
ordinal nature. The relevance gradation ensures strictly relevant
products are prioritized over standard relevant products when avail-
able. Particularly, human-audited datasets are noise-free and are
capable of building robust models. Considering query model can
be used to convert any query/phrase into 𝑛-dimensional semantic

Entity1

w1 w2 w3 .....

w1' w2' w3' .....

BERT

Pooling layer

EmbeddingBERTEntity1

Entity2

w1 w2 w3 .....

w1' w2' w3' .....

BERT

Pooling layer

EmbeddingBERTEntity2

Cosine Score

y (hard label)

Ranking Loss

(Cosine Score, y)

Figure 1: Legacy Encoder BERT

representations [1], we built a siamese model in our use-case.

𝐿RL =
∑︁

(𝑒1
𝑖
,𝑒2
𝑖
,𝑦𝑖 ) ∈𝐷𝑙𝑎𝑏𝑒𝑙

(1𝑦𝑖=𝑠𝑡𝑟𝑖𝑐𝑡 (𝑦𝑖 − 1)2+

1𝑦𝑖=𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 ((𝑚𝑖𝑛(0, 𝑦𝑖 − 𝜃𝑠𝑚𝑖𝑛))2+
(𝑚𝑎𝑥 (0, 𝑦𝑖 − 𝜃𝑠𝑚𝑎𝑥 ))2) + 1𝑦𝑖=𝑖𝑟𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 (𝑚𝑖𝑛(𝑦𝑖 , 0))2)

(2)

where 𝜃𝑠𝑚𝑖𝑛 and 𝜃𝑠𝑚𝑎𝑥 are hyper-parameters. 𝑦𝑖 is the cosine score
computed between two entities (query and product title).
• Phrase Extraction The use of embedding-based phrase (or enti-
ties) extraction methods [42] [31] has recently gained traction, with
KeyBERT proposed by [18] being the most recent state-of-the-art
method, which leverages pretrained BERT based embeddings for
phrase extraction. In order to extract key phrases (i.e., NER entities)
from unlabeled data, we adopt the KeyBERT method with n-grams
ranging from 1 to 5. Following this, we use our trained legacy query
encoder and create an embedding space using a pool of distinct
in-domain NER entities.
• Hierarchical clustering In order to form domain ontologies,
we adopt DBSCAN [12] clustering algorithm. In DBSCAN, two pa-
rameters are required: 𝜖 (eps) and the minimum number of points
required to form a dense region (minPts). We tune these two pa-
rameters (𝜖=0.25, minPts=3) to ensure we form small clusters with
low semantic variance between entities within clusters, and do not
consider singleton clusters that formed during this process to avoid
labeling bias errors. Furthermore, to remove phrases that might not
be proper entities and are generated from the phrase extraction step,
we analyze the frequencies (<10) in unlabeled data and eliminate
them from our ontologies.

4.2 Stage II (Weak Supervision):
Stage II involves annotation of the large unlabeled data for the
target NER task based on the ontologies (i.e., clusters of domain
phrases) created in stage I. We assign each cluster with the most
common entity type (pre-defined based on NER task) based on
training data entities. This assignment is carried out by mapping
each entity within the cluster to its three nearest neighbors present
in strongly labeled data and the mapping is achieved using embed-
dings generated by the domain encoder model. The most common
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Table 1: Examples of semantically similar clustered domain
ontologies. The entity types are generic and not indicative
of a production setting.

Clusters Entity Type

i3 10th, 10th gen, i5 10th, i7 10th value-&-units
television, tv, smart tv Product-Category

17 inch, 15 inch, 16 inch, 14 inch value-&-units
windows10, windows7, windows8 Feature-name

desktop, computer, desktop computer Product-Category
python, java, python programming, coding Use-case

entity type for that cluster is then determined by considering all the
closest neighboring entities. We use these assigned clusters to label
each sentence in the unlabeled in-domain data by direct matching
(following BIO schema) to generate weakly labeled data. We con-
sider only those samples in our weakly labeled dataset that have
at least one entity label. Table 1 shows some examples of domain
ontologies and tagged entity types derived from this method.

