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Abstract

Recently, the use of pretrained language mod-
els (PLMs) as soft knowledge bases has gained
growing interest, sparking the development
of knowledge probes to evaluate their fac-
tual knowledge retrieval capabilities. How-
ever, existing knowledge probes for genera-
tive PLMs that support multi-token entities ex-
hibit quadratic time complexity O(n2), where
n corresponds to the number of candidate en-
tities, limiting the size of knowledge graphs
used for probing. To address this, we propose
DEcoder Embedding-based Relational (DEER)
probe, utilizing embedding vectors extracted
from generative PLMs. DEER probe achieves
effective time complexity of linear order O(n),
supports rank-based evaluation metrics includ-
ing Hit@k, handles multi-token entity names
and enables probing whilst disambiguating ho-
mographic tail-entity names. We empirically
show that DEER-probe correlates with existing
knowledge probes, validating its probing capa-
bility, and we demonstrate the practical benefits
of its improved scalability.

1 Introduction

Knowledge probes evaluate factual knowledge re-
trieval capabilities of pre-trained language mod-
els (PLMs). Their applications include identify-
ing missing knowledge in PLMs and quantifying
the amount of domain-specific knowledge encoded
in their parameters. Knowledge probes achieve
this by assessing a PLM’s capability to complete
a relational knowledge. A knowledge graph (KG)
represents a relational knowledge as a triplet con-
sisting of (head-entity, relation-type, tail-entity).
To complete a relational knowledge, models must
predict the correct tail-entity, given a partially filled
triplet, (head-entity, relation-type, ?) which we call
a query.

To the best of our knowledge, the only knowl-
edge probe capable of probing generative PLMs
with multi-token tail entity names and the Hit@k, a

Figure 1: Illustration of DEER probe’s architecture.

conventional evaluation metric in knowledge base
completion, is BEAR (Wiland et al., 2024; Youssef
et al., 2023). However, BEAR exhibit quadratic
time complexity O(n2), where n corresponds to
the number of candidate entities, making probing
of PLMs on large-scale KGs infeasible. Moreover,
BEAR predicts the tail entity for a query by com-
puting the joint probability of the textual sequence
formed by concatenating the query and a tail entity
candidate’s textual representation. The reliance on
joint probability may introduce a token length bias,
favoring candidates with shorter names.

To address these issues, we propose DEER
(DEcoder Embedding-based Relational) Probe, a
knowledge probe utilizing embedding vectors ex-
tracted from a causal PLM through the PromptEOL
method (Jiang et al., 2024), as shown in Figure 1.
DEER effectively realizes linear time complexity,
O(n), whilst reducing the token length bias in
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probing. DEER also enables probing whilst dis-
ambiguating identically named tail entities.

This work addresses the following questions:

RQ1: Does the improved time complexity yield
observable reductions in compute time?

RQ2: Does DEER align with existing knowledge
probes?

RQ3: Does DEER exhibit reduced token length
bias compared to BEAR?

To evaluate the practical implications of DEER’s
improved time complexity, we measured the time
required to probe GPT-2-Small (Radford et al.,
2019) with WN18RR (Dettmers et al., 2018) un-
der both BEAR and DEER. BEAR was estimated,
through extrapolation, to require 330±10 days, ren-
dering full evaluation infeasible, whereas DEER
completed the task in 16±1 minutes, making such
evaluation tractable. Token length bias was as-
sessed by computing the Pearson correlation be-
tween predicted ranks and tail entity token lengths.
BEAR exhibited a strong correlation r = 0.484
and p < 10−51, while DEER was uncorrelated
with r=0.005 and p=0.913, indicating DEER’s
ability to evaluate knowledge independent of token
length. Finally, DEER’s alignment with the estab-
lished probe, LAMA, was assessed via log-scale
rank correlation, yielding a maximum r= 0.804,
supporting its use for knowledge probing. We also
comprehensive analyzed the generalizability of our
method using 5PLMs and 4KGs, ensuring robust-
ness of our findings.

2 Background and Related Work

Knowledge Probing A KG is defined as a set of
triplets T ∋ (h, r, t), where h, r and t denote the
head entity, relation-type and tail entity. In knowl-
edge probing, given a query (h, r, ?), PLMs are
tasked with predicting the corresponding tail entity
t. This is typically achieved by ranking a set of can-
didate tail entities E , according to their probability
P (t = e|e ∈ E). Performance is evaluated using
Hit@k which measures the fraction of test triplets
for which the correct tail entity is ranked within the
top k candidates.

