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Abstract

We study how large language models recall
relational knowledge during text generation,
with a focus on identifying latent representa-
tions suitable for relation classification via lin-
ear probes. Prior work shows how attention
heads and MLPs interact to resolve subject,
predicate, and object, but it remains unclear
which representations support faithful linear
relation classification and why some relation
types are easier to capture linearly than others.
We systematically evaluate different latent rep-
resentations derived from attention head and
MLP contributions, showing that per-head at-
tention contributions to the residual stream are
comparatively strong features for linear rela-
tion classification. Feature attribution analyses
of the trained probes, as well as characteristics
of the different relation types, reveal clear cor-
relations between probe accuracy and relation
specificity, entity connectedness, and how dis-
tributed the signal on which the probe relies is
across attention heads. Finally, we show how
token-level feature attribution of probe predic-
tions can be used to reveal probe behavior in
further detail. Code is available online'.

1 Introduction

Understanding the exact mechanisms by which
large language models (LLMs) store and recall re-
lational knowledge is a key area of interpretability
research. Analyzing information flow while gener-
ating an appropriate object given a specific subject
and predicate has resulted in substantial insight into
knowledge representation in LLMs (e.g., (Meng
et al., 2022; Geva et al., 2023; Hernandez et al.,
2024)).

State-of-the-art research suggests that when gen-
erating an appropriate object for a statement based
on a specific subject and predicate: (1) LLMs accu-
mulate information about the subject entity in the
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Example: (Kjellszter Bridge, crosses, Renaelva)

The Kjollszter Bridge ( Norwegian " Kjellsazterbrua ") is a 158-
metre — long ( 518 ft) wooden bridge that crosses the river..
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Figure 1: Illustration of attention head contribution prob-
ing and token-level feature attribution showing the most
influential tokens affecting the probe’s prediction.

representations of the middle to late layers at the
last token position of the subject span (Meng et al.,
2022; Geva et al., 2023; Popovic and Firber, 2024;
Sakata et al., 2025). (2) Information about the
specific predicate or relation in question is accu-
mulated via attention heads into the earlier layers at
the token position just prior to the generation of the
object (Geva et al., 2023; Li et al., 2024; Lv et al.,
2024; Yu et al., 2025). (3) The appropriate object
entity is retrieved via attention from MLP sublayers
at multiple previous token positions (Meng et al.,
2022; Gevaet al., 2023; Li et al., 2024; Yu and Ana-
niadou, 2024) by a process which can sometimes
be well-approximated linearly (Hernandez et al.,
2024) and can be traced back to relation-specific
neurons (Liu et al., 2025). Recent work refines
this picture, showing that retrieval is distributed
across multiple, additively combining mechanisms
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spanning subject, relation, and last-token positions
(Chughtai et al., 2024; Yu et al., 2025). Further re-
search has shown that, for entities, representations
are observable via probes with sufficient reliability
to enable named entity recognition during gener-
ation (Popovic and Fiarber, 2024; Morand et al.,
2025) and that representations are precise enough
for entity disambiguation (Sakata et al., 2025).

The aim of this work is to investigate which
internal representations support reliable relation
classification during generation, and what deter-
mines when such probing is faithful. Unlike en-
tity representations, which are well localized and
readily probeable, relation-type features that can be
attributed back to individual source tokens have not
yet been isolated. We address this gap by systemat-
ically comparing candidate representations derived
from attention and MLP sublayers, and by analyz-
ing both the trained probes and the relation types
themselves to identify factors that predict probe
performance. Our overarching research questions
are: (i) What are suitable latent representations to
probe in an LLM for relation classification? and
(ii) What properties of a relation and of the trained
probe predict when such probing will succeed? To
this end, we make the following contributions: (1)
We show that probing per-head attention contri-
bution features is a strong and interpretable basis
among latent LLM representations for few-shot re-
lation classification across four instruction-tuned
LLMs. (2) We introduce HeadScore and Token-
Score, two probe-side attribution methods that de-
compose each prediction of a trained linear probe
over attention heads and over source tokens. (3) Us-
ing these, together with dataset- and relation-level
statistics, we identify correlates of linear probe per-
formance. At the relation level, probe precision
is predicted by predicate output range, mean en-
tity connectedness, and example-level lexical sim-
ilarity. At the probe level, it is predicted by how
concentrated the probe-side signal is across atten-
tion heads. The latter is a property of the trained
probe rather than of the underlying model, and may
serve as a data-free diagnostic of probe behavior
in relation classification. (4) We use TokenScore
to examine whether probe decisions are driven by
lexical cues, and find that only a small fraction of
errors are consistent with lexical shortcutting, sug-
gesting that linear relation probing is not primarily
lexically driven. We validate these findings across
four instruction-tuned LLMs from two model fam-

ilies (LLaMA3 (Dubey et al., 2024) and Qwen3
(Yang et al., 2025)) ranging from 1 billion to 8
billion parameters.

2 Related Work

2.1 Mechanisms of Knowledge Recall in
Large Language Models

A growing body of work studies how factual and re-
lational knowledge is stored and retrieved in LLMs,
and how this process can be localized to specific
components that participate in structured recall. A
canonical picture has emerged in which subject in-
formation is accumulated at the final token of the
subject span (Meng et al., 2022; Geva et al., 2023),
relation information is propagated to later positions
via attention (Geva et al., 2023; Lv et al., 2024), and
object information is retrieved via attention from
MLP sublayers (Meng et al., 2022; Li et al., 2024;
Yu and Ananiadou, 2024; Liu et al., 2025). Recent
work refines this picture, showing that factual recall
is driven by several additively combining mecha-
nisms (Chughtai et al., 2024; Yu et al., 2025), that
relation information can be isolated from subject in-
formation at the final token and transplanted across
prompts (Wang et al., 2024), and that a small set of
attention heads transports the task representation to
the recall position (Todd et al., 2024; Hendel et al.,
2023). For some relation types this process is well
approximated by linear transformations, allowing
relational information to be decoded from interme-
diate activations (Hernandez et al., 2024). However,
prior work does not identify what distinguishes re-
lations for which such linear approximations are
faithful from those for which they fail. We show
that relation specificity, approximated by predicate
output range, predicts both probe performance and
the concentration of relation-specific features in
individual attention heads.