4.3 Stage III (Model Training):
Building a NER model involves multiple training phases -
• In-domainMLM In transformer-basedmodels, a popular method
for leveraging large unlabeled data is unsupervised pre-training
using masked language modelling (MLM) [41]. Inspired by [24], we
use an open-domain pretrained BERT and perform in-domain con-
tinual masked language model pre-training on large unlabeled in-
domain dataset. As a result of MLM pre-training the BERT contains
encoder parameters (𝜃𝑒𝑛𝑐𝑜𝑑𝑒𝑟 ) and classification head parameters
(𝜃𝑐𝑙𝑠 ), where we use encoder parameters 𝜃𝑒𝑛𝑐𝑜𝑑𝑒𝑟 in the next stage.
• Supervised Pre-training with CRF Layer In the next phase
of training, we replace the MLM head 𝜃𝑐𝑙𝑠 with CRF classification
head 𝜃𝑐𝑟 𝑓 , and then perform supervised continual pre-training
with strongly labeled data {(𝑋𝐿

𝑖
, 𝑌𝐿

𝑖
)}𝑁𝐿

𝑖=1. In this phase, 𝜃𝑒𝑛𝑐𝑜𝑑𝑒𝑟
are initialized from the previous phase, while 𝜃𝑐𝑟 𝑓 parameters are
generated at random before training begins.
•Pre-trainingwithNoise-aware Loss Function Stage II involves
generating weak labels for a large unlabeled dataset. Furthermore,
inspired from [48], we generate a complete weakly labeled dataset
{(𝑋𝑊

ℎ
, 𝑌𝑊

ℎ
)}𝑁𝑊

ℎ=1 by labeling3 only non-entities in stage II using
BERT-CRF model. In a model where the loss is directly applied to
weakly labeled data, the model tends to overfit the noise of weak
labels. Inspired from [48], we adopt a loss function that is noise-
aware based on the estimated confidence of the assigned weak
labels (𝑌𝑊 ), where estimated confidence is defined as the estimated
probability of 𝑌𝑊 being the true label 𝑌 : 𝑃 (𝑌𝑊 = 𝑌 |𝑋𝑊 ). Section
4.3.1 provides more details on confidence estimation.

When the confidence is lower/higher, the noise-aware loss func-
tion makes the fitting to weak labels more conservative/aggressive.
When 𝑌𝑊 = 𝑌 , we consider loss function to be the, 𝐿(.|𝑌𝑊 =

𝑌 ) = 𝑙 (.; .)4; when 𝑌𝑊 ≠ 𝑌 , we consider loss function to be the

3predictions from the BERT-CRF model
4𝑙 (𝑌, 𝑓 (𝑋 ;𝜃 ) ) = −𝑙𝑜𝑔𝑃𝑓 (𝑋 ;𝜃 ) (𝑌 )

𝐿(.|𝑌𝑊 ≠ 𝑌 ) = 𝑙− (.; .)5. Accordingly, we define the noise aware
loss function as follows:

𝑙𝑁𝐴 (𝑌𝑊 , 𝑓 (𝑋𝑊 ;𝜃 )) = 𝑃 (𝑌𝑊 = 𝑌 |𝑋𝑊 )𝑙 (𝑌𝑊 , 𝑓 (𝑋𝑊 ;𝜃 ))

+𝑃 (𝑌𝑊 ≠ 𝑌 |𝑋𝑊 )𝑙− (𝑌𝑊 , 𝑓 (𝑋𝑊 ;𝜃 ))
(3)

For both strongly and weakly labeled data, the training objective
is defined as follows:

𝜃 = 𝑎𝑟𝑔𝑚𝑖𝑛𝜃

∑︁
𝑋𝐿

𝑝 (𝑋𝐿)𝑙 (𝑌𝐿, 𝑓 (𝑋𝐿 ;𝜃 ))+

𝛾
∑︁
𝑋𝑊

𝑝 (𝑋𝑊 )𝑙𝑁𝐴 (𝑌𝑊 𝑓 (𝑋𝑊 ;𝜃 ))
(4)

• Final Fine-Tuning (FT) Training phases prior to this focus
mainly on preventing the model from overfitting to the noise of
weak labels. Meanwhile, they suppress the fitting of the model to
the strongly labeled data. We propose fine-tuning the model again
on strongly labeled data to address this issue. The results of our
experiments indicate that such fine-tuning is necessary.