Existing Knowledge Probes for Causal PLMs
The first proposed knowledge probe, LAMA
(Petroni et al., 2019), prompts a PLM with a cloze-
style question and ranks tail entity candidates by
the log likelihood of the token corresponding to

their name at the masked position, but it can only
test entities with single-token names. KAMEL
(Kalo and Fichtel, 2022) extended this approach
to multi-token entities using text generation; yet,
since predicted tail entities are evaluated through
exact string matching, the evaluation metric is lim-
ited to Hit@1. BEAR was later introduced to sup-
port both the Hit@k metric and multi-token enti-
ties, though it requires computing log likelihoods
for all possible query–entity combinations. Conse-
quently, the PLM must process O(|Q|×|E|) inputs,
where Q is the set of queries, leading to quadratic
time complexity. Furthermore, because prior meth-
ods depend on token predictions, they cannot dis-
ambiguate identically named tail entity candidates.

Textual Knowledge Graph Completion The
textual knowledge graph completion (KGC) task
involves predicting missing relations in a knowl-
edge graph by selecting the correct tail entity from
a set of candidates, given a partially filled triplet,
or query, using a large language model (LLM).
Although textual KGC and knowledge probing
share similar formulation, they differ in their in-
tention. KGC aims to maximize completion accu-
racy, whereas knowledge probing aims to measure
the factual knowledge present in the pretrained lan-
guage model (PLM). Consequently, KGC meth-
ods typically rely on fine-tuning to enhance perfor-
mance, while fine-tuning of the model is generally
avoided in probing because it alters the model’s
internal knowledge and hinders faithful evaluation.

Encoder-based KGC models have improved in-
ference efficiency by transitioning from cross-
encoder to bi-encoder architectures. The cross-
encoder architecture, introduced to KGC by KG-
BERT (Yao et al., 2019), jointly encodes every
query–tail-candidate pair, resulting in quadratic
scaling with the number of evaluated pairs. In
contrast, the bi-encoder architecture, introduced to
KGC in StAR (Wang et al., 2021), embeds queries
and entities independently. This separation enables
precomputation and efficient similarity-based re-
trieval, reducing the scaling order to linear.

If probing of generative PLMs could be formu-
lated under a similar bi-encoder framework, com-
parable efficiency gains could be achieved. Yet,
developing a technique for doing so with a genera-
tive language model without requiring fine-tuning
remains an open challenge.

PromptEOL Embedding PromptEOL (Jiang
et al., 2024) is a method for creating sentence em-

8189



ename - edesc
This sentence: “{word}” means in one word: “{one word}”
This sentence: “ename” means in one word: “

Figure 2: Template used by the tail encoder ft, where
the entity name and description replace ename and edesc,
respectively. Figure 3 shows a complete example.

deer - distinguished from Bovidae by the male’s having
solid deciduous antlers
This sentence: “{word}” means in one word: “{one word}”
This sentence: “deer” means in one word: “

Figure 3: Example of a complete tail-entities encoding
template for the “deer” entity. Thereby, ename is replaced
by “deer” and edesc is replaced by “distinguished from
Bovidae by the male’s having solid”.

bedding vectors using a generative PLM without
additional training. It prompts a model to sum-
marize a sentence in one word, then uses the last
hidden vector, usually used for next-token predic-
tion, as the sentence embedding. The prompt tem-
plate: This sentence: {S} means in one word “, is
used, where S is replaced by the sentence to encode.
Appendix B.1 provides a formal description.

3 Problem Formulation

Textual Knowledge Graph We define a textual
knowledge graph as a KG with textual represen-
tations of entities and relation types. We denote
set of all entity names, entity descriptions and rela-
tion names as Ename, Edesc and Rname, respectively.
Thereby, given a set of all possible strings Σ∗,
Ename, Edesc,Rname ⊆ Σ∗. We assume the exis-
tence of E → Ename, E → Edesc and R → Rname,
mapping the entities and relations to their corre-
sponding textual representations.

Bi-Encoder Based Probes Bi-Encoder based
knowledge probing frameworks consist of a query
encoder fq, a tail entity encoder ft and a simi-
larity function ϕ. Given functions mapping the
query and entities to their textual representations,
f text

q : Q → Σ∗ and f text
t : E → Σ∗, the query

encoder and the tail entity encoder maps the tex-
tual representation of queries and tail entity can-
didates to an encoding vector fq : f

text
q (Q) → Eq

and ft : f
text
t (E) → Et, where Eq, Et ⊆ Rn.

The similarity function ϕ : Eq × Et → R mea-
sures the similarity between a query embedding
and a tail entity embedding. Given a query q ∈ Q,
the model ranks all tail entity candidates t ∈ E

(η1
name, ρ1name, τ1

name)

...

(η8
name, ρ8name, τ8

name)
(hname, rname,

(dress up, verb group, trick up)

...

