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Abstract—Integrating structured knowledge into language
model representations increases recall of domain-specific infor-
mation useful for downstream tasks. Matching between knowl-
edge graph entities and text entity mentions can be easily
performed when entity names are unique or there exists entity
linking data. When extending this setting to new domains, newly
mined knowledge contains ambiguous and incorrect information,
with no explicit linking information. In such settings, we design
a framework to robustly link relevant knowledge to input texts
as an intermediate modeling step while performing end-to-end
domain fine-tuning tasks. This is done by first computing the
similarity of the existing task labels with candidate knowledge
triplets to generate relevance labels. We use these labels to train
a relevance model, which predicts the relevance of the inserted
triplets to the original text. This relevance model is integrated
within a language model, leading to our Knowledge Relevance
BERT (KR-BERT) framework. We test KR-BERT for entity
linking tasks on a real-world e-commerce dataset as well as a
public linking task, where we show performance improvements
over strong baselines.

Index Terms—noisy data, knowledge graphs, search, entity
linking

I. INTRODUCTION

Learning language representations is a fundamental task
for many natural language applications, such as classification,
question answering, summarization, and topic modeling. These
language representations have recently been learned from deep
self-attention based Transformers [1], BERT [2] and their
variants [3], [4]. Such models learn contextualized input text
embeddings, but many tasks benefit from external knowledge
beyond the input text through knowledge graphs (KGs). These
KG-integrated Transformers [5]–[8] can leverage well-curated
knowledge linked to their text representations. This linked
knowledge enables explicitly recalling sparse facts or decou-
pled information related to the input text, which improves
performance on domain-specific tasks over their standard
Transformer counterparts. Given these successes, how can we
leverage these KG-integrated Transformers in new domains
where such well-curated knowledge and linking data may not
exist? We investigate this noisy knowledge incorporation into
Transformers within new domains.

*Work partially completed during an internship at Amazon.
+Work done while at Amazon.

a) New Domain Knowledge: When curating knowledge
for a domain that is specialized, such as e-commerce or
molecular chemistry, corresponding KGs for these domains
may not exist. While such structured KG information is un-
available, typically unstructured information is present through
documents within that domain. For example, there are product
details or research papers within e-commerce and chemistry
domains respectively. Knowledge can be weakly mined from
these unstructured data sources, where heuristics or knowledge
extraction techniques transferred from other domains are used.
Since KG construction within the new domain is not studied,
the mined graph will inevitably contain ambiguous and incor-
rect knowledge. Therefore a model leveraging the mined KG
in this domain must be robust to such noise.

b) Mined Knowledge Noise: By mining documents, en-
tities corresponding to common or ambiguous terms appear
and can be associated with different intents. For example, in
e-commerce, we want to find products associated with hiking.
We have mined knowledge (water, occurs in, nature) and
the product text “Merrell Moab 2 Boot: New Merrell water
resistant boots...”. We can associate “Merrel Moab 2” to hiking
since a model can learn that hiking products are used in
nature. However, if there are multiple valid triplets such as
(water, required for, painting), we need to choose the correct
triplet to augment our product. When the incorrect intent is
inserted into the text representations, they can detract from the
original text’s meaning. Typically such ambiguous knowledge
can be resolved by entity linking methods. However, in new
domains such linking datasets are not available, thus we must
disambiguate relevant knowledge only through the available
data for that domain.

Additionally, Our newly mined KGs are also more likely to
have incorrect triplets when the mining techniques used are
not well researched or fine-tuned within that domain. Methods
that leverage KGs for their task must be able to mitigate the
effects of these triplets as well without explicit supervision.

c) Contributions: We focus on optimizing new domain-
specific end tasks with noisy KGs by exploring tractable
approaches to identify ambiguous and incorrect knowledge as
intermediate modeling steps. We present these steps within our
Knowledge Relevance BERT (KR-BERT) pipeline, where we
contribute the following:

• To prevent ambiguous knowledge, we present a knowl-
edge ranking scheme to source the top most relevant KG979-8-3503-2445-7/23/$31.00 ©2023 IEEE



triplets.
• We further suppress ambiguous and incorrect triplets

through a triplet relevance model, which only uses
domain-specific task data for supervision. This relevance
model is integrated directly into our Transformer for end-
to-end training.