4.3.1 Confidence Estimation of Weak Labels. In this section,
we explain how we estimate weak labels’ confidence 𝑃 (𝑌𝑊 =

𝑌 |𝑋𝑊 ). Please note that, 𝑌𝑊 in WeSDoM is composed of weak
labels from ontology creation 𝑌𝑂 as well as model predictions 𝑌𝑃 .
Inspired from [48], we can estimate the confidence in weak labels
using the confidence in these two parts as follows:

𝑃 (𝑌𝑊 = 𝑌 |𝑋𝑊 ) = #𝑀𝑎𝑡𝑐ℎ𝑒𝑑𝑇𝑜𝑘𝑒𝑛𝑠

#𝑇𝑜𝑡𝑎𝑙𝑇𝑜𝑘𝑒𝑛𝑠
𝑃 (𝑌𝑂 = 𝑌 |𝑋𝑊 )

+(1 − #𝑀𝑎𝑡𝑐ℎ𝑒𝑑𝑇𝑜𝑘𝑒𝑛𝑠

#𝑇𝑜𝑡𝑎𝑙𝑇𝑜𝑘𝑒𝑛𝑠
)𝑃 (𝑌𝑃 = 𝑌 |𝑋𝑊 )

(5)

Our linear combination uses this weighting because we use all
matched tokens in weakly-supervised data derived from ontologies,
while in other tokens we use model predictions.

Following [48], we assume the ontologies creation and matching
process are less ambiguous, and consider the confidence in weak
labels 𝑃 (𝑌𝑂 = 𝑌 |𝑋𝑊 ) = 1. The confidence of 𝑃 (𝑌𝑃 = 𝑌 |𝑋𝑊 )
can be estimated using the CRF score and histogram binning [47].
More specifically, we categorize samples into multiple bins based
on their BERT-CRF score. Then, we take into account a validation
dataset separate from the final evaluation dataset and estimate the
confidence of each bin based on the predicted sample. Finally, for a
new sample, we first calculate the BERT-CRF score, and estimate
the prediction confidence by the confidence of the corresponding
bin in the histogram.

5 EMPIRICAL EVALUATION
We present our findings on the benefits of utilizing cross-task do-
main models via weak supervision for entity recognition focusing
on the three research questions listed in introduction. We begin
with a discussion of the datasets and the experimental setup.

5𝑙− (𝑌, 𝑓 (𝑋 ;𝜃 ) ) = −𝑙𝑜𝑔 (1 − 𝑃𝑓 (𝑋 ;𝜃 ) (𝑌 ) )
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Figure 2: Three Stage WeSDoM Framework.

5.1 Experimental Setup
Dataset Generation For e-commerce query NER task, all data
used in our analysis is anonymized, aggregated, and does not re-
flect production distribution. Our training dataset consists of 10K
strongly labeled samples and 250K weakly labeled samples derived
from an in-domain unlabeled dataset. Unlabeled in-domain data is
obtained from Amazon IN marketplace by aggregating anonymous
user behavior data. Additionally, we created validation and testing
datasets that each contained 5K samples, which were not part of
the training dataset. Our NER task includes eight types of entities
predefined based on search queries. In case of biomedical, we
use two popular datasets, BC5CDR-Chem and BC5CDR-Disease
[45], which consists of single entity types, Chemical and Disease,
respectively. Similar to [48], we collected unlabeled data from the
PubMed 2019 baseline6 and used it to create domain ontologies. As
a legacy model, we use the publicly available PubMedBERT model
[19], which has been pre-trained on medical in-domain data. To
compare the results, the test dataset is used as a benchmark.
Experimental DetailsWe use bert-base-uncased EN model as a
base model to build a NERmodel. All the experiments are conducted
using the BIO tagging scheme. As part of stage III, we do the MLM
training for 5 epochs, masking 15% of the words randomly. Then, we
train the BERT-CRF NER model for 5 epochs followed by 5 epochs
with noise aware loss functions. Finally, we train the model again on
strongly labeled data for 5 more epochs. We use a batch size of 512
and ADAM optimizer with a learning rate of 1*10−5 for e-commerce
NERmodel. The experiments were conducted on an AWS p2.8xlarge
EC2 instance with only one GPU. All of the hyper parameters that
were used in this study were chosen empirically based on the results
of the experiments conducted.We use PubMedBERT as a basemodel
for entity recognition on Biomedical dataset since it’s already pre-
trained in the same domain, so MLM training is not needed here.
Rest of the setup is similar to e-commerce NER. We repeated the