Recent work further shows that relation-specific
information can be isolated at the level of indi-
vidual neurons, largely in MLP layers (Liu et al.,
2025). Other analyses highlight the role of at-
tention heads in routing information during recall
(Gevaet al., 2023; Lv et al., 2024; Chughtai et al.,
2024), and broader surveys suggest that many at-
tention heads specialize in distinct semantic or
syntactic roles (Zheng et al., 2025). Wang et al.
(2025) extend this to multi-token reasoning, iden-
tifying successive recall stages across heads and
MLPs. However, these results do not directly ad-
dress whether and how relation-specific signals can
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be linked back to individual source tokens during
generation using a trained probe. We focus on per-
head, per-token attention contributions as probe
features. This makes it possible to relate predic-
tions back to the specific tokens that support them.

2.2 Information Extraction from Internal
Representations

Recent work has also explored using internal rep-
resentations of LLMs for information extraction
during generation. For named entity recognition,
Popovic and Férber (2024) show that named en-
tities can be extracted during generation using
lightweight probes on intermediate states, enabling
streaming NER without modifying model param-
eters. Follow-up work by Morand et al. (2025)
improves efficiency and robustness. Relation classi-
fication from internal representations remains more
challenging: Existing analyses of relational recall
(Liu et al., 2025; Chughtai et al., 2024) do not
provide a probing mechanism that traces relation
predictions jointly to attention heads and source
tokens during generation. Our work moves in this
direction by combining head-level and token-level
attribution on top of a trained linear probe.

2.3 Attribution for Trained Probes

In this work we introduce HeadScore and Token-
Score, which are closely related to prior work on
linear attribution and probing (e.g., (Alain and Ben-
gio, 2017)). The resulting decomposition is also
conceptually similar to gradient-based attribution
methods (Sundararajan et al., 2017) and shares sim-
ilarities with methods that express predictions as
additive contributions from input tokens (Murdoch
et al., 2018), as well as approaches that analyze
contrastive directions in representation space (Kim
et al., 2018). Methodologically, the closest prece-
dent is Chughtai et al. (2024), who extend direct
logit attribution to split an attention head’s output
over individual source tokens in order to study the
model’s own factual-recall behavior. TokenScore
applies a related idea to a task-specific trained
probe, so that attributions explain the probe’s deci-
sion rather than the model’s next-token prediction.

3 Tracing Relational Knowledge Recall

This section defines the internal features we probe
in our experiments. While prior work identifies
attention and MLP sublayers as carriers of relation-
specific information, it remains unclear how these

signals decompose over source tokens. We there-
fore focus on attention heads, which aggregate to-
ken information, and define contribution-based fea-
tures. Appendix B includes a diagram (Figure 7)
indicating the two locations at which we probe
representations. Finally, in 3.3, we describe our
method for identifying the most relevant tokens in
the recall of specific relational knowledge.

3.1 Attention Features

Notation. Let V},(j) denote the value vector pro-
duced by attention head h at source position j (ob-
tained by applying the head’s value projection to
the hidden state at j), and let Attny (¢, j) denote
the softmax attention weight assigned by head h
from target position ¢ to source position j. Let
Wo,n be the slice of the output projection matrix
associated with head h.

Throughout, e; and ez denote the first-
mentioned and second-mentioned entity spans in
the prompt text. This means that either can be sub-
ject or object, depending on the order in which they
are mentioned. A denotes a contribution to the
attention residual stream at a fixed target position
t, which we take to be the relation knowledge re-
call position (i.e. the position right before the first
token of the second entity es is generated).

1. Per-head attention contribution (A ).
The contribution of attention head h to the residual
stream at position ¢ is given by

Auin(t) = Wou [ D Attns(t, 5) Va(j)
J

This corresponds to the contribution of head h to
the attention residual stream at position ¢ after ag-
gregating information from all source positions (i.e.
previous tokens).

2. Per-head contribution attributable to a spe-
cific source token (A ., n). We can further
decompose the head contribution into terms at-
tributable to individual source positions. For an
arbitrary source token j, the contribution of posi-
tion j via head h to the residual stream at ¢ is

Aain(t,5) = Wo n(Attny (¢, 7) Vi(J)) -

In our experiments, we are primarily interested
in contributions originating from the last token of
the first-mentioned entity e; (typically the subject
entity). We therefore define the shorthand

A .
Aatt,el,h = Aatt,h(t7.761)7
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where j., denotes the final token of the span corre-
sponding to entity e .

3. Total contribution from a source token across
heads (Aagt,e,). Summing the per-head contribu-
tions yields the total contribution of an arbitrary
source token j to the attention residual stream at
position ¢:

attt]

Z Aatt h t ]
As before, we define the shorthand

E Aatt e1,h

Aatt,el = att t ]el

3.2 MLP Features

MLP features are obtained by propagating
attention-side contributions defined in Section 3.1
into the MLP. Increased sparsity, as well as the in-
troduction of a non-linearity in the MLP make these
features potentially interesting. In order to cor-
rectly account for normalization and non-linearities
during the forward propagation, RMSNorm coeffi-
cients and gate values are frozen during the regular
forward pass and applied to the individual contribu-
tions (see Figure 7 in Appendix B for clarification).
In direct analogy to the attention features defined
in Section 3.1, we define head-specific and entity-
specific variants by propagating the correspond-
ing attention contributions. Specifically, propa-
gating Ay 5, (t) yields Ay p,p,, while propagating
Aaer,h = Aatt,h(ta Jey) yields AMLP,e;,h- Sum-
ming over heads gives Amipe, = Y5 AMLP,e; -

3.3 Linear Probing & Feature Attribution

We use linear probes so that probe decisions can be
decomposed directly over the traced features, en-
abling both head-level and token-level attribution.
Next, we define a probe-side attribution view at two
resolutions. HeadScore is a head-level attribution
method that measures how much net signal each
attention head contributes to the probe’s predicted
relation. TokenScore refines the same probe-side
signal to the level of source tokens.

Setup. We assume a linear probe trained on a
subset of per-head attention contributions Ay p(t),
as defined in Section 3.1. Each probe input feature
is a single scalar

ITm = [Aatt,hm(t)]d s

m

indexed by m +— (€, hin, dpy ), where £,,, denotes
the layer, h,,, the attention head, and d,,, the model
dimension.

Given an input feature vector 2 € RM, the probe
produces class logits

M
logit, = b. + Z Wem Tm,

m=1
with weights W € R€*M and bias b € R”.

