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Abstract—Leveraging large language models (LLMs) to fuse
heterogeneous knowledge is an exciting emerging field. However,
with billions of parameters, these pretrained language models
are prohibitively computationally expensive at inference time.
Token sparsification methods can proactively accelerate inference
by selecting important features from the sequence but often
require task-dependent retraining. To address this, we propose
Bilevel Token prUniNg wiTh Infused kNowledGe (Bunting), an
interpretable token pruning method that leverages task-level
knowledge encoded in prefixes to guide token sparsification, elim-
inating the need for task-specific retraining. Bunting performs
Bayesian Token Sparsification, where the inner loop learns a
joint representation to perform the task, and the outer loop
learns adaptive attention masks for sparse representations, thus
pruning redundant tokens layer-by-layer without compromising
the pretrained abilities of LLMs. Additionally, we introduce an
innovative antiphrasis evaluation protocol to test model adap-
tivity on rhetorical relations. Furthermore, we demonstrate that
precomputed prefixes can effectively guide token sparsification
in different knowledge-intensive tasks, maintaining task-level
knowledge to identify important tokens and reduce the finetuning
burden. Experimental results demonstrate that our method
achieves over 0.3x wall-clock speed-up with only 0.14× learnable
parameters in knowledge-intensive tasks. Our findings suggest
that token pruning can improve out-of-distribution detection,
with sarcasm being more challenging to detect than immorality.

Index Terms—Knowledge graphs, large language models, out-
of-distribution detection

I. INTRODUCTION

Large language models (LLMs) have recently become pow-

erful information fusion tool in realworld AI applications, such

as vision [1], speech [2] and robotics [3]. These models lever-

age their reasoning abilities from extremely energy consuming

pretraining. However, finetuning full model parameters to

specific downstream tasks is prohibitively challenging due to

low-resource finetuning datasets that require expensive expert

knowledge. Within this context, parameter-efficient finetuning

(PEFT) [4] can address such learning challenges in training

memory and sample size by infusing knowledge as plug-in

modules to Transformers. While PEFT modules have pros-

pered and grown in the dimensions of adapter [5], prompts [6]

and low-rank reparameterization [7], these additional modules

add to the burden of inference latency, especially for latency-

sensitive applications.

To accelerate inference, model sparsification [8] or prun-

ing [9] is a straightforward approach, which can date back

to the early age of machine learning. Sparsification can be

roughly categorized as structured and unstructured methods.

Unstructured sparsification makes it hard to achieve wall-clock

time speed-up due to the dense computation nature of GPUs.

By contrast, token sparsification has shown effectiveness in

computer vision and language processing. Nevertheless, spar-

sification with infused knowledge has not kept pace with the

advances of LLMs. For example, Diff pruning [10] proposes a

task-specific sparsification paradigm that extends the original

pretrained parameters but only focuses on classification with

BERT-style models.
In this paper, we demonstrate that prefixes can guide token

sparsification of transformer models as prior knowledge in

link prediction and textual entailment. Within this context,

we propose Bilevel token prUniNg wiTh Infused kNowledGe,

Bunting, to accelerate knowledge-intensive inference (RQ1).

Our work merges the gap between Token Sparsification [11]

and Parameter Efficient Finetuning [5]. Specifically, Bunting

employs two levels of optimization, with the inner level

learning joint knowledge representations, modeling predicates

or relations, and the outer level evolving sparsification through

learnable masks. In particular, the learnable attention masks

are part of additional parameters and hence they converge si-

multaneously and the pruning masks do not require retraining.
Inspired by representation probing [12], we extend the

generalizability analysis to evaluate whether a model can han-

dle antiphrasis (RQ2). Antiphrasis, as a rhetorical device [13],

describes nearly contradictory situations from the original

relation. For example, changing ”score a goal” to ”score on

own goal” reflects a shift from ”wining” to ”messing up”.

Despite being literally similar, antiphrasis can significantly

shift the underlying semantics, posing a great challenge on

the generalizability of LLMs. Based on zero-shot task gen-

eralization [14], a fully transferrable LLMs should output

other reasonable predictions but not necessarily the original

entity, given shifted antiphrasis. Therefore, we hypothesize a

performance decline may be an indicator for generalization.