6Titles and abstracts of Biomedical articles: https://ftp.ncbi.nlm.nih.gov/pubmed/
baseline/

experiments five times using different random seeds to test the
statistical significance of the results.
Algorithm Baselines In this paper, we compare our proposed
method with the following baselines. For fair comparison, all mod-
els used in the baseline methods have been continually pre-trained
on in-domain unlabeled data.
1. NEEDLE [48] : Author proposes a novel computational frame-
work which effectively suppresses the extensive noise in weak
labeled data, and learns from both strongly and weakly labeled
data.
2. Supervised Learning Baseline:We directly finetune BERT-CRF
model on strongly labeled data.
3. Semi-supervised Self-Training (SST)[11]: SST generates pseudo
labels for unlabeled data based on the model learned through su-
pervised learning and then conduct semi-supervised learning.
4. Weakly Supervised Learning (WSL) [32]: Using WSL, the
author simply combines strongly labeled data with weakly labeled
data and then trains the model.
5. Weighted WSL: WSL with weighted loss, in which weakly and
strongly labeled samples are combined based on the weighted loss
function. We tune the weight parameter 𝛾 for best results. (see
equation 6)

6. Robust WSL [17]: WSL with mean squared error loss, which is
robust against label noise.
7. Partial WSL[37]: In WSL, the training loss is excluded for non-
entity weak labels.
Metrics.As evaluationmetrics, we use span-level precision/recall/F1.
Span-level metrics refers to the precision calculated at the level of
entire entity spans rather than individual tokens.

𝜃 = 𝑎𝑟𝑔𝑚𝑖𝑛𝜃
1

𝑀 + 𝑀̃
[
𝑀∑︁
𝑚

𝑙 (𝑌𝑚, 𝑓 (𝑋𝑚 ;𝜃 )) + 𝛾
𝑀̃∑︁
𝑚̃

𝑙 (𝑌𝑚̃, 𝑓 (𝑋̃𝑚 ;𝜃 ))]

(6)

https://ftp.ncbi.nlm.nih.gov/pubmed/baseline/
https://ftp.ncbi.nlm.nih.gov/pubmed/baseline/


CIKM ’24, October 21–25, 2024, Boise, ID, USA Sanjay Agrawal, Srujana Merugu, and Vivek Sembium

Table 2: Results on E-commerce Dataset: Mean & std. error
for F1 are reported based on 5 trials runs.

Method Precision Recall F1

WeSDoM 65.21 74.23 69.42±0.07
NEEDLE 64.12 69.24 66.58±0.09

Supervised Baseline

BERT-CRF 63.10 68.24 65.56±0.05
Semi-Supervised Baseline

SST 63.25 68.89 65.95±0.09
Weakly-Supervised Baselines

WSL 59.35 61.64 60.47±0.08
Weighted WSL 62.28 64.37 63.30±0.11
Partial WSL 58.45 66.26 62.11±0.05