Contrast direction. For a given example, let ¢
denote the predicted class. We define a contrast di-
rection by comparing ¢ against a softmax-weighted
mixture of all remaining classes:

AW = W, = ) w W,
c#£é

exp(logit,/T)
Zc’#é eXp(lOgitC/ /T) '

This yields a vector AW € RM that captures how
each probe feature contributes to separating the
predicted class from all competing classes. We use
7 = 1 throughout.

c =

Head attribution. The direct signed contribution
of probe feature m to this prediction contrast is
AW, Aggregating these feature-level contri-
butions by attention head yields the HeadScore

HeadScorey j, = Z AW, T,

m: L, :£7 hm=h

Token attribution. HeadScore resolves attribu-
tion only to heads. To localize the same probe-side
signal to source tokens, we use the token decompo-
sition of each head contribution (Section 3):

atth ZAatth t ]

Accordingly,
Tm — [Aau’hm (t)] dm — Z [Aatt,hm (t7 j):| dm

J

For a source token j, the TokenScore at layer ¢

is defined as
- Y aw,

m: by =~

TokenScorey(j Aatt o, (t,j )] d

We optionally aggregate across layers,

Z TokenScorey (),
L

TokenScore(j

or visualize TokenScores on a per-layer basis.
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Interpretation. Positive HeadScores or Token-
Scores indicate evidence in favor of the predicted
relation under the linear probe, while negative val-
ues indicate opposing evidence. It is important to
note that these attributions explain the probe’s de-
cision, not the internal computation performed by
the underlying LLM.

4 Experiments

4.1 Simple Few-Shot Relation Classification

As introduced in Sections 3.1 and 3.2, different in-
ternal representations and contributions, traceable
to individual attention heads, can be accessed along
the knowledge recall circuit. In this set of experi-
ments we explore which of these are best suited for
classification between different relation types. As
baselines we also include the full state at the two
probing locations, Attention and MLP (without iso-
lated contributions for individual attention heads or
tokens).

Experiment Setup We examine an n-way k-shot
few-shot relation classification setting to determine
whether representations are sufficiently specific to
distinguish between different relation types. Fol-
lowing Liu et al. (2025) (see Appendix A), we use
the support set of each episode to calculate exper-
tise scores (Cuadros et al., 2022) and select only the
top m = 3000 features per relation type as a feature
vector. We then train a linear probe for 200 epochs
using cross entropy loss and Adam (Kingma and
Ba, 2015) on the support set and evaluate against a
query set.

Example prompt for (Jackie Shroff; child; Tiger Shroff)

System: You are a helpful assistant.
User: Fill in the blanks in the following text:

She is the wife of Bollywood actor, [_] and mother of [_] and
Krishna Shroff.

Provide only the completed text as your answer.

Assistant:She is the wife of Bollywood actor, and
mother of [PROBE] Tiger Shroff

Figure 2: Fill-in-the-blanks prompt used for evaluation.
In red, we show the token position at which we probe for
representations. The subject entity is marked in orange,
while the object entity is shown in blue. It is not visible
to the model during probing.

Prompt Format Prior work studies relational
knowledge recall using fixed phrase templates and
often a question-answering setting to ensure that

LLaMA-3.1/3.2 | Qwen-3

1B-Inst. 3B-Inst. 8B-Inst. 4B-Inst.

MLP 85.79% 86.40% 85.90% 80.37%
Awmip,n 89.96% 90.90% 89.99% 88.43%
AMLP,e; 66.66% 66.02% 65.85% 68.49%
Awmip,e,,n | 72.56% 72.33% 71.59% 73.98%
Attention 83.65% 86.61% 86.79% 75.06%
JAV RS 90.26% 91.06% 91.09% 89.66%
Aa,eq 59.64% 60.16% 59.85% 59.58%
Aat,eq,h 64.96% 65.21% 64.59% 65.29%

Table 1: Few-shot relation classification accuracy on
FewRel validation split for n = 5, k = 5 with constraint
e; = sand es = o.

the LLM recalls the desired type of knowledge.
Instead, we do not use fixed templates, so it is
possible that key information relevant to the pred-
icate occurs after the object entity is mentioned.
As a result of autoregressivity, the LLLM then has
incomplete information about the predicate when
generating the object. In order to avoid this, we
adopt a fill-in-the-blanks prompt, shown in Figure
2. By first providing the final text with masked sub-
ject and object spans, all necessary context outside
of the object entity itself is available, even in the
autoregressive setting.

Evaluation We use the validation split of FewRel
(Han et al., 2018) for our experiments. It contains
700 examples each for 16 different relation types
and annotated subject and object locations. Since
it is generally considered an easy dataset for few-
shot relation classification (usually evaluated in
n € {1,5},k € {1,5}), we expect strong perfor-
mance in this regime; substantially lower accura-
cies would suggest that our features are not suitable
for relation classification. We filter both the sup-
port and query data to only include examples where
e is the subject and ey is the object. All reported
results are accuracies across 5 different random
seeds evaluated on 500 episodes each. We per-
form these experiments on 4 different instruction-
tuned LLMs from 2 different model fami-
lies, namely LLaMA-3.215/3B-Instruct> LLaMA-
3.18B-Instruct (Dubey et al., 2024), Qwen34p nstruct
(Yang et al., 2025).

Results Table 1 contains the results for the 5-
way-5-shot setting. Further results for more con-
figurations are included in Appendix E. Over-
all, accuracies are high, reaching up to 91.09%.
While this range of scores has been achieved on

2Additional examples highlighting such cases are given in
Figure 8 in Appendix F
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FewRel (Baldini Soares et al., 2019), this shows
that the identified features are suitable. Our re-
sults show clearly that both Ay 5, and Apyp,p, are
the strongest representations for relation classifica-
tion, resulting in higher accuracies than the non-
attributable baselines Attention and MLP. On the
other hand, training probes on Amipe;, AMLP e, ks
Aatt,er» Datt,eq,h» Tesults in substantially poorer per-
formance. In Appendix D we include results for
different amounts of RelSpec features.

Findings Accuracies exceeding 90% can be
achieved by probing individual attention head con-
tributions. This demonstrates that classification is
possible, but is below existing methods’ accuracies
which can exceed 97% even in the non-simplified
version of this task (Baldini Soares et al., 2019). In
Appendix E, we provide further results for differ-
ent n-way-k-shot settings. Among the examined
representations, A, j, scores highest for relation
classification. This enables us to trace predictions
back to specific attention heads, and by extension
to individual tokens, opening the possibility for de-
tailed error analysis. Propagating contributions to
MLP layers did not result in any improved represen-
tational abilities. Observing source token contribu-
tions (Aait,e; » Aatt,eq,1) 18 NOt beneficial to relation
classification. As a result of these findings, all
following experiments focus on A ,.

4.2 What Affects Classification Accuracy?

After establishing A,y 5, as the most suitable fea-
ture, we increase the task difficulty and perform
feature attribution analyses to examine whether
we can establish factors influencing probe perfor-
mance.