To validate this idea, we further analyze the performance of

LLMs on antiphrasis with a human-in-the-loop data collection

process (RQ3).
To summarize, the contributions of this paper are threefold:

• We propose an interpretable token sparsification method,

namely Bunting, to accelerate inference.

• We introduce an innovative antiphrasis evaluation proto-

col to evaluate adaptivity on antiphrasis relations.



• We demonstrate that precomputed prefixes can effec-

tively guide token sparsification in different knowledge-

intensive tasks.

II. RELATED WORKS

This section covers several model compression studies and

knowledge-intensive tasks that involve information fusion.

A. Knowledge Graph Completion

Knowledge graphs are data structures that represent knowl-

edge as concepts and relationships between them as facts. Due

to their inherent incompleteness, automatic knowledge graph

completion [15] is a fundamental challenge in knowledge-

intensive tasks, such as textual entailment [16] and question

answering [17]. Open domain KGC methods fuse text descrip-

tion into knowledge representations, which generally subscribe

to embedding aggregation [18] and message-passing network

aggregation. Embedding-based methods such as FuAlign [19]

and MvTuckER [20] fuse neighborhood information into

vectors encoding relation properties such as reflexivity and

symmetry. To transfer to unseen nodes, Graph Neural Net-

works (GNNs) such as InGram [21] and Neural Bellman-

Ford Nets [22] iteratively aggregate information from neigh-

borhood.

B. LLM based Data Fusion

Large language models (LLMs) are language models that

can achieve general purpose language understanding and gen-

eration by learning statistical relations from computationally

intensive self-supervised learning. As AI applications expand

to new domains, LLMs become popular tools for fusing open

domain knowledge for NLP tasks. Methods such as BLP [23]

and KEPLER [24] incorporate Bidirectional Transformers

(BERT) [25] into the translating embedding framework [26],

fuse text description and other context information into first-

order predicate logics [27]. Despite good performance on

KG completion, geometric training objectives often harm the

pretraining abilities of language models. To reduce the latency

of Transformers, MLMLM [28] finetunes LLMs on texts

extracted from knowledge graphs with a look-up table as

memory. Generative approaches [29], [30] are emerging trends

in fusing textual and structural information [31] because the

inference speed is unrelated to the size of KGs.

C. Efficient Representation Learning

Deep learning offers much promise for advancing efficient

representation learning [32] through the integration of data

fusion. Recently, Prompt Tuning [6] and Prefix Tuning [33]

achieved parameter-efficient tuning on text generation and

classification by embedding soft prompts in the text input

or prefixes in the attention heads. As another line of work,

model compression [34] has increasingly attracted attention

from both industry and academia. Among these, knowledge

distillation [35] excels in specific domains by teaching a

lightweight student model to replicate the outputs of an LLM.

Quantization [36] allows features to be represented with fewer

Fig. 1. Bunting improves inference with sparse representations stored
in memory. Antiphrasis evaluation employs PLMs to collect and evaluate
dissonant relations that are literally similar but semantically different.

bits, facilitating deployment on edge devices. Pruning [37]

has a long history predating the deep learning era [9]. Foun-

dational contributions [8] on compressive sensing have laid

the groundwork for understanding sparse representations [38].

Ongoing research [39] aims to learn efficient representations

with knowledge infusion.

D. Antiphrasis and sarcasm detection.

Antiphrasis [40] is a rhetorical device where the intention is

literally similar but semantically different. It is closely related

to ironic and sarcastic language, widely used in informal lan-

guage. These figures of speech still challenge social media un-

derstanding applications [41]–[43]. However, recent advances

in language modelling have led to significant improvements

in detecting them. For example, [44] learns salient features

from word embeddings to detect sarcasm. However, the out-

of-distribution performance of efficient recurrent transformers

is still in its infancy stage and requires automatically generated

samples for broader experiments [45]. In this paper, we

design a human-in-the-loop platform to automatically collect

antiphrases for model adaptivity evaluation.

III. PRELIMINARY

A. Problem Formulation

Let G = (V,R,E) be a knowledge graph with |V | observed

entities, |R| relation types, and |E| edges. Each triple describes

a fact {(h, r, t)}, pointing from a head entity h ∈ V to a tail

entity t ∈ V . The entity description length is n. Knowledge

representations help to predict missing facts between unseen

entities by maximizing the probability of related entities,

ln(h, r, t) = −E[logP (t | h, r)]. (1)

Specifically, a knowledge representation model brings re-

lated entities together with a contrastive loss [46] written as,

ln(h, r, t) =
1

|B|
∑

i∈B
[log es(h⊕r,ti)− log

∑

j∈B\i

es(h⊕r,tj)], (2)

where B is the data batch, s is scaled cosine similarity, ti
denotes labeled entity and tj denotes negative candidates.