• We present our framework’s performance on a real-
world e-commerce dataset and a public entity linking
task, where we show that KR-BERT outperforms existing
baseline KG integrated Transformers.

II. RELATED WORKS

To understand how to integrate knowledge into language
representations we first look at how entities are generally
linked to texts, and then how linking done within existing
language models.

a) Entity Linking: Entity linking associates which spe-
cific entity in the KG is associated with a found entity
mentioned in the text. They traditionally have been carried out
using features-based methods to operate on short texts, such
as Twitter data [9], [10]. Similarly linking is performed over
larger KGs in domains with more complex document data,
such as in news articles [11] or the biomedical setting [12].

In our setting with new domains, there will not be high
quality KGs and supervision. Here neural-based models have
been proposed to learn representations of the entity in its text
context and match them to entities in KGs with limited to
no supervision [13]–[15]. However there are many candidate
triplets to be checked within the same input text, thus a large
computational overhead is required to perform such disam-
biguation. This makes it unclear how to efficiently integrate
such large-scale entity linkers within Transformers to optimize
end-to-end. We address this by computing the embedding
similarity of the triplets to the sample labels as a lightweight
method of selecting the most relevant top-k triplets.

b) KG integrated Transformers: Once entities are linked
to the text some works fuse external triplet information into
text representations. One method is to insert knowledge triplets
at the input text level, as done in K-BERT [5]. ERNIE
[6] learns a cross-modal KG entity and token embeddings
within the intermediate Transformer layers. KEPLER [7] keeps
the original Transformer architecture and adds a KG entity
embedding objective [16] based on the triplets found in the text
to fine-tune their token representations. These methods don’t
explicitly disambiguate between similar entities to use since
they often use well curated KGs, such as Wikidata1, DBpedia2,
or YAGO [17], which contain minimal ambiguous knowledge.
KnowBERT [8] integrates an entity linking sub-module to
infer the correct entity, but requires entity linking data or
relies on heuristics to perform embedding alignment when
such linking data doesn’t exist. In KR-BERT we relax the
entity linking data requirement through our relevance model,
which we integrate into our KG-based Transformer to optimize
knowledge relevance and our domain-specific task end-to-end.

1https://www.wikidata.org/
2https://www.dbpedia.org/

III. METHOD

A. Preliminaries

To define our problem, we are provided a dataset where
each sample consists of a text string and domain labels (T,y),
where the task is to infer the labels from the text T → y.
We further refer to the token level strings in the sentence as
[x1, x2, . . . , xN ] = T for a text with N tokens. For our e-
commerce example the input pairs consist of product text T
and concept labels y that we want to predict. For tasks such as
entity linking the problem is similarly posed for the reference
text and the entity labels associated to the text.

To better associate the text to the labels, we leverage a
knowledge graph (KG) consisting of subject, relation, and
object (s, r, o) triplets. We integrate this knowledge by aug-
menting the input level text T . This is done by finding all
subject text s mentions in T , and then inserting the correspond-
ing relation r and object o text right after each subject text.
For example, given the triplet (water, occurs in, nature) and
the text T “...Merrell water resistant boots...”, our augmented
text T ′ would be “...Merrell water occurs in nature resistant
boots...”. Such KG information is useful to infer the concept
labels, such as y = {hiking}, from T ′.

If there are multiple candidate triplets to insert, we would
have to choose the most relevant triplets through entity linking
methods. In our previous example we might also insert the
triplet (water, required for, painting), but does not fit into the
context of the product. To address this we design KR-BERT,
which first sources the relevant knowledge triplets, predicts if
the selected triplets are relevant for the corresponding text, and
finally controls the knowledge augmentation through a gating
mechanism within the Transformer’s self-attention mechanism.