Experiment Setup We modify the experiment
setup by no longer filtering the dataset based on
entity order. Due to the LLM’s autoregressivity,
this results in a need for further considerations: If
the subject and object of a statement are reversed,
knowledge recall would now occur for the subject
instead of the object, resulting in the inverse re-
lation type applying. We fix this by modifying
the prompt as shown in Figure 4 for such cases.
Further, we increase n to 16, resulting in a 16-way-
5-shot task. We report precision, recall, F1 scores.

Results In Table 2, we show global scores per
LLM, while in Appendix C, we provide the full per
class breakdowns. The increased task difficulty is
reflected clearly in lower F1 scores, ranging from

Model Precision (%) Recall (%) F1 (%)
LLaMA-3.215 68.02 68.17 68.03
LLaMA-3.23p 70.56 69.75 70.01
LLaMA-3.1gg 72.45 72.08 72.13
Qwen3yp 66.84 68.10 66.81

Table 2: Macro-averaged precision, recall, and F1-score
(percentages) across all properties for each model in the
16-way-5-shot setting.

66.81% to 72.13%. Looking at the full classifica-
tion report, we further find that per class F1 scores
vary widely across relation types (but are similar
between models). For example, for LLaMA-3.1gg,
for "P361 - part of" classification F1 is 39.76%,
while it is 99.24% for "P59 - constellation". Below,
we present clear correlations which we observe that
could be used to predict probe performance for new
relation types.

Correlation Analysis Figure 3 shows four corre-
lations. First, probe precision is lower for relation
types with higher Wikidata output range, where
output range is the number of distinct objects occur-
ring for a property in Wikidata. Second, for each re-
lation type, we sample 1000 distinct subject—object
pairs connected by that property and count how
many direct truthy Wikidata properties connect the
two entities. Higher mean connection count is as-
sociated with lower probe precision. Third, as a
sanity check for a possible lexical confound, we
measure the median pairwise cosine similarity be-
tween TF-IDF representations of the raw FewRel
examples for each relation type. Relations whose
examples are more lexically similar tend to yield
higher probe precision. These first three correla-
tions concern properties of the relation and its tex-
tual realizations, and thus characterize the difficulty
of the input side. We then turn to the trained probe
itself: ranking attention heads by [HeadScorey j|,
we report the minimum number of heads whose
cumulative absolute contribution reaches 95% of
¢ n|HeadScorey 5|. Relation types for which this
mass is concentrated in fewer heads show higher
probe precision than those for which the signal is
spread across more heads.

Discussion Taken together, these observations
suggest several plausible explanations, which our
current analysis cannot disentangle. Higher out-
put range may reflect more generic relations whose
mentions are harder for the LLM itself to iden-
tify reliably in context, thus harming probe per-
formance. Likewise, higher entity connectedness
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total headscores.

Example prompt for (Liberty Belle; child; Jesse Quick)

System: You are a helpful assistant.
User: Fill in the blanks in the following text:

Lance later appears in The Titans as a friend of [_]'s mother,
the aged heroine

Provide only the completed text as your answer.

Assistant: Lance later appears in The Titans as a friend of [PROBE]
Jesse Quick

Figure 4: Example of a prompt with inverted subject-
object order and our modified prompt for this situation.
Since the object entity (Jesse Quick) now appears before
the subject entity, the model would retrieve the subject
instead of the object if we were to use two blanks as in
the prompt used so far. By using only a single blank
for the object, the model again recalls the object while
having the full text as context.

may indicate that several relational associations
between the same subject-object pair coexist in
the LLM’s internal representation at the recall po-
sition. If multiple such relations are encoded in
overlapping directions in the residual stream, the
linear separability on which the probe depends is
degraded, even if the model itself can still select
the correct object downstream. This connects to
the notion of feature superposition (Elhage et al.,
2022). The TF-IDF correlation further raises the
possibility that part of the observed effect is driven
by recurring lexical cues in the examples, which
may be exploited by the probe and/or the LLM; we
investigate this possibility directly in Section 4.3.
Our evidence is otherwise correlational, so distin-
guishing among the remaining explanations will
require controlled interventions and more tightly
designed experiments. Lastly, the probe-side con-
centration result does not describe the data, but
the behavior of the trained probes. This suggests
that HeadScore concentration may be useful as a

data-free diagnostic of probe behavior, in settings
where labeled evaluation data are limited and in
related probing tasks beyond relation classification.
It may also provide a useful signal for grouping
relations in more exploratory settings. We leave
these possibilities to future work.

4.3 Inspecting Token-Level Attribution

Next, we turn to token-level feature attribution,
which reveals from which tokens decisive signals
informing a probe’s prediction originate. In Figure
5 we show an example of TokenScore and two base-
lines, gradient-based feature attribution (Geva et al.,
2023) and the average attention weights assigned to
each token. In Figure 6, we additionally show ex-
amples of these scores on a per layer basis, together
with the highest scoring token in each layer. Dur-
ing manual inspection, we observe that TokenScore,
more so than the two baselines, is often highest for
relation-relevant tokens when the probe’s predic-
tion is correct (for example, "crosses" in the fig-
ures). However, we also see elevated TokenScores
in tokens that are likely to co-occur with a given
relation but not directly describe it (for example,
"bridge" in the shown figures), which would indi-
cate a stronger reliance on lexical cues rather than
semantics. Combined with the observed correla-
tions between average probe precision and TF-IDF
similarity, we therefore set out to investigate how
much trained probes are influenced by lexical cues.

Experiment Setup We run the same 16-way-5-
shot setting as in the previous section. For each
episode, we construct TF-IDF statistics from the
support prompts only. This yields, for each relation
type in the episode, a token-level score indicating
how characteristic a token is of that relation relative
to the other relations in the same episode. For
each query, we then compare TokenScore to these
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©  (Kolsater Bridge,crosses, Renaalva) | prod:crosses

Tokenscore (relation type)

<|begin_of text|><|start_header_id|>systen<|end_header_id|>

You are a helpful assistant.<|eot_id|>
<|start_header_id |>user<|end_header_id|>

Fill in the blanks in the following text:

The [_] ( Norwegian * Kjellszterbrua ") is a 158-metre - long ( 518
ft) wooden bridge that crosses the river/[_] in Amot, Hedmark in
Norway .

Provide only the completed text as your answer.<|eot_id|>
<|start_header_id|>assistant<|end_header_id|>

The Kjellszter Bridge ( Norwegian " Kjollsaterbrua ") is a 158-
metre - long ( 518 ft) wooden bridge that[EEOSSES thelfaves
Renaelva

GxA — Geva et al. (2023) (object prediction)

<|begin_of_text|><|start_header_id|>system<|end_header_id|>

You are a helpful assistant.<|eot_id|>
<|start_header_id|>user<|end_header_id|>

Fill in the blanks in the following text:

The [_]1 ( Norwegian " Kjellsazterbrua ") is a 158-metre - long ( 518
ft) wooden bridge that crosses the riverQ{[Z]1 in Amot,[Hedmark in
Norway .