TABLE I. AN EXAMPLE OF ANTIPHRASIS EVALUATION IN A SPORT DOMAIN.

Original triple: (Brentford F.C. , has a top scorer playing, Forward)

Antiphrasis: (Brentford F.C. , was scored on own goals by, ...)

Curated Prompt: Evaluate the sarcasm of the given fact shown as a triple. Is it sarcastic? Answer ’Yes’ or ’No’.
Entity description: Brentford F.C. is a football club in the London Borough of Hounslow, that plays in Football League One.
Original tail: Forwards are the players who play nearest to the opponents’ goal, and are aiming for scoring goals.

Method Predictive tails

SimKGC
Forward : Forwards are the players who play nearest to the opponents’ goal, and are aiming for scoring goals.
Midfielder : A midfielder is generally positioned on the field between their team’s defense and forwards.
Defender : A defender is an outfield player whose primary role is to prevent the opposition from attacking.

Bunting
Goalkeeper : Goalkeeper, shortened to keeper or goalie, often stays from the goal line to half way up the penalty area
Defender : A defender is an outfield player whose primary role is to prevent the opposition from attacking.
Forward : Forwards are the players who play nearest to the opponents’ goal, and are aiming for scoring goals.
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Fig. 2. An overview of bilevel token pruning with infused knowledge. The outer level learns sparse attention masks to fuse prefixes with context, producing
a posterior estimation on attention scores. The inner level optimizes the joint representations for downstream tasks.

B. Scaled Dot-Product Attention

Scaled dot-product attention [47] is a commonly used self-

attention function, fusing a representation xATTN as,

xATTN = Attention(Q,K, V ), (3)

A = softmax(QKT /t)V (4)

aij = softmax(xiWQW
T
KxT

j ) (5)

where input tokens x ∈ R
d×n, d is the hidden dimension, n

is the sequence length, Q, K, V are queries, keys and values,

WQ and WK are projection matrices. The dot products are

scaled down to avoid vanishing gradients, with t =
√
d.

C. Prefix-Tuning

Prefix-Tuning [48] appends virtual tokens pK to keys and

pV to values in the attention mechanism, as shown in Fig. 2,

and thus the attention scores are updated as,

Aprefix = softmax([pK ,K]QT /t). (6)

IV. METHODOLOGY

In this section, we introduce our knowledge-infused token

pruning method and describe a novel antiphrasis evaluation

protocol including its data collection platform and metric.

A. Knowledge-infused Token Pruning

Based on Bilevel representation learning [49], [50], we

formally denote the training objective of our Knowledge-

infused Token Pruning as follows,

max sim(h⊕ r, t) (7)

s.t. ||M(xATTN )||0 � c < n (8)



where the primary stage learns a mask function M t o optimize

the sparsification objective, pruning t he sequence l ength from

n t o c, and t he secondary stage finetunes knowledge i nfusion

layers with pruned s equence. The computational complexity

is r educed f rom O(2nd2) t o O(2cd2) .

To embed t ask-awareness, we can compute t he i mportance

scores between prefixes μm
c a nd t okens. We c all t his t ask-

related i mportance. Since t he attention scores are normalized,

we c an a ggregate t hem with a n a dditive s aliency f unction

f(xi) as,

f l( xi) =
1

n

n  ∑

i=1

a     ij · 1        

K       

K           ∑

k          =1

a      kj ||wlxj ||1 (      9)

akj = softmax(pkWKWT
QxT  

j /t). (       10)

where wl i s t he weighted sum over t he hidden dimension f or

importance quantification at t he l t h l ayer. This l earned matrix

updates t he distribution of attention scores f rom i ts prior t o a

contextual estimation probability.