(disfavour, hypernym, single out)
(deer, hypernym,

Figure 4: Left: Query-encoding template, f text
q for

knowledge probing. The names of the query’s h and
r replaces the symbols hname and rname. The names of
h, r and t in the nth randomly sampled triplet replaces
ηnname, ρ

n
name and τnname . Right: Completed example for

a query, (deer, hypernym, ?).

according to their similarity scores defined by ϕ.
Formally, let N = {1, . . . , |E|} denote the set of
rank indices. A function I : Q × N → E as-
signs to each query q a ranked list of tail enti-
ties such that ϕ(eq, eI(q,i)) ≥ ϕ(eq, eI(q,i+1)) for
all i ∈ [1, |E| − 1], where eq = fq(ftext(q)) and
et = ft(ftext(t)). Since each query and entity em-
bedding is computed once, the total encoding cost
scales linearly as O(|Q|+ |E|). Because the cost
of cosine similarity computation is negligible com-
pared to the encoder forward pass, the effective
time complexity is O(n).

4 DEER: Proposed Method

As shown in Figure 1, DEER implements the bi-
encoder based framework using PromptEOL as
both the query encoder, fq, and the tail-entity en-
coder, ft. To generate the embedding vectors for
the query and tail-entity, custom templates are
populated with Ename, Edesc, and Rname. The con-
structed text is then fed into fq and ft as inputs. The
last hidden vector, used as a sentence embedding in
PromptEOL, serves as the embedding vector. Co-
sine similarity is used as ϕ to assign a unique rank,
N , to each tail entity candidate. The following
paragraphs discuss the custom templates used by
fq and ft.

Tail-Entities Encoding Template, f text
t Figure 2

and Figure 3 shows the template used by the tail-
entity encoder, ft to acquire a tail-entity encoding.
The inclusion of edesc enables disambiguation of
identical names.

Prober Query Encoding Template, f text
q Fig-

ure 4 shows the template used by the query encoder,
fq, during knowledge probing. The eight-shot ex-
ample is compiled by randomly sampling from the
training set.
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Dataset Name |Q| |E|
WN18RR Compute Time Experiment 93,003 40,944

WN18RR Single Token 596 4,948
FB15k237 Single Token 2,161 254
YAGO3-10 Single Token 98 90

WN18RR Token Bias Experiment 500 948

Table 1: Statistics of the datasets used in experiments.
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Figure 5: Plot of a linear regression model fitted to
BEAR’s probing time, used to estimate the time required
for BEAR to probe the dataset. The fit conforms with
expectation for a probe with O(|Q|×|E|) complexity.

Encoding Template Design Rationale The ra-
tionale behind the template design is as follows: if
the PLM has correct knowledge of the triplet, the
token it predicts next when given the query tem-
plate should be semantically similar to the token it
predicts when given the correct tail-entity template.
Consequently, when the model makes a correct pre-
diction, the similarity function ϕ produces a high
score between the encoding vectors eq and et.

5 Experiments and Results

Three sets of experiments were conducted to ad-
dress the research questions. These are: compute
time, probe agreement, and token bias experiments.
The statistics of the datasets used throughout the
experiments are given in Table 1.

5.1 Compute Time Experiment
5.1.1 Experimental Setup
To demonstrate the practical impact of DEER’s
improved scaling law, the time required to probe
GPT2-Small 124M1 using the entire WN18RR
KG was compared between the DEER and BEAR
probes. DEER’s compute time was directly mea-
sured over all |Q|=93, 003 queries obtained from

1https://huggingface.co/openai-community/gpt2

Prober Time/query Total time

BEAR ap. 200±500 s/query 330±10 days
DEER 0.0316±0.0009 s/query 16±1 minutes

Table 2: Compute time comparison on the WN18RR.
BEAR results are approximated via extrapolation.

the KG. All |E|=40, 943 entities found in the KG
were used as tail candidates. The experiment was
repeated three times to obtain the mean and the
uncertainty. In contrast, BEAR’s total compute
time was approximated through linear extrapola-
tion as its direct measurement is infeasible. The
time required to probe subsets of queries with sizes
|Q| = {16, 31, 46, 61, 76, 91, 106, 121, 136, 151}
was measured three times each, then the ordi-
nary least-squares regression model was fitted to
the data, t = m|Q|+ c. The regression error
was quantified as the standard error of the slope,
computed from the residual variance of the fitted
model. The obtained model was then extrapolated
to |Q|=93, 003, in order to obtain the computation
time and uncertainty. BEAR’s compute time was
measured using the library2 published by Wiland
et al. (2024). The experiments were conducted on
an RTX 3090 GPU with 8 CPU cores.