Provide only the completed text as your answer.<|eot_id|>
<|start_header_id|>assistant<|end_header_id|>

The Kjellszter Bridge ( Norwegian " Kjollszterbrua ") is a 158-
metre - long ( 518  ft) wooden bridge that crosses the[EiER
Renaelva

Avg. Attention (baseline)
B BEGERNSFIEERES < | start_header_id|>system<|end_header_id|>

You are a helpful assistant.<|eot_id|>
<|start_header_id|>user<|end_header_id|>

Fill in the blanks in the following text:

The [_] ( Norwegian * Kjellszterbrua ") is a 158-metre - long ( 518
ft) wooden bridge that crosses the river [_] in Amot, Hedmark in
Norway.

Provide only the completed text as your answer.<|eot_id|>
<|start_header_id|>assistant<|end_header_id|>

The Kjellsater Bridge ( Norwegian " Kjollszterbrua ") is a 158-
metre - long ( 518  ft) wooden bridge that!crosses!thelEiER
Renaelva

Figure 5: Example of a correct probe prediction for the relation type "crosses" in a 16-way-5-shot setting using
LLaMA-3.11B Instruct- Shown are token-level (coloring normalized per query) TokenScore, GXA (gradient x
activation, following Geva et al. (2023), Appendix B), and avg. attention weights. We observe that TokenScores are

high for tokens relevant to the relation type "crosses", such as "crosses the river" or "Bridge".

{Keadby Bridge, crosses, River Trent) | pred: crosses

TokenScore (relation type)

Which takens denti the crosse:

Layer 01: The King George V Swing Bridge (lso known as Keadby Bridge) crosses the River Trent
Layer 02: The King George V Swing Bridge (also known as Keadlby Bridge) crosses the River Trent
Layer 03: The King George V Swing Bridge ( also known as Keadby Bridge){@i885€8 the River Trent
Layer 04: The King George V SwinglBHGE8 ( also known as Keadby Bridge) crosses the River Trent
Layer 05: The King George V Swing/BREgE ( also known as Keadby/Bii8ge) 08868 the River Trent
Layer 06: The King George V Swing Bridge (also known as Keadby Bridge) Ef0556S the River Trent
Layer 07: The King George V SwingBridge ( also known as Keadby Bridge) crosses the River Trent
Layer 08: The King George V Swing Bridge (also known as Keadby Bridge) crosses the River Trent
Layer 09: The King George V SwingBridg (also known as Keadby Bridge) crosses the River Trent
Layer 10: The King George V Swing Bridge (also known as Keadby Bridge) rosses the River Trent
Layer 11: The King George V Swing Bridge {also known as Keadby Bridge) crosses the River Trent
Layer 12: The King George V Swing Bridge (also known as Keadby Bridge) crossesthe River Trent
Layer 13: The King George V Swing Bridge (also known as Keadlby Bridge) Grosses the River Trent
Layer 14: The King George V Swing Bridge (also known as Keadlby Bridge) crosses the River Trent
Layer 15: The King George V Swing Bridge (also known as Keadby Bridge) crosses the River Trent
Layer 16: The King George V Swing Bridge {also known as Keadby Bridge) crosses e River Trent

GxA — Geva et al. 2023 (object prediction)
Which tokens precict River

Layer 01: The King George V Swing Bridge (also known as Keadby Bridge) crosses the River Trent
Layer 02: The King George V Swing Bridge { also known as Keadby Bridge) crosses the River Trent
Layer 03: The King George V Swing Bridge { also known as Keadby Bridge) crosses the River Trent
Layer 04: The King George V Swing Bridge { also known as Keadby Bridge) crosses the River Trent
Layer 05: The King George V Swing Bridge { also known as Keadby Bridge) crosses the River Trent
Layer 06: The King George V Swing Bridge { also known as Keadby Bridge) crosses the River Trent
Layer 07: The King George V Swing Bridge  also known as Keadby Bridge) crosses the River Trent
Layer 08: The King George V Swing Bridge { also known as Keadby Bridge) crossesthe River Trent
Layer 09: The King George V Swing Bridge { also known as Keadby Bridge) crosses e River Trent
Layer 10: The King George V Swing Bridge { also known as Keadby Bridge) crossesfiié River Trent
Layer 11: The King George V Swing Bridge ( also known as Keadby Bridge) crossesfiié River Trent
Layer 12: The King George V Swing Bridge ( also known as Keadby Bridge) crosses#i§ River Trent
Layer 13: The King George V Swing Bridge { also known as Keadby Bridge) crosses i River Trent
Layer 14: The King George V Swing Bridge { also known as Keadby Bridge) crossese River Trent
Layer 15: The King George V Swing Bridge ( also known as Keadby Bridge) crosses{ii@ River Trent
Layer 16: The King George V Swing Bridge { also known as Keadby Bridge) crossesfiié River Trent

Avg. Attention (baseline)

Layer 01: The King George V Swing Bridge [ also known as Keadby Bridge] crosses the River Trent
Layer 02: The King George V Swing Bridge [ also known as Keadby Bridge] crosses the River Trent
Layer 03: The King George V Swing Bridge [ also known as Keadby Bridge] crosses the River Trent
Layer 04: The King George V Swing Bridge [ also known as Keadby Bridge] crosses the River Trent
Layer 05: The King George V Swing Bridge [ also known s Keadby Bridge] crosses the River Trent
Layer 06: The King George V Swing Bridge [ also known as Keadby Bridge] crosses the River Trent
Layer 07: The King George V Swing Bridge [ also known as keadby Bridge] crosses the River Trent
Layer 08: The King George V Swing Bridge ( also known as Keadby Bridge] crosses the River Trent
Layer 03: The King George V Swing Bridge [ also known as Keadby Bridge] crosses the River Trent
Layer 10: The King George V Swing Bridge [ also known as Keadby Bridge] crosses the River Trent
Layer 11: The King George V Swing Bridge [ also known as Keadby Bridge] crosses the River Trent
Layer 12: The King George V Swing Bridge [ also known as Keadby Bridge] crosses the River Trent
Layer 13: The King George V Swing Bridge ( also known as Keadby Bridge] crosses the River Trent
Layer 14: The King George V Swing Bridge [ also known as Keadby Bridge] crosses the River Trent
Layer 15: The King George V Swing Bridge [ also known as Keadby Bridge] crosses the River Trent
Layer 16: The King George V Swing Bridge  also known as Keadby Bridge] crosses the River Trent