B. Knowledge Triplet Selection

1) Triplet Candidate Sourcing: In the triplet candidate
sourcing step, we form a match set C that contains all triplets
with subject tokens s that text match tokens in the original
text T . We then apply a simple unsupervised filtering step
leveraging each sample label y ∈ y to refine the knowledge
triplet match set.

Specifically, we compute eyi , the averaged token embedding
of each label y ∈ y as well as eoj , the averaged token
embedding for each triplet object o in the candidate set C.
We use a pre-trained Word2vec [18] model to generate the
embeddings. Next we compute the cosine similarity between
each pairwise label eyi and triplet object embedding eoj . For
each triplet, we take its max score across all label embeddings
ey to determine the triplet’s overall relevance score. This
triplet score scorej is computed for all candidate triplets as
shown in Equation 1, where S is the set of scores for all
triplets.

scorej = max
eyi∈ey

cos(eyi , eoj) ∀ scorej ∈ S (1)

We provide a visual example of the triplet scoring on the left
of Figure 1. In the next step, we refine our candidate set C by
the top-k scoring triplets C = {(s, r, o)j | scorej ∈ top-k(S)},



Fig. 1. In (1) we show triplet sourcing where we determine the score of
triplets based on the objects embedding similarity with the sample label. It
generates weak labels for triplet relevance modeling in (2), which predicts the
similarity using the triplet and the text.

which are then inserted into our sentence T to produce our
model’s text input T ′.

Even though we rank the triplets to insert, we don’t guar-
antee that the triplets are relevant within context. The best
triplets in our KG can still have a low score, so we still need
a model to determine if the inserted triplets are truly relevant
to the text as a whole. Therefore we also use the triplet scores
as weak labels to train a triplet relevance model.

2) Triplet Relevance Prediction: Given the sourced top-k
triplets, we use a binary classifier to predict the relevance of
these triplets to the text. This is done through a triplet relevance
model, a 2-layer MLP with 100 hidden units containing two
inputs, as shown on the right of Figure 1.

The first input is an average embedding ec of the context
text T c. This context text is a representative sub-text of the
original text T c ⊆ T , such as a product title. The second is an
average embedding et of all triplet tokens T ∗ obtained from
our top-k candidate triplets C.

The triplet relevance model outputs the relevance proba-
bility score of the top-k triplets for the context text: p =
σ(MLP(et; ec)) ∈ [0, 1]. We use weak labels generated in
Equation 2 to train the relevance prediction model.

yweak =

{
1, if min(top-k(S)) > 0.5

0, otherwise
(2)

Given top-k(S) we consider the top-k triplets as relevant if
all scores are above a threshold, otherwise they are irrelevant.

We then optimize a standard cross entropy loss between the
MLP output and the weak labels Lrel = CE(p, yweak). To
summarize, we first leverage triplet sourcing to score relevant
triplets based on the similarity of the triplet object to the
sample labels. Then we threshold these scores to generate
labels to train a small MLP model to predict the relevance
of the triplet embedding to the text. This relevance model is
integrated into a Transformer to efficiently compute relevance
during end-to-end training, described in the next section.

C. Knowledge Relevance BERT

Building on top of K-BERT [5], we propose Knowledge
Relevance BERT (KR-BERT), which integrates the triplet
relevance model into a transformer to regulate the impact of
the inserted triplets during concept linking.

1) Knowledge Masking: In K-BERT, the text is also aug-
mented by directly inserting triplets into the text. Concretely
the original text T and the triplet tokens T ∗ make up the
full augmented text T ∪ T ∗ = T ′ used as the model input.
However, attention across the input text and inserted triplets
may corrupt the original semantic meaning of the text. In our
example “...Merrell water occurs in nature resistant boots...”
we don’t want the inserted triplet tokens “occurs in nature”
to attend to “Merrell” or “resistant” since it was not in the
original context.