5.1.2 Results
The results in Table 2 show that the improved time
complexity leads to a substantial reduction in prob-
ing time. Under our setup, DEER reduced the com-
pute time from approximately 330±10 days to 16±
1 minutes, corresponding to a (30, 000±2, 000)×
speedup, thereby enabling probing with KGs that
would otherwise be infeasible using BEAR.

The fitted line, shown in Figure 5, achieved,
R2 = 0.943. Since a model with O(|Q|× |E|)
complexity would scale linearly when |E| is fixed,
provides evidence for BEAR’s quadratic scaling be-
havior. The plot simultaneously rejects O(|Q|+|E|)
as BEAR’s complexity, since when |E|≫|Q|, the
gradient of the fitted line would be m≈0, in con-
trary to our observation.

5.2 Probe Agreement Experiment
The aim of this experiment is to assess DEER’s
viability as a knowledge probe. We consider two
criteria that a valid knowledge probe should intu-
itively satisfy. First, the scores of a knowledge
probe should be consistent with those of an estab-
lished knowledge probe. Second, the monotonicity

2https://github.com/lm-pub-quiz/lm-pub-quiz
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Figure 6: Diagram of the LAMA agreement experiment
illustrating the shared use of the query encoding vector
by DEER and LAMA.

of scores across parameter size should be preserved
for the same model family, assuming models with
larger parameter size store greater knowledge than
the smaller models.

5.2.1 Experimental Setup
Comparing DEER against LAMA To assess if
DEER’s ranks are consistent with an established
probe, they were compared with that of LAMA, an
established and widely used knowledge probe. The
consistency of rankings between the two probers
is evaluated using Pearson’s correlation, computed
on a log scale to account for the diminished signif-
icance of differences at higher ranks. To mitigate
the biases induced by differences in prompt de-
sign, the query encoding template was also used
when computing LAMA’s ranks, as our main inter-
est lies in the effect of the architectural difference
rather than the prompt design. Consequently, the
tail entities of LAMA were ranked identically to
the original work, that is, by the log-likelihood of
each token. Since PromptEOL’s encoding vectors
are identical to the vectors typically used in next-
token prediction, the log-likelihood was computed
by directly applying the pretrained linear layer, also
known as the language modeling head, to the query
encoding vector generated by the query encoder,
fq. This procedure is illustrated in Figure 6. As
LAMA can only handle single-token tail entities,
the dataset was preprocessed by removing triplets
with multi-token tail entities from the KG.

Evaluating Monotonicity of Score In order to
assess if the monotonicity of the scores is con-
served across parameter size, DEER and LAMA
were compared using OPT models of varying sizes
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LAMA vs DEER Rank (WN18RR: OPT-6.7B)

Pearson r = 0.804

Figure 7: Scatter plot of tail entity ranks predicted by
LAMA and DEER in log scale. Each point corresponds
to a triplet in the KG. The bottom-left and top-right quad-
rants shaded gray are regions of agreement in Hit@10
and Miss@10, respectively.

{125M, 350M, 1.3B, 6.7B} on WN18RR. Hit@k
of the probers were computed for each model to
assess if DEER and LAMA conserve monotonicity
across parameter size.

Assessing Generalizability of Agreements Al-
though the generalizability of the PromptEOL
method across model families was demonstrated in
its original work (Jiang et al., 2024), we further ex-
amined whether the observed agreement between
the probers extends across domains and model fam-
ilies. To test domain generalization, the two probes
were compared on the FB15k-237 (Toutanova and
Chen, 2015) and YAGO3-10 knowledge graphs. To
test model generalization, we used the LLAMA3-
8B model with the WN18RR dataset. Prompt sen-
sitivity analysis is given in Appendix C.3

5.2.2 Dataset Preparation
As LAMA cannot handle multi-token tail entities,
all triplets containing multi-token tail entities were
removed from the KG. The entity names for the
WN18RR and FB15k237 were acquired from the
dataset provided by Yao et al. (2019). The names of
WN18RR in the dataset are provided with metadata
such as the part of speech attached, e.g., “__white-
tail_deer_NN_1”, these were preprocessed by re-
moving the metadata and underbars and insert-
ing spaces between words, e.g., “whitetail deer”.
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Figure 8: Facet grid of scatter plots comparing LAMA’s predicted ranks with DEER’s for OPT models of sizes
125M, 350M, 1.3B, and 6.7B on WN18RR. The plots illustrate how predicted ranks shift as model size increases.

PLM Name Log(Rank), r p value

OPT-125M 0.496 2.41E-38
OPT-350M 0.496 2.98E-38
OPT-1.3B 0.737 3.03E-103
OPT-6.7B 0.804 2.57E-136

Table 3: Pearson’s correlation between LAMA and
DEER ranks on the WN18RR dataset across different
model parameter sizes.