Top-scored token per layer

225 | crosses the[next token]

crosses the[next token]

<Ibegin_of_text|><|start_header_id|> 0317

crosses the[next token]

) crosses the 0261

<[begin_of_text|><|start_eader_id|> 0382

179 | crosses thelnext token]

) crosses the

& | <Ibegin_of_text|><|start_header_id|> 0383

15 | <Ibegin_of_text|><|start_header_id|> 0080 | crosses thelnext token]

Layer TokenScore — top token 61~ top token Attn — top token
1] ) crosses the 126 | holne to 4 | <Ibegin_of_text|><|start_header_id|> 0266
2| crosses the holme to <Ibegin_of_text|><|start_header_id|> 0.408
3| ) crosses the crosses thenext token] <Ibegin_of_text|><|start_header_id|> 0417
4 | suing Bridge ( crosses thelnext token] <Ibegin_of_text|><|start_header_id|> 0359
5 | by Bridge) 0433 | the ] 7 | <Ibegin_of_text|><|start_header_id|> 0300
6 | ) crosses the 033 | crosses thelnext token | <Ibegin_of_text|><|start_header_id|> 0259
7 | swing Bridge ( 0300 | crosses the next token] <Ibegin_of_text|><|start_header_id|> 0187
o | swing Bridge ( crosses thenext _token] 202 | <Ibegin_of_text|><|start_header_id|> 0155
o | swing Bridge ( crosses thelnext token] <Ibegin_of_text|><|start_header_id|> 0135
10| ) crosses the crosses thelnext token] | <Ibegin_of_text|><[start_header_id|> 0166
11 | crosses thelnext token] 0215 | crosses thelnext token] | <Ibegin_of_text|><[start_header_id|> 0288

2 | <Ibegin_of_text|><|start_header_id|> 03855

6 | crosses thelnext token] 0236 | crosses thelnext token]

<[begin_of_text|><|start_header_id|> 0325

Figure 6: Example of a correct probe prediction for the relation type "crosses" in a 16-way-5-shot setting using
LLaMA-3.1{B_Instruct- Shown are layerwise (coloring normalized per layer) TokenScore, GXA (Geva et al., 2023),
and avg. attention weights. Further, we show the top scoring token per layer (and the surrounding context) for each
method. We observe that top TokenScores are typically assigned to tokens relevant to the relation type "crosses",

such as "crosses" or "bridge".

token-level lexical scores for the probe’s predicted
relation.

Evaluation We report three quantities. First, we
measure the query-level Spearman correlation p be-
tween per-token TokenScore and the per-token lex-
ical scores induced by the predicted relation. This
captures whether tokens receiving high attribution
also tend to be the tokens that are most lexically
characteristic of that relation under the support set.
Second, we measure Mass, the fraction of positive
TokenScore mass that falls on tokens whose lexi-
cal score is positive for the predicted relation. This
captures how much of the probe’s positive evidence
is concentrated on lexically supportive tokens. Fi-
nally, we measure StrongAligny, the fraction of

incorrect predictions whose TokenScore is strongly
aligned with the predicted relation’s lexical profile.
We consider TokenScore strongly aligned when
Spearman correlation is at least 0.30 and at least
50% of positive TokenScore mass falls on tokens
with positive lexical score for the predicted rela-
tion. This is intended as a conservative indicator of
errors that are consistent with lexical shortcutting.

Results The results are shown in Table 3. Across
models, the resulting TokenScore—lexical align-
ment is low, with mean query-level Spearman corre-
lations between 0.095 and 0.115. Thus, the tokens
receiving high probe attribution are only weakly
aligned with the tokens that are most lexically char-
acteristic of the predicted relation. Mass ranges
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Model p Mass  StrongAligny (%)
LLaMA-321g 0.115 0.491 7.7
LLaMA-3.23g  0.105 0.491 5.8
LLaMA-3.1gg  0.095  0.475 53
Qwen34p 0.099  0.490 5.9

Table 3: Lexical-cue analysis. p is the mean query-level
Spearman correlation between per-token TokenScore
and the predicted relation’s episode-local lexical profile.
Mass is the mean fraction of positive TokenScore mass
that falls on tokens whose lexical score is positive for
the predicted relation. StrongAlign, is the fraction
of incorrect predictions whose TokenScore is strongly
aligned with the predicted relation’s lexical profile.

from 0.475 to 0.491, indicating that a substantial
share of positive TokenScore mass falls on lexi-
cally supportive tokens despite the low rank cor-
relation. Looking at StrongAligny, we see that
only between 5.3% and 7.7% of errors show strong
alignment between TokenScore and the lexical pro-
file, suggesting that only a minority of errors can
be readily attributed to lexical shortcutting.

Discussion Taken together, these results indicate
that lexical cues may contribute, but they do not
suggest that probe decisions are primarily driven
by such cues. The relation-level correlations with
output range and entity connectedness therefore
remain plausible potential explanations and are not
reduced to a purely lexical explanation.

5 Conclusion

We studied which internal representations in LLMs
are most suitable for relation classification using
linear probes. Across four instruction-tuned mod-
els, per-head attention contribution features Ay 5,
were consistently the strongest probe inputs, out-
performing probes on full attention and MLP states.
To analyze these probes, we introduced HeadScore
and TokenScore, two probe-side attribution meth-
ods that decompose a probe’s prediction over atten-
tion heads and source tokens.

Increasing task difficulty reveals wide variation
in probe performance across relation types, which
is correlated negatively with properties of the rela-
tion such as output range and entity connectedness
as approximated using Wikidata, as well as with
the degree of probe-side signal distribution across
attention heads. The latter is a property of the
trained probe itself and may serve as a data-free
diagnostic of probe behavior beyond the specific
relation-classification setting studied here.

We also observe correlations between probe at-

tribution and lexical cues, but token-level analyses
suggest that these cues are not the primary driver
of probe decisions. Overall, our results suggest that
the success of linear relation classification of LLM
representations is heavily relation dependent, and
that this dependence is not solely attributable to
lexical cues and may also be influenced by output
range or by superposition of multiple relational fea-
tures in the residual stream, a hypothesis we leave
for future work. Our work provides directions and
tools for further investigation in this area.

Limitations

This work focuses on relation classification rather
than full relation extraction. While we analyze rep-
resentations at a fixed recall position during gener-
ation, we do not address the problem of detecting
whether a relation is expressed at all, nor do we
consider NOTA or negative cases. Extending the
approach to open-world extraction settings remains
future work.