To address this problem, K-BERT utilizes a visible matrix
M (Equation 3) to mask out the self-attention weights between
text and knowledge triplet text tokens.

Mij =

{
0 if xi, xj ∈ T or xi, xj ∈ T ∗

−∞ otherwise
(3)

Since it uses triplet subjects s as anchor points for triplet text
insertion, s will be available in both T and T ∗ (T ∩ T ∗ = s).
With the visible matrix M as a mask, all text tokens in T will
attend to subject tokens s, but not to r and o in T ∗. Conversely,
the triplet tokens r and o can attend to the subject tokens s,
but not the rest of T . Therefore only the subject tokens s will
be contextualized by both the input text and knowledge triplet
within the self-attention layer.

2) Knowledge Relevance: To integrate our triplet relevance
model we first define a triplet position matrix P in Equation
4 which is a self-attention mask between triplet tokens.

Pij =

{
1 if xi, xj ∈ T ∗

0 otherwise (xi or xj ∈ T − s)
(4)

Given the relevance score p computed from our relevance
model, we update the self-attention scores between text and
triplet tokens using D = 1 − (1 − p) · P . Given the visible
matrix M and knowledge relevance scaling D, we define the
knowledge relevant self-attention as in Equation 5.

self-attn = (D ⊙ softmax(
QK⊤ +M√

d
))V (5)

Here ⊙ indicates element-wise multiplication. We illustrate
this full process in the attention layer in the center of Figure 2.
Note that in case p is 0 (low relevance), D will mask out the
attention weights between the original text and inserted triplet
tokens, reverting to the original text T self-attention. In case p
is 1 (high relevance), D will not change any attention weights,
and it uses the K-BERT self-attention over the augmented text
T ′. This full KR-BERT model is illustrated in Figure 2.



Fig. 2. Our KR-BERT framework with key steps: (1) We insert triplet tokens into the text input. (2) The triplet relevance model determines if the triplet
inserted into the input is relevant to the text context. (3) This relevance score is used to gate the impact of the triplet’s attention scores on other tokens if
deemed irrelevant.

a) Model Training: We first pre-train the model with a
masked language model (MLM) objective to predict masked
out tokens from T ′, which are randomly masked out 15% of
the time. During pre-training, we remove the relevance model
since it may try to suppress a triplet token that the MLM
objective is trying to simultaneously predict.

After pre-training we train our triplet relevance MLP on
our relevance weak labels, using the pre-trained frozen input
embeddings from the MLM stage. This ensures the input
embeddings used for the relevance model and the pre-trained
KR-BERT layers are aligned for future fine-tuning.

Finally, the pre-trained KR-BERT weights and relevance
weights are loaded to start the fine-tuning procedure. Here
we train our classifier heads to predict our labels ŷ =
classifier(BERT(T ′)), where our classifier heads are a dropout
layer followed by a single dense layer. This is optimized
through cross entropy as Lcls = CE(ŷ,y). We also keep
our relevance optimization objective during fine-tuning to
maintain consistent relevance predictions for knowledge reg-
ulation. This gives our final end-to-end fine tuning loss as
L = Lcls + Lrel.

b) Model Inference: During model training we will have
labels y for the triplet candidate sourcing, while at inference
we do not. Therefore during inference we first predict the task
labels ŷpre without the sourcing step. Then we can provide
ŷpre to bootstrap the triplet sourcing step to provide triplets

for the rest of the pipeline and predict the final labels. This
can be thought as a two step process to first compute an initial
estimation of the distribution of labels ŷpre, similar to models
such as K-BERT or ERNIE that are triplet agnostic. Then in
the second pass, we source triplets using ŷpre to insert relevant
triplets into the text and re-rank the final label predictions ŷ.

IV. E-COMMERCE EXPERIMENTS

We test KR-BERT on e-commerce product concept linking,
where the task is to predict the relevant high-level concepts
associated with a product. Examples of such hobby concepts
are hiking, baking, sketching, e-sports, and so forth spanning
572 unique concepts. These concepts are common entities that
can be augmented with product information from a KG.