For t oken sparsification, we can apply t he Gumbel-softmax

reparameterization t rick [51] t o t he i mportance scores t o sam-

ple i mportant t okens f or t he current t ask. The mask f unction

can be written as,

P (s | xj , pk) ∝ M(xi) (11)

= gumbel s oftmax (f (xi)) , (          12)

=
exp ((log (f (xi)) + gi) /t)∑R
r=1 exp ((log (f (xi)) + gr       ) /t)  

, (13)

R=2
= s igmoid (log (f (xi) + gi) /t) , (     14)

where t he Gumbel noise i s s ampled f rom a uniform distri-

bution, which can be s implified as a s igmoid f unction when

tokens are classified as either i mportant or unimportant.

B. Anomaly Score f or Novel Relations

AUROC [ 52] a nd CBPL [ 53] a re well-known a nomaly

scores f or o ut-of-distribution a nalysis. However, t hese met-

rics demand a s pecified True Positive Rate t hreshold, often

between 80% t o 95%, which i s i mpractical f or benchmarking

knowledge r epresentation models. Hence, we modify ( 2) as a

highly i nterpretable neural anomaly score, namely AntiScore:

AntiScore(h, r, t) =
exp(−cos(h⊕ r, t))

1 + exp(−cos(h⊕ r, t))
, (    15)

which is the predictive probability of being out-of-distribution,

and c an b e c onsidered a s n egative c osine d istance t o t he

original t ail entity.

C. Antiphrasis Evaluation

Fig. 3 s hows t he antiphrasis data collection platform. The

main i dea i s t o l everage LLMs a nd c urated prompts t o r e-

duce t he l abor of c ollecting s urprisingly novel r elations f or

antiphrasis evaluation. Specifically, we modify r elation spans

with antiphrasis, a particular f orm of multi-word expressions,

thereby altering t he original statement significantly. Our semi-

automatic process f or collecting antiphrasis r elations i nvolves

t  hree stages. First, we use semantic similarity encoders [54] t o

m  easure t he similarity between t he head, antiphrasis r elation,

a  nd tail. Since novel relations state a distinct situation from the

o  riginal one, we expect t he t ail entity t o be also dissimilar t o

t                     he original, which means t he score gap between t he original

l  abel a nd t he l atest t op k r esults s hould b e l arger t han a 
t  hreshold η. Larger s core gaps i ndicate t hat t he original t ail

e  ntities are r anked out of t he t op k r esults, hence t he model

i  s not prone t o wrongly consider an antiphrasis i n t he place

o                                             f t he c orrect r elation. Second, we e mploy multiple LLMs

to predict whether t he candidate expression i s an antiphrasis

after t he i nitial filtering. Finally, a n a greement f rom LLMs

will encourage t he candidate t o enter t he human r echecking

stage where human markers assess t he coherence [ 55] of t he

similarity of antiphrasis.

  

F                                    ig. 3. I  nteractive antiphrasis collection platform.

V                . EXPERIMENTAL SETUP

A. Datasets and Baselines

W    e e valuate Bunting o n f our r epresentative k nowledge

g  raphs a s f ollows. WN18RR [ 56] i s a c urated s ubgraph of

WordNet [ 62], a knowledge graph of l exical r elations among

E  nglish words. FB15k-237 [63] is a subgraph of Freebase [64],

a knowledge base containing diverse f acts. Wikidata5m [ 24]

is a l arge-scale KG c onstructed f rom Wikidata [ 65] a nd

W  ikipedia [ 66]. These KGs h ave d ifferent s cales with t he

n                                     umber of nodes varying f rom ∼15k t o ∼5M.

B                               . Evaluation Metrics

F    ollowing [ 24], we measure t he r easoning p erformance

w  ith mean r eciprocal r ank ( MRR) a nd Hits@k s cores [ 67].

M  RR c omputes t he a verage r eciprocal r anks of t he l abeled

e  ntities, while Hits@k calculates t he r etrieval accuracy when

t  he l abeled e ntity r anks a mong t he t op-k. We c ompute t he

r  etention r ate as t he harmonic mean of MRR, H@1, H@10

w  ith Prefix-Tuning as t he baseline.



TABLE II. RESULTS OF BUNTING AND BASELINE METHODS ACROSS DIFFERENT KNOWLEDGE GRAPHS REPORTED BY MEAN RECIPROCAL RANK (MRR
%) AND ACCURACY OF THE TOP-K PREDICTIONS (HIT@K %). THE BEST RESULT IS BOLDED WHILE THE SECOND BEST IS UNDERLINED.