Prober Name Hit@1 Hit@10 Hit@100

LAMA-OPT-125M 0.5% 7% 10%
DEER-OPT-125M 0.3% 2% 12%

LAMA-OPT-350M 3% 7% 17%
DEER-OPT-350M 0.5% 4% 13%

LAMA-OPT-1.3B 6% 16% 32%
DEER-OPT-1.3B 3% 14% 35%

LAMA-OPT-6.7B 22% 36% 55%
DEER-OPT-6.7B 9% 35% 55%

Table 4: Hit@{1, 10, 100} scores for LAMA and DEER
evaluated on the WN18RR dataset.

Empty descriptions were replaced with a dash char-
acter: “-”.

YAGO3-10 does not provide any textual descrip-
tions for the entities, so the underscore character
“_” was used as their descriptions. Triplets where
a gender, male or female, is the tail entity were
removed from the YAGO dataset as they are too
trivial for the LLMs.

5.2.3 Results
LAMA, DEER Comparison Correlation be-
tween the ranks of DEER and LAMA probe on
the WN18RR dataset is shown in Table 3. Sub-
billion parameter models exhibit limited rank agree-
ment, whereas models over a billion parameters
achieve high correlation, with OPT-6.7B achiev-
ing the highest correlation of r = 0.804, thereby

KG PLM Name Log(Rank), r p value

FB OPT-1.3B 0.775 ≤E-6
YA OPT-1.3B 0.900 2E-36
WN LLAMA3-8B 0.719 3E-127

Table 5: Pearson’s correlation between LAMA and
DEER ranks for combinations of KGs and PLMs,
demonstrating that the agreement between the two
probes generalizes across domains and model families.

KG Prober Name Hit@1 Hit@10 Hit@100

FB LAMA-OP1.3B 27% 62% 97%
FB DEER-OP1.3B 25% 48% 95%

YA LAMA-OP1.3B 49% 83 % -
YA DEER-OP1.3B 46% 78 % -

WN LAMA-LL3-8B 1% 30% 66%
WN DEER-LL3-8B 9% 35% 62%

Table 6: Hit@{1, 10, 100} scores LAMA and
DEER evaluated on combinations of KGs and PLMs.
Acronyms used: FB = FB15k237, YA = YAGO3-10,
WN = WN18RR, OP = OPT, and LL3 = LLAMA3.

supporting DEER’s viability as a knowledge probe
for super-billion-parameter models. The correla-
tion for the OPT-6.7B model is visually illustrated
through a scatter plot in Figure 7. Furthermore, as
shown in Table 4, their corresponding Hit@k met-
rics showed low deviation from their counterparts
with the largest absolute error of 11%, which was
observed in OPT-6.7B’s Hit@1.

Monotonicity across Parameter Size Figure 8
presents a facet grid of scatter plots across vary-
ing parameter sizes. If the probers behave as ex-
pected, their scores should increase with the param-
eter size of the PLMs. Accordingly, when LAMA
and DEER are in agreement, we expect the data
points to cluster in the top-right quadrant, region
of Miss@10 agreement, for a small PLM and pro-
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Figure 9: Box plot showing a positive correlation between tail-entity token length and BEAR ranks, and a negligible
correlation under DEER.

gressively shift toward the bottom-left quadrant,
region of Hit@10 agreement, as the parameter size
increases. Qualitatively, this trend was observed
in the facet grid, suggesting that monotonicity is
preserved.

This effect can also be observed in Table 4,
where the monotonicity of the Hit@k metric
is conserved across all model scales, thereby,
m ∈ {Hit@1,Hit@10,Hit@100}, s(p)m (125M)≤
s
(p)
m (350M)≤s

(p)
m (1.3B)≤s

(p)
m (6.7B), where s

(p)
m

denotes the score of prober p ∈ {LAMA,DEER}
under metric m. The observed agreement with
LAMA and the conservation of monotonicity sup-
port the use of DEER as a valid knowledge probe.

Generalizability In line with the observations
from the WN18RR dataset, a high correlation was
observed on the FB15k238 and YAGO3-10 datasets
using OPT-1.3B. As shown in Table 5 their corre-
sponding Pearson’s correlation of r = 0.775 and
r = 0.900, thereby supporting the generalizabil-
ity of the observations made using the WN18RR
dataset across different domains. As shown in Ta-
ble 6, all observed Hit@k values had an absolute
error, less or equal to 14%, thereby demonstrating
their consistency across multiple settings.