Weighted Partial WSL 61.78 67.45 64.49±0.09
Robust WSL 55.34 49.32 52.16±0.06

5.2 Main Results
In Table 2, we present our proposed method results for the e-
commerce query NER, which are compared to SOTA baselines.
• WeSDoM In our experiments, WeSDoM achieves the highest
performance among all baseline methods, outperforming NEEDLE
and the fully supervised baseline, by a significant margin.
• Weakly Supervised Baselines WSL, Weighted WSL, Partial
WSL, and Robust WSL are all weakly supervised baseline meth-
ods that produce worse performance than the supervised baseline
method. NEEDLE paper also shows that weakly labeled data can
hamper the model’s performance if not handled properly. Our re-
sults are consistent with their claim.
• Semi-supervised self-training (SST) It was found that SST
outperforms the supervised baseline, indicating that pseudo labels
generated from model prediction on unlabeled data have some in-
herited meaning. However, there are weakly supervised baselines
that are lower than the supervised baseline, implying that weak
labels are not handled effectively. WeSDoM, on the other hand, out-
performs NEEDLE, SST, and supervised baselines, which suggests
that weak labels can provide additional knowledge and enhance
model performance when their noise is suppressed.
Biomedical Results: In Table 3, we summarize our results on
two biomedical datasets, BC5CDR-Chem and BC5CDR-Disease. We
don’t include weekly supervised baselines here because they are
in any case lower than supervised baseline. Among all compar-
ison methods, WeSDoM performs the best. Our results on both
BC5CDR datasets outperform previous SOTA PubMedBERT [19]
and NEEDLE, resulting in new SOTA F1 scores of 94.27 & 91.23 on
BC5CDR-Chem and BC5CDR-Disease, respectively.

5.3 Research Questions
5.3.1 RQ1: Effectiveness of Legacy Cross-task Model. Our
legacy model is trained on a human audited query-product rel-
evance dataset with over ∼2.4 million samples which achieves
an AUC of 0.954. As a way to examine legacy model efficacy, we

Table 3: Biomedical Datasets Results: Span Level F1 Scores

Method BC5CDR-Chem BC5CDR-Disease

WeSDoM 94.27±0.05 91.23±0.09
NEEDLE 93.58±0.06 90.54±0.05

Supervised BERT-CRF 92.70±0.11 85.09±0.06
SST 93.04±0.08 85.38±0.04

Reported F1 scores in [19]

BioBERT 92.85 84.70
PubMedBERT 93.33 85.62

Size of Weakly Labeled Samples Size of Strongly Labeled Samples

F1
 S

co
re

F1
 S

co
re

Figure 3: A comparison of the size of weakly labeled data
and performance. We present WeSDoM performance (left
fig) with and without final fine-tuning using E-commerce
NER data. In the (right) figure, we see WeSDoM’s efficiency
on strongly labeled data. Supervised BERT-CRF trained on
strongly labeled data is the baseline here.

Table 4: Assessment of WeSDoM’s components’ effectiveness

Method Precision Recall F1

WeSDoM w/o MLM/OC/NALF 62.38 66.98 64.59
WeSDoM w/o MLM/NALF 61.78 66.24 63.93
WeSDoM w/o MLM/FT 62.14 64.53 63.31

WeSDoM w/o OC 63.10 68.24 65.56
WeSDoM w/o MLM 65.08 70.56 67.71
WeSDoM w/o NALF 64.56 72.56 68.32
WeSDoM w/o FT 60.23 67.42 63.62

WeSDoM 65.21 74.23 69.42

weaken legacy model performance by reducing training samples,
resulting in AUC drops. Our experiments demonstrate that if we
drop training samples by 10%, 20%, and 50% prior to training our
legacy model, the ROC-AUC of our legacy model drops to 0.939,
0.930, and 0.902 respectively, resulting in a NER model F1 score of
69.05, 68.60, and 68.02. As a result, we conclude that NER model
performance improves when a high-performing legacy model is
used.

5.3.2 RQ2: Performance vs. size of weakly (or strongly) la-
beled data. In order to demonstrate that WeSDoM exploits weakly
labeled data more effectively, we test the model with a randomly
subsampled dataset of weakly labeled data. In Figure 3 (left fig),
we plot the F1 curve for e-commerce NER with increasing size of
weakly labeled data with (w/) and without (w/o) final fine-tuning
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Figure 4: Analyzing Entity Distributions in Weak and Strong
Labels. In this context, ’O’ represents the non-entity type,
indicating labels that do not belong to any entity type.