This KG of products is built via rule-based extraction
from the corresponding concept wiki pages3. For each hobby
concept wiki page, we look for subsections containing the fol-
lowing keywords: tool, material, equipment, and accessories.
If such subsection exists, we check two structures for products:
1) linked pages which may lead to another product page, such
as a hiking boots page link within the equipment section in
the hiking page. 2) items in comma delimited lists, which
often describe products required for that hobby concept. We
then insert triplets in the form of (product, required for, hobby

3https://en.wikipedia.org/wiki/List of hobbies



TABLE I
RESULTS FOR HOBBY PREDICTION IN OUR E-COMMERCE DATASET. WE ABLATE WHETHER EACH MODEL INCLUDED A RELEVANCE MODEL TO WEIGH

THE TRIPLET EMBEDDING, AS WELL AS TRIPLET SOURCING TO SELECT WHICH TRIPLETS WERE USED.

Method Relevance Model Triplet Sourcing Micro Macro
F1 P R F1 P R

Keyword Search - - .407 .343 .760 .565 .564 .743
KG Lookup - - .361 .422 .580 .446 .497 .606

ALBERT - - .574 .602 .655 .692 .695 .788
ERNIE no no .576 .555 .707 .701 .671 .825
ERNIE no yes .554 .545 .671 .690 .664 .807

K-BERT no no .586 .574 .684 .711 .686 .817
K-BERT no yes .567 .542 .708 .699 .677 .803

KR-BERT yes (frozen) no .589 .615 .655 .708 .687 .821
KR-BERT yes (Lcls only) no .583 .611 .633 .707 .686 .822
KR-BERT yes (Lcls + Lrel) no .568 .572 .680 .702 .686 .808

KR-BERT yes (frozen) yes .591 .581 .675 .703 .673 .814
KR-BERT yes (Lcls only) yes .583 .603 .646 .700 .696 .793

KR-BERT (proposed) yes (Lcls + Lrel) yes .598 .582 .725 .717 .697 .826

concept) into the KG. As a result, our final product to concept
KG contains 2.6k triplets covering 87 out of 572 total hobby
concepts. With these heuristics, we mine a KG that covers
a spectrum of e-commerce products but contains significant
noise as well.

A. Baselines and Experimental Setup

During our experiments we used a 12 layer ALBERT [4] as
our backbone, which is used for all our models and baselines
to establish a fair comparison. The baselines we test against
are:

• Keyword Search: A keyword baseline that searches for
the concept token in the text.

• KG Lookup: Since our concepts and knowledge graphs
were mined from Wikipedia pages, we also test a KG
lookup. In this setting, if a candidate triplet subject
(product) matches a text substring, then the triplet’s object
(hobby concept) is predicted.

• ALBERT: The standard ALBERT model with MLM pre-
training and fine-tuning on the task.

• K-BERT: This is the K-BERT implementation, but with
the ALBERT backbone. Unlike the original paper, we run
MLM pre-training given the knowledge insertions, which
improves performance on our tasks.

• ERNIE: We use the ERNIE implementation with the
ALBERT backbone. We perform pre-training using MLM
and entity prediction as described in the ERNIE paper
[6]. For its entity embeddings, we trained a TransE [16]
model on top of our KG.

For all methods use the AdamW optimizer [19] with the
default settings provided in the original paper, except we
updated our learning rate to 1e−5 for all experiments. For
MLM pre-training we used our product text corpus, where
we randomly masked out the token 15% of the time. We
pre-trained and fine-tuned all models till we see training loss
convergence, which usually happened within 5 epochs.

TABLE II
PRODUCT CONCEPT LINKING PERFORMANCE WITH VARYING NUMBER OF

TRIPLET INSERTIONS.