The scatter plots of the corresponding experi-
ments are shown in Appendix C.1 Figure 15 and
Figure 16. Similarly, Pearson’s correlation of
r=0.719 was observed on the WN18RR dataset
using LLAMA3-8B, thereby supporting the gener-
alizability of the findings across model families. Its
scatter plot is shown in Appendix C.1 Figure 17.

5.3 Token Length Bias Experiment

To investigate if DEER exhibits lower token length
bias than BEAR, the Pearson correlation between

the token length of the tail-entity name and the
predicted ranks was compared. To investigate if
the bias leads to disagreements, DEER and BEAR
ranks were compared.

5.3.1 Experimental Setup
Token Length Correlation 500 queries were
randomly sampled from the WN18RR test set to
compute Pearson’s correlation between the tail en-
tity length and the predicted rank. OPT-1.3B was
used as the PLM, and its tokenizer was used to
measure the tail entity length.

BEAR, DEER Comparison The agreement be-
tween DEER and BEAR was compared to investi-
gate if the potential bias leads to disagreement in
the predicted rank between the two probers. As our
focus lies in the effect of architectural differences
rather than prompt design, a few-shot prompt con-
sistent in style with the query encoder was used in
place of the template adopted in the original BEAR
implementation, the template used in our experi-
ment is shown in Appendix B.2, Figure 11. Fur-
thermore, a comparison using the dataset published
in BEAR’s original work is given in Appendix C.2.

5.3.2 Results
Token Length Correlation The histogram in
Figure 9 illustrates the correlation between the
probers’ predicted ranks and the token lengths of
the correct tail entities. BEAR exhibits a positive
correlation (r=0.484, p<10−5), whereas DEER
shows negligible correlation (r = 0.005, p =
0.913). Assuming that the difficulty of a query
is independent of the length of its tail entity, these
results suggest that BEAR is susceptible to token-
length–induced false positives and negatives, while
DEER remains unaffected.
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Figure 10: Facet grid of scatter plots comparing BEAR’s and DEER’s predicted ranks for OPT models of sizes
125M, 350M, 1.3B, and 6.7B evaluated on the WN18RR dataset. The plots show that the top-left quadrants are
predominantly occupied by entities with long token length, while the bottom-right quadrants contain shorter entities.

Figure 10 compares BEAR and DEER ranks
across different parameter size. The strongest cor-
relation between the two was observed for the OPT-
6.7B model, with Pearson’s r=0.642, whereas sub-
billion-parameter models showed limited agree-
ment, with r=0.138 for OPT-125M.

BEAR, DEER Comparison The top left quad-
rant of the scatter plots corresponds to disagree-
ments between the probers with Hit@10 for DEER
and Miss@10 for BEAR, and the bottom right cor-
responds to Miss@10 for DEER and Hit@10 for
BEAR. Qualitatively, we observe that the top left
quadrants is occupied by points with token length
larger than the mid point, denoted by the orange
color, where as the bottom right quadrant is occu-
pied by points with shorter token length, denoted in
violet. Thereby, BEAR under ranks (predicts high
rank relative to DEER) when tail entity is long and
over ranks (predicts low rank relative to DEER)
when the tail entity length is short. This discrep-
ancy in the predicted rank may be induced by the
token-length bias discussed prior. This effect of
discrepancy can be quantitatively observed by their
Pearson’s correlation as shown in Table 7. How-
ever, as shown in Table 8, a limited discrepancy in
the Hit@k metric was observed between the two
probers, with the largest absolute error of 11% in
the Hit@10 score of OPT-1.3B model. Additional
comparison using dataset proposed in BEAR’s orig-
inal work is given in Appendix C.2.

6 Conclusion

This paper introduced DEER probe, a novel and
scalable probing method for generative PLMs. By
leveraging embedding vectors extracted from a

PLM Name Log(Rank), r p value

OPT-125M 0.138 2E-03
OPT-350M 0.170 1E-04
OPT-1.3B 0.483 2E-3
OPT-6.7B 0.642 2E-59

Table 7: Table of Pearson’s correlation between BEAR
and DEER ranks on the WN18RR dataset across differ-
ent model parameter sizes.

Model Name Hit@1 Hit@10 Hit@100

BEAR-OPT125M 1% 9% 27%
DEER-OPT125M 2% 7% 24%

BEAR-OPT350M 4% 17% 39%
DEER-OPT350M 1% 9% 35%

BEAR-OPT1.3B 6% 34% 55%
DEER-OPT1.3B 5% 21% 50%

BEAR-OPT6.8B 10% 52% 71%
DEER-OPT6.8B 7% 51% 78%

Table 8: Table of Hit@{1, 10, 100} scores for BEAR
and DEER evaluated on the WN18RR dataset.

generative PLM, DEER achieves input size to
scale linearly, O(|Q|+|E|), instead of quadratically
O(|Q|×|E|), as required by BEAR.