FB15k-237 WN18RR Wikidata5m Transductive Wikidata5m Inductive

#Param MRR H@1 H@10 #Param MRR H@1 H@10 #Param MRR H@1 H@10 #Param MRR H@1 H@10 Retention Latency

Static Representation Methods

TransE [56] 3.0M 27.9 19.8 44.1 8.2M 22.3 1.3 53.1 2400M 25.3 17.0 39.1 - - - - - -
DistMult [57] 3.0M 24.1 15.5 41.9 8.2M 42.5 19.8 49.1 2400M 25.3 20.9 33.4 - - - - - -
ComplEx [58] 3.0M 27.1 18.4 44.7 8.2M 44.6 41.0 50.2 2400M 28.1 22.8 37.3 - - - - - -

Text-based Methods

DKRL-BERT [59] 125M 14.4 8.4 26.3 125M 13.9 4.8 16.9 125M 16.0 12.0 22.9 125M 32.2 9.7 72.0 - 1.0×
KEPLER [24] 125M 13.9 9.2 28.4 125M 43.2 40.7 52.6 125M 15.4 10.5 24.4 125M 35.1 15.4 71.9 - 1.8×
BLP [23] 125M 19.5 11.3 36.3 125M 28.5 13.5 58.0 125M 31.9 25.7 38.5 125M 47.8 24.1 87.1 - 1.7×
RAILD [60] 125M 21.6 12.7 39.7 125M 29.1 13.6 59.9 125M 31.4 26.8 37.9 125M 45.5 22.0 84.9 - 1.1×
MLMLM [28] 355M 25.9 18.7 40.3 355M 50.2 43.9 61.1 355M 22.3 20.1 26.4 355M 28.4 22.6 34.8 - > 9.9×
SimKGC [61] 220M 33.6 24.9 51.1 220M 66.6 58.7 80.0 220M 35.8 31.3 44.1 220M 60.1 39.4 92.4 - 1.0×
Parameter Effcient Finetuning Methods

Prefix-Tuning (Baseline) 30.8M 29.1 20.8 48.4 30.8M 55.2 48.9 72.9 30.8M 31.9 28.4 38.9 30.8M 53.9 30.5 84.9 100.0 9.0×
Prompt-Tuning 4.4M 3.4 1.0 5.5 4.4M 13.3 4.6 18.2 4.4M 6.6 1.9 15.2 4.4M 9.5 4.2 23.2 12.5 7.7×
Random Attention Drop 30.8M 17.1 11.7 37.4 30.8M 43.2 34.1 44.3 30.8M 19.2 16.4 23.4 30.8M 33.4 17.4 57.2 63.0 0.5×
Bunting w/o prefixes 30.8M 12.3 9.3 26.9 30.8M 37.1 27.3 39.4 30.8M 15.1 12.1 20.3 30.8M 29.7 13.7 49.3 50.7 0.2×
Bunting 30.8M 27.9 19.7 47.1 30.8M 53.9 47.7 71.7 30.8M 30.4 27.3 37.2 30.8M 52.4 29.1 83.7 96.6 0.3×

C. Implementation Details

We used Bert-base-uncased and GPT-2 as pretrained lan-

guage models in our experiments. We pad a fixed number of

neighbor entity names to encode structural knowledge to the

entity description. We find AdamW optimization [68] with

the learning rates [1 × 10−3, 5 × 10−4, 1 × 10−4] viable for

knowledge graphs of different scales. We adopt the PyTorch

Gumbel-softmax trick [69] in replacement of the softmax layer

for sampling. We report transductive and inductive knowledge

graph completion results under the filtered setting, which filters

the scores of all known true triples of the training sets. For

hardware, our model can efficiently run on a single NVIDIA

A100 GPU.

To gather antiphrasis relations, we select antiphrasis re-

lations by by replacing keywords in original relations with

antiphrases from Wiki English Idioms [70] and English-

Corpora [71]. Following [72], to ensure we only probe a

pre-trained model without updating its parameters, we freeze

the parameters of the sentence encoder during antiphrasis

collection and evaluation. We set the score gap threshold as

0.4 for these knowledge graphs. When utilizing LLMs for

antiphrasis identification, we typically prompt the models to

“classify the text as either an antiphrasis or a neutral sentence.”