Our experiments are conducted on English-
language data and a limited set of relations derived
from FewRel. Although we intentionally include
both highly specific and generic relations, the re-
sults may not generalize to relations with substan-
tially different linguistic realizations or to domains
with noisier supervision. In particular, our use of
Wikidata property output range as a proxy for re-
lation specificity is coarse and may not capture all
factors that influence representational concentra-
tion.

We evaluate a small number of instruction-tuned
models from two model families. While trends are
consistent across model sizes and architectures, we
do not study very large models or models with sub-
stantially different training regimes. Finally, our
analyses rely on linear probes and linear attribu-
tions; while these are effective for identifying and
tracing relation recall under certain conditions, they
may fail to capture more distributed or non-linear
mechanisms.
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A Few-shot RelSpec Feature Selection

In the few-shot experiments, we select relation-
specific features per episode using the same
average-precision (AP) ranking idea as Liu et al.
(2025), computed only on the episode support set.

Episode setup. For each episode, we sample n
relation classes. For every class we sample k sup-
port examples and ¢ query examples.

Expertise scores (AP). Given a fixed episode
and a fixed class ¢, we treat support examples of
c as positives and the other support examples as
negatives. For every feature in the chosen relational
knowledge recall position representation, we rank
support examples by that feature’s activation value
and compute average precision (AP) for this binary
classification. This gives an AP score per feature
for class c.

Selecting RelSpec Features. For each class ¢
in the episode, we take the top m features by AP
(default m = 3000). If the same feature appears in
the top-m lists of multiple classes, we optionally
deduplicate it within the episode.

Probe training. We build feature vectors by read-
ing out the selected features for every support/query
example, train a linear classifier on the support set
(cross entropy, Adam optimizer (Kingma and Ba,
2015), 200 epochs), and evaluate on the query set.
Results are averaged over multiple episodes and
random seeds.
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B Illustration of Probing Locations

T M MLP | —
I REEEROSTEEEEE [swiors)-
I
I
I

down_proj

up_proj

gate_proj

Attention

are measured here\<

Self-Attention

RMSNorm

Figure 7: Overview of where attention and MLP contributions are measured in the LLaMA architecture. The
main information gain by measuring MLP contributions over attention contributions is that they incorporate the
non-linearity introduced by SiGLU, which is why we measure right after that. Measuring before down_proj results
in higher sparsity. In order for the individual contributions to be isolated correctly, we freeze the gate post linearity.

Propagating an isolated per-head attention contribution through the MLP requires handling RMSNorm
and the gated non-linearity of SIGLU. We adopt a first-order linearization around the full-pass sublayer
input: the RMSNorm scale factors, the gate activations o (Wgae 2¢), and the up-projection pre-activations
Wyp x4 computed during the regular forward pass at the target token ¢ are cached and reused when
propagating each per-head contribution A, p,(t). The resulting Anp s, is therefore exact in the lin-
ear components (RMSNorm scaling and W) and first-order in the gate, so summing Ay pj, over h
approximates but does not exactly reproduce the full MLP sublayer output.
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C 16-way-5-shot Classification Reports

Property Output range Avg. conn. TF-IDF sim. (x 1073) Precision (%) Recall (%) F1 (%)
P59 - constellation 88 1.000 31.8 99.66 98.20 98.93
P177 - crosses 15,572 1.085 48.4 88.19 91.13 89.64
P2094 - competition class 1,298 1.005 24.6 89.58 87.67 88.61
P364 - original language of film or TV show 783 1.001 49.8 84.52 89.20 86.80
P412 - voice type 96 1.007 28.3 83.57 82.40 82.98
P413 - position played on team / speciality 408 1.005 30.0 82.88 80.07 81.45
P206 - located in or next to body of water 23,979 1.096 0.0 74.88 81.87 78.22
P410 - military, police or special rank 1,908 1.001 28.7 68.22 76.27 72.02
P641 - sport 2,170 1.001 6.9 71.23 69.00 70.10
P155 - follows 1,706,612 1.935 0.0 63.37 65.40 64.37
P921 - main subject 524,961 1.991 0.0 63.79 56.60 59.98
P463 - member of 79,764 1.097 0.0 60.79 56.53 58.58
P25 - mother 371,609 2.000 0.0 39.99 43.13 41.50
P40 - child 1,216,423 1.998 0.0 41.14 39.80 40.46
P26 - spouse 826,642 2.030 0.0 38.01 39.93 38.95
P361 - part of 576,931 1.660 0.0 38.57 33.53 35.88
Macro avg 68.02 68.17 68.03
Accuracy 68.17

Table 4: Per-property precision, recall, Fl-score, macro averages, and accuracy (percentages) for LLaMA-
3.21B Instruct in the 16-way-5-shot order-fix setting, sorted by per-property F1. Output range is the number
of distinct Wikidata objects for a property; avg. conn. is the mean number of direct truthy properties connecting
1000 sampled distinct subject—object pairs for which that property holds; TF-IDF sim. is the median pairwise cosine
similarity between TF-IDF representations of raw FewRel examples for that relation, reported in units of 1073,

Property Output range Avg. conn. TF-IDF sim. (X 10_3) Precision (%) Recall (%) F1 (%)
P59 - constellation 88 1.000 31.8 98.35 99.07 98.70
P2094 - competition class 1,298 1.005 24.6 95.57 89.20 92.28
P177 - crosses 15,572 1.085 48.4 89.09 89.80 89.44
P364 - original language of film or TV show 783 1.001 49.8 90.58 87.13 88.82
P412 - voice type 96 1.007 28.3 90.71 85.93 88.26
P413 - position played on team / speciality 408 1.005 30.0 86.52 79.60 82.92
P206 - located in or next to body of water 23,979 1.096 0.0 74.56 79.33 76.87
P410 - military, police or special rank 1,908 1.001 28.7 72.97 80.27 76.44
P641 - sport 2,170 1.001 6.9 73.81 72.13 72.96
P155 - follows 1,706,612 1.935 0.0 60.29 68.33 64.06
P463 - member of 79,764 1.097 0.0 66.16 55.13 60.15
P921 - main subject 524,961 1.991 0.0 65.57 54.33 59.42
P40 - child 1,216,423 1.998 0.0 47.07 46.13 46.60
P25 - mother 371,609 2.000 0.0 42.70 47.80 45.11
P26 - spouse 826,642 2.030 0.0 39.15 39.47 39.31
P361 - part of 576,931 1.660 0.0 35.94 42.33 38.87
Macro avg 70.56 69.75 70.01
Accuracy 69.75