We empirically showed that the improved time
complexity leads to significant reduction in com-
pute time. Specifically, under our setup, time taken
to probe the WM18RR KG was decreased from
approximately 330±10 days with BEAR to 16±1
minutes. Moreover, DEER aligned with the estab-
lished LAMA probe while preserving the mono-
tonicity of probing scores across parameter scales,
providing supporting evidence of its validity as a
knowledge probe. Finally, we showed that DEER’s
avoidance of token-level probability in ranking led
to a reduced correlation with entity name length.
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Through this work, we demonstrated a method
for probing generative PLMs under a bi-encoder
framework and established its validity and advan-
tages as a knowledge probe, offering a promis-
ing direction for the future design of generative
knowledge probing methods. Furthermore, the im-
proved computational efficiency of DEER enables
the probing of knowledge graphs that were previ-
ously infeasible, opening opportunities for large-
scale experiments that may deepen our understand-
ing of generative PLMs.

7 Limitations

Possibility of Data Leakage The original dataset
of WN18RR, the WN18 (Bordes et al., 2013) had
both been released before the of PLMS such as
OPT, meaning it may have been included within the
training corpus. Even though progress have been
made in knowledge graph completion evaluation
technique that avoids such issue (Sakai et al., 2024),
utilization of such techniques on DEER is non-
trivial, as it utilizes hypothetical, non real-world
relations, that would not be stored in the parametric
knowledge. However, since our aim is to evaluate
the knowledge memorized within the parametric
knowledge, it does not alter the fact these knowl-
edge are stored within the parameters.

The Use of Log Scale The agreement between
DEER, LAMA and BEAR was compared in linear
and log scale, even though the two showed weaker
correlation in the linear scale, we argue that the
conclusion drawn in log scale should be preferred,
taking similar line of argument for the preference of
MRR over Rank in the knowledge base completion
community, where the weight on the importance
of the difference in rank is reduced as the rank
increase.

Inclusion of Tail-Entity Descriptions during
Knowledge Probing When encoding tail-entities
during knowledge probing, the description of the
entity is provided to allow disambigation. This
allows the PLM to infer relations correctly, even
in the absence of knowledge around the tail-entity.
This could be an issue when assessing the knowl-
edge retrieval capability of PLMs, however, we
argue the effect of such case is limited as demon-
strated by the high correlation between DEER and
LAMA, Table 3, where LAMA is never shown such
descriptions.

Limited Scope in Prompt Design Exploration
The main objective of this study is to validate the
use of the bi-encoder framework for knowledge
probing in generative language models. Accord-
ingly, our analysis primarily focuses on the effect
of different model architectures on probing perfor-
mance rather than on prompt design. The explo-
ration of optimal prompt templates is thus beyond
the scope of this work and remains as future re-
search.

Evaluated Models and Architectural Designs
While our experiments demonstrate the effective-
ness of the proposed technique on the models con-
sidered, with primary focus on the OPT model
following the setup of the original PromptEOL pa-
per (Jiang et al., 2024), its performance on recently
developed models and emerging architectures is
yet to be investigated. Given the rapid pace of
innovation in model design, assessing its behav-
ior on these evolving architectures is a promising
direction for future work.
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(η1
name, ρ1name, τ1

name)

...

(η8
name, ρ8name, τ8

name)
(hname, rname, tname)

(dress up, verb group, trick up)

...

(disfavor, hypernym, single out)
(deer, hypernym, mammal)

Figure 11: Left: BEAR’s prompt template used to cal-
culate the probability of tail-entity, given a query. The
names of query’s head entity and relation type replaces
the symbols hname and rname. The names of head-entity,
relation-type and tail-entity in the nth randomly sampled
triplet replaces ηnname, ρnname, τnname. Right: A completed
example for a query, (deer, hypernym, ?) and tail-entity
candidate, mammal. In essence, it is DEER’s query
encoding template with the addition of the tail entity
name.

A Source Code

The source code that can be used to reproduce the
experiments in this paper is publicly available at a
git repository3.

B Methodological Details

B.1 Formal Description of PromptEOL

PromptEOL uses a generative PLM for sentence
embedding. Given a sequence of input tokens
x1, x2, . . . , xn, the last hidden state, hn, corre-
sponding to the token xn, is used as the sentence
embedding vector. More specifically, hn is the
vector typically used for next token prediction by
applying a final dense layer followed by a soft-
max function. This process is expressed as zn =
Whn + b, where xn+1 = argmax(softmax(zn)),
where hn is the last hidden layer, W is the weight
of the projection layer and b is the bias term. To
embed a sentence, it uses the following prompt
template: This sentence: "S" means in one word
", where S is replaced with the target sentence.
PromptEOL enables creation of embedding vec-
tors conditioned by prompts (Yamada and Zhang,
2025).