Method top-k Micro F1 Macro F1

ERNIE 1 .576 .701
3 .571 .674

K-BERT 1 .586 711
3 .577 .700

KR-BERT 1 .598 .717
3 .589 .705

B. Task Evaluation Results

a) Product Concept Linking: We present the concept
linking results in Table I. Since keyword search matches all
concepts, it has the best recall but poor precision. The KG
lookup results prove that the mined KG is too noisy to use
directly to predict concept labels. Our neural baselines can
further adapt to this noise, where ERNIE and K-BERT also
directly leverage knowledge. However, our full KR-BERT
best adapts to the noisy knowledge and provides the best
performance.

b) Triplet Sourcing and Relevance: Within KR-BERT
we also ablate multiple setups for the relevance model during
the fine-tuning stage. Without triplet sourcing, simply freezing
the pre-trained relevance model weights outperforms end-to-
end task fine-tuning. This is because we cannot efficiently
sample positive triplets during fine-tuning Lrel, thus mostly
predicting negative labels. Then during inference, any input
triplets are suppressed. Adding the triplet sourcing, we produce
better relevance labels and jointly tune the classification loss,
providing better results.

c) Top-k Analysis: In Table II, we show the impact of
our top-k hyper-parameter for number of inserted triplets.
We find that inserting more than 1 triplet leads to degraded
performance regardless of the model choice. This is likely due
to the noise introduced by more insertions under the noisy



TABLE III
PERFORMANCE RESULTS ON FIGER DATA.

Model top-k F1 P R

ALBERT - .564 .600 .641
K-BERT no-limit .554 .544 .635
ERNIE no-limit .593 .601 .670

KnowBERT no-limit .489 .475 .568
+ LMLM no-limit .556 .599 .631

+ LMLM + Lrel 1 .570 .589 .641
+ LMLM + Lrel 3 .578 .591 .655
+ LMLM + Lrel no-limit .582 .591 .661

KR-BERT 1 .599 .644 .610
KR-BERT 3 .601 .622 .658
KR-BERT no-limit .582 .615 .631

knowledge setting, as opposed to inserting all triplets from
well curated KGs [5], [6]. Using k = 1 makes it easier for the
model to understand the relevance for each triplet disjointly,
rather than jointly estimating the relevance of multiple k > 1
insertions.

V. FIGER ENTITY LINKING

In addition to e-commerce data, we also tested KR-BERT
on Wikipedia sentences tagged by FIGER [20], a public fine-
grained entity linking framework. For example, if the relevant
entity in the sentence was Tom Cruise, the corresponding
entity labels would be [person, person/actor]. Following the
training setup from ERNIE, the Wikidata KG was used to
augment the representations for this task.

From the results in Table III we see strong performance
versus the baselines, even with the fact that Wikidata KG
is significantly cleaner than the e-commerce KG. ERNIE
provides competitive performance, where it has the best recall.
One explanation is that since it leverages the entire Wikidata
KG for its embedding, it can capture more variance for the
entity representations. This pattern similarly continues with
KnowBERT where we also test adding pre-training (LMLM )
and our additional relevance weak label tuning (Lrel). It
demonstrates the benefits of controlling which entities are used
when no gold entity-linking labels are available.

We see benefits going from 1 to 3 insertions in both
KnowBERT and KR-BERT since Wikidata is a clean KG.
However, in KR-BERT, adding all the triplets lowers the
performance overall since only a subset of the triplets is
relevant to the target entity in each sample. Interestingly, this
is not the case for KnowBERT which learns more dense neural
representations to capture the interaction between entities,
similar to ERNIE.

VI. CONCLUSION

We develop our KR-BERT framework for noisy KG-based
inference, which occurs when working on new domains. It first
ranks the candidate triplets based on the similarity between
triplet objects and sample labels. Then a relevance model looks
at the top-k ranked triplets and determines if the triplets are

relevant to the text context. Finally, based on the relevance, the
triplet tokens are gated within the Transformer self-attention
mechanism. We empirically evaluate our method and our
design choices for concept linking on an e-commerce dataset
and on a public entity linking task, where we outperform
existing KG integrated transformers.
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