(FT). In both cases, the size of weakly labeled data is found to bene-
fit WeSDoM more effectively. This demonstrates that WeSDoM is
significantly more effective for suppressing noise as adding weakly
labeled data tailored to improve performance irrespective of FT.
Furthermore, we tested it on randomly subsampled strongly labeled
data. To achieve the same performance as the (fully) supervised
baseline,WeSDoM only requires 30% strongly labeled data as shown
in (right) Figure 3.

5.3.3 RQ3: Effect of Each Component in WeSDoM. To de-
termine how effective WeSDoM components are, we examine the
evaluation metrics after one or more components are removed. In
particular, we use the following abbreviation to identify each com-
ponent of WeSDoM (i) MLM: Masked Language Modelling (ii) OC:
Ontology Creation (Stage I) (iii) NALF: Pre-training with Noise-
aware Loss Function (iv) FT: Final fine-tuning. It should be noted
that NALF cannot be used without OC, and when NALF is absent,
the model is trained on both strongly and weakly labeled datasets
by minimizing loss in equation 1. Furthermore, when referring to
WeSDoM w/o OC, it denotes the Supervised BERT-CRF baseline, as
the absence of OC implies the lack of weakly labeled data. Table 4
shows that all components are beneficial, with OC and FT being
the most useful.

5.4 Ablation Study
5.4.1 Quantify the Impact of Weak Labels. We examine the
impact of weak labels on improving NER model performance. Simi-
lar to NEEDLE, we check the errors made by theWeSDoMmodel on
the validation set. There are 1094 entities that have been incorrectly
classified by the BERT-CRF model. The results of WeSDoM reveal

that 390 of 1094 entities have been classified correctly. However,
the model makes 241 more incorrect predictions. Note that not
all entities in validation data are directly affected by the weakly
labeled data, i.e., they are not observed in the weakly labeled data.
By excluding the entities (from validation) that are not observed in
the weakly annotated entities, we find 146 new correctly classified
entities and 74 new incorrectly classified entities. With a ratio of
146/74 = 1.97 »1, whereas NEEDLE has a ratio of 1.84, WeSDoM
has the advantage over NEEDLE.

5.4.2 Comparison of Weak and Strong Label Distribution:
This section presents the label distribution between weak and
strong labels, and demonstrates how WeSDoM can help close this
gap. Specifically, Figure 4 compares the entity distributions of the
true labels and weak labels. As can be seen, weak labels have
marginally more entities than strong labels. However, the distri-
bution of weak labels across entities is nearly the same as that of
strong labels which explains why WeSDoM can directly improves
the performance.

5.5 Deployment Considerations
Our current line of research on entity detection for a niche domain
was motivated by the requirements of a conversational shopping
assistant meant to aid customers in emerging markets during their
pre-purchase shopping journey. For this pre-purchase shopping
scenario, the entity types that need to be detected, e.g., feature units
(e.g., MB, GB), sorting criteria (cheapest), are different from typical
NER systems trained to detect named entities such as names, places,
organisations, etc. Furthermore, by implementing our proposed
model to replace human annotation in identifying entities within
user queries and products at Amazon, we’ve conserved thousands
of hours of human annotator bandwidth.

6 CONCLUSION
In NER problems, for new domains such as e-commerce, obtain-
ing a large amount of human-annotated strongly labeled data is
challenging due to token level labeling. In contrast to fully human-
annotated labeled data, the majority of existing research relies on
weakly labeled data together with limited human annotations. NEE-
DLE [48] proposes hybrid solutions to efficiently combine weakly
labeled data with strongly labeled data to achieve superior results
compared to supervised training. However, the large amount of
noise in the weakly labeled data remains a significant obstacle. In
this paper, we present a three-stage NER solution framework that
utilizes cross-task legacy encoder models to effectively suppress
the extensive noise in weakly labeled data and learn from both
strongly and weakly labeled data. Our proposed approach for lever-
aging frozen specialized domain encoder models (e.g., FinBERT,
BioBERT) along with unlabelled data to improve performance on
predictive NLU tasks such as entity detection can be used for other
applications.
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