B.2 Prompt Templates for BEAR

BEAR utilized the prompt template shown in Fig-
ure 11 to compute the probability for each query
tail-entity pair.

3https://github.com/TJ-coding/deer
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entity: “ename”, description: “edescription”
Summarize the entity: “ename” in one word: “

Figure 12: Prompt A template used by the query encoder
to evaluate DEER’s sensitivity to prompt design.

< “ename": “edescription”>
In one word, “ename” means: “

Figure 13: Prompt B template used by the query encoder
to evaluate DEER’s sensitivity to prompt design.

Metrics Prompt A Prompt B Prompt C

Hit@1 0.5% 1.5% 2.3%
Hit@10 5.4% 7.7% 10.9%
Hit@100 26.9% 30.9% 34.2%

Table 9: Hit@{1, 10, 100} metrics achieved by each
prompt design on the WN18RR dataset.

C Supplementary Results and Analysis

C.1 Generazability Experiments

Scatter plots from the experiments described in Sec-
tion 5.2.1, designed to assess the generalizability
of the DEER method, are shown. The comparison
using FB15k237 and YAGO3-10 is shown in Fig-
ure 15 and Figure 16, respectively. The comparison
using LLAMA3-8B4 (Dubey et al., 2024) is shown
in Figure 17. All plots show a positive correlation,
indicating consistent agreement between the two
probes across different setups.

C.2 BEAR Agreement Experiment

Experimental Setup Pearson correlation be-
tween the predicted ranks by DEER and BEAR was
measured using a subset of BEAR dataset5 (Wiland
et al., 2024) and OPT-6.7B. As the entity candidates
are defined for each relation type, the two probes
were compared on four randomly selected relation
types, p272, p344, p466, and p1412. A scatter plot
of the comparisons was made in a linear scale, as
the number of tail entity candidates is small, with
a maximum of 60 candidates, and the correlation
was also calculated in a linear scale.

Result Figure 18 shows the results of the com-
parison. Qualitatively, the quality of agreement
varied across relation types. With relation types

4https://huggingface.co/meta-llama/
Meta-Llama-3-8B

5https://github.com/lm-pub-quiz/BEAR

[“ename”, “edescription”]
Summarize the meaning of {ename} in one word {

Figure 14: Prompt C template used by the query encoder
to evaluate DEER’s sensitivity to prompt design.

p272 and p1312 demonstrating Pearson correla-
tion of r = 0.345 and r = 0.361, where as rela-
tion type p343 demonstrated lower correlation with
r = 0.150 and p = 0.67.

C.3 Prompt Sensitivity Analysis
To assess DEER’s robustness to prompt design,
we intentionally degraded the original DEER query
template to create three alternative variants, Prompt
A, Prompt B, and Prompt C. The designs of these
prompts are shown in Figure 12, Figure 13, and Fig-
ure 14, respectively. As summarized in Table 9, per-
formance varies moderately across templates, with
the largest absolute difference being 7.3 percent-
age points in Hit@100. Despite these variations,
the results exhibit a clear monotonic pattern across
Hit@{1, 10, 100}, indicating that DEER consis-
tently preserves the relative ranking structure under
prompt degradation. This stability suggests that
DEER’s relational reasoning is resilient to changes
in prompt formulation.

D Ethical Considerations

D.1 Usage of AI Tools
This paper was written with the assistance of a large
language model (ChatGPT, OpenAI) for language-
related support, including improving clarity, gram-
mar, and phrasing. The AI tool was not used to gen-
erate scientific claims, experimental designs, data,
results, or interpretations. All technical content,
analyses, and conclusions are the sole responsibil-
ity of the authors.
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Figure 15: Scatter plot of tail entity ranks predicted by
LAMA and DEER using OPT-1.3B in log scale eval-
uated on the FB15k237 dataset with |Q|=2, 161 and
|E| =254.
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Figure 16: Scatter plot of tail entity ranks predicted by
LAMA and DEER using OPT-1.3B in log scale eval-
uated on the YAGO3-10 dataset with |Q| = 98 and
|E| =90.
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Figure 17: Scatter plot of tail entity ranks predicted
by LAMA and DEER using LLAMA3-8B in log scale
evaluated on the WN18RR dataset with |Q|=596 and
|E| =4, 948.
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Figure 18: Comparisons between BEAR Rank and DEER Rank on the BEAR Dataset. The comparison was made
on a linear scale to account for the lower number of tail entity candidates, with a maximum of 60 candidates.
OPT-6.7B was used for all comparisons.
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