Replacing the antiphrasis with its synonym (i.e. antonym) or

its hyponyms can also yield valid prompts. Ensemble these

prompts can reduce the variance of predictions. Finally, human

evaluators are recruited to judge the sense and appropriateness

of antiphrases in the context.

TABLE III. RESULTS ON TEXTUAL ENTAILMENT TASKS.

RTE MNLI
F1 Latency F1 Latency

Finetuning 86.6 1.0× 87.6 1.0×
Prompt Tuning [6] 58.8 5.1× 54.7 5.1×
Prefix Tuning [48] 84.5 1.4× 86.6 1.4×
Bunting 83.7 0.7× 86.1 0.7×
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Fig. 4. Wikidata entity embeddings of SimKGC (left) and Bunting (right).

D. Results

Table II compares the link prediction results of Bunting

against several parameter efficient training methods across

different knowledge graphs. Bunting achieves strong results,

reducing inference latency to 0.3×. This demonstrates that

infused knowledge can provide an efficient guidance to adapt

a general Transformer to automatic KG completion. To inves-

tigate the contribution of each component, we ablate Bunting

by removing learned attention mask, i.e., random attention

drop, or prefixes. Compared with w/o inner level Prefix-

Tuning, the inference latency is significantly reduced by 30

times, demonstrating that learned masks play an essential

role in promoting inference speed. The retention rate drops

to 63.0 when removing learnable masks. Learnable masks
and prefixes work together to achieve a high performance
retention rate as 96.6%, showing the importance of infusing
prefixes as prior to accelerate inference. Table III shows

that Bunting is able to perform well on both RTE and MNLI

textual entailment datasets with reduced inference latency.

Our experiments compare Prefix-Tuning and Prompt-Tuning.

Despite more parameters to tune, Prefix-Tuning yields better

performance as the prior knowledge interacts with context in

the attention space instead of the input space. This perfor-

mance gap highlights the importance of adapting prefixes
for knowledge graph reasoning.



         
Prefix Length

Fig. 5. Prefix length and retention rate on Wikidata5m Transductive.

Fig 5 shows the relation between prefix length and perfor-

mance. Compared with the best prefix length, longer pre-
fixes correspond to a more delicate relation model for
complex relations, but lengthy prefixes can become over-
parameterised. For embedding visualization, Fig 4 compares

the entity representations of Bunting with the frozen baseline

method on Wikidata using UMAP [73]. Token sparsification

results in observable clusters, though less compact than the

baseline model. These loose clusters may indicate adaptivity

to out-of-distribution samples.

Antiphrasis evaluation: To collect antiphrasis relations, we

first select a candidate set by matching antiphrases from Wiki

English Idioms [70] in place of the original relations. Follow-

ing [72], we probe a pre-trained model without updating its

parameters by freezing the parameters of similarity encoders

during antiphrasis collection and evaluation. Due to the diffi-

culty of collecting immoral and sarcastic relations, antiphrasis

are evaluated only on FB15k237, with the similarity score

threshold set as 0.4. In Fig 6, models with token sparsification

shows improved antiphrasis detection, with around 0.1 score

gap between Bunting GPT and GPT on both classes. As shown

in Fig 7, immoral classes show higher anomaly scores,
meaning they are more easy to detect.
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Bunting GPT-2

Fig. 6. Different semantic distributions of predicted tails by GPT and BERT
on WN18RR. GPT excels in predicting most relevant tails. Bi-Link BERT
show a high mean relevance score, indicating the model might predict tails
more semantically related to labeled entities.
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Fig. 7. Anomaly detection score computed by Bunting and base models.

E. Limitation

Like most text-based methods, Bunting is hard to gener-

alise to out-of-distribution entity description and transfer to

cross-lingual KG reasoning because cross-lingual models have

different comprehension for two languages Retrieving infor-

mation in one language with high accuracy while performing

poorly in another gives rise to fairness-related problems. In this

regard, methods on structural reasoning will perform better.

VI. CONCLUSION

This paper proposes a novel token sparsification method,

called Bunting, for Large language models. Our experiments

show that the proposed token sparsification method, guided by

prefixes improves generalization on out-of-distribution sam-

ples and reduces inference latency. Our future works will

explore the causality behind this PLM-based mechanism with

other parameter efficient modules, e.g., adapters.
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