Table 5: Per-property precision, recall, Fl-score, macro averages, and accuracy (percentages) for LLaMA-
3.23B Instruct 1N the 16-way-5-shot order-fix setting, sorted by per-property F1. Output range is the number
of distinct Wikidata objects for a property; avg. conn. is the mean number of direct truthy properties connecting
1000 sampled distinct subject—object pairs for which that property holds; TF-IDF sim. is the median pairwise cosine
similarity between TF-IDF representations of raw FewRel examples for that relation, reported in units of 1073,
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Property Output range Avg. conn. TF-IDF sim. (X 1073) Precision (%) Recall (%) F1 (%)

P59 - constellation 88 1.000 31.8 98.81 99.67 99.24
P2094 - competition class 1,298 1.005 24.6 97.82 89.60 93.53
P412 - voice type 96 1.007 28.3 94.19 87.53 90.74
P364 - original language of film or TV show 783 1.001 49.8 90.01 90.67 90.34
P177 - crosses 15,572 1.085 48.4 87.93 91.33 89.60
P413 - position played on team / speciality 408 1.005 30.0 85.59 83.53 84.55
P410 - military, police or special rank 1,908 1.001 28.7 77.15 85.07 80.91
P206 - located in or next to body of water 23,979 1.096 0.0 75.54 82.13 78.70
P641 - sport 2,170 1.001 6.9 76.22 76.07 76.14
P155 - follows 1,706,612 1.935 0.0 65.88 74.27 69.82
P463 - member of 79,764 1.097 0.0 68.75 60.00 64.08
P921 - main subject 524,961 1.991 0.0 69.62 55.60 61.82
P40 - child 1,216,423 1.998 0.0 47.27 47.93 47.60
P25 - mother 371,609 2.000 0.0 43.89 49.53 46.54
P26 - spouse 826,642 2.030 0.0 40.09 41.27 40.67
P361 - part of 576,931 1.660 0.0 40.47 39.07 39.76
Macro avg 72.45 72.08 72.13
Accuracy 72.08

Table 6: Per-property precision, recall, Fl-score, macro averages, and accuracy (percentages) for LLaMA-
3.18B Instruct 1N the 16-way-5-shot order-fix setting, sorted by per-property F1. Output range is the number
of distinct Wikidata objects for a property; avg. conn. is the mean number of direct truthy properties connecting
1000 sampled distinct subject—object pairs for which that property holds; TF-IDF sim. is the median pairwise cosine
similarity between TF-IDF representations of raw FewRel examples for that relation, reported in units of 1073,

Property Output range Avg. conn. TF-IDF sim. (x 1073) Precision (%) Recall (%) F1 (%)
P59 - constellation 88 1.000 31.8 98.87 98.73 98.80
P2094 - competition class 1,298 1.005 24.6 82.97 95.13 88.63
P413 - position played on team / speciality 408 1.005 30.0 79.96 87.80 83.70
P412 - voice type 96 1.007 28.3 78.08 88.60 83.01
P364 - original language of film or TV show 783 1.001 49.8 73.98 94.20 82.87
P177 - crosses 15,572 1.085 48.4 76.77 89.00 82.43
P641 - sport 2,170 1.001 6.9 73.21 76.53 74.84
P410 - military, police or special rank 1,908 1.001 28.7 69.68 79.67 74.34
P206 - located in or next to body of water 23,979 1.096 0.0 62.08 73.47 67.30
P155 - follows 1,706,612 1.935 0.0 76.52 58.87 66.54
P463 - member of 79,764 1.097 0.0 68.59 49.07 57.21
P921 - main subject 524,961 1.991 0.0 57.36 52.20 54.66
P40 - child 1,216,423 1.998 0.0 47.56 44.27 45.86
P25 - mother 371,609 2.000 0.0 43.94 44.20 44.07
P26 - spouse 826,642 2.030 0.0 37.43 38.20 37.81
P361 - part of 576,931 1.660 0.0 42.41 19.73 26.93
Macro avg 66.84 68.10 66.81
Accuracy 68.10

Table 7: Per-property precision, recall, F1-score, macro averages, and accuracy (percentages) for Qwen34p_[nstruct
in the 16-way-5-shot order-fix setting, sorted by per-property F1. Output range is the number of distinct Wikidata
objects for a property; avg. conn. is the mean number of direct truthy properties connecting 1000 sampled distinct
subject—object pairs for which that property holds; TF-IDF sim. is the median pairwise cosine similarity between
TF-IDF representations of raw FewRel examples for that relation, reported in units of 1073,
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D Few-Shot Performance for Varying Amounts of RelSpec Features

Model ‘ 5 way 1 shot 5 way 5 shot 10 way 1 shot 10 way 5 shot
feature size 200

LLaMA-3.21Bnstruct | 36-15 £ 0.39% 86.63 +0.27% 25.99 +0.36% 82.43 + 0.23%

LLaMA-3.23p Instruct | 34.91 £0.25% 86.13 £ 0.16% 24.86 +£0.38% 83.31 +0.21%

LLaMA-3.1gg Instruct | 43-43 £0.20% 84.03 +0.33% 30.83 +0.30% 83.37 +£0.11%

feature size 1000

LLaMA-3.21BInstruct | 39-51 £0.25%  89.69 +0.20% 28.44 +0.49% 83.07 +0.21%

LLaMA-3.23p 1nstruct | 37-17 £0.22%  90.30 +0.15% 26.74 £ 0.38% 84.34 +0.17%

LLaMA-3.1gg 1nstruct | 43.61 £0.23% 89.72+0.17% 31.17+0.47% 84.87 +0.17%

feature size 3000

LLaMA-3.21BInstruct | 38-94 +0.29% 90.26 +0.19% 31.93 +£0.41% 82.82+0.23%

LLaMA-3.23p 1nstruct | 37.64 £0.20% 91.06 +0.16% 30.89 +£0.40% 83.91 +0.15%

LLaMA-3.1gg nstruct | 42.75 £0.22% 91.09 +0.17% 30.78 £0.45% 84.71 +0.13%

feature size 5000

LLaMA-3.21Bnstruct | 41.89 £0.21% 90.12 £ 0.19% 32.57 £0.45% 82.12+0.21%

LLaMA-3.23 Instruct | 40.98 +0.22% 90.92 +0.16% 31.98 +0.48% 83.04 +£0.17%

LLaMA-3.1gg nstruct | 42.57 £0.13% 91.25 +0.17% 34.36 £0.45% 84.01 +0.12%

Table 8: Accuracy of probes for A, ;, on FewRel for 500 episodes, using different amounts of RelSpec features and
15 queries per class, per episode, averaged across 5 random seeds.
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E Detailed Results for Relation Classification

See Tables 9,10,11, and 12.

Feature

1B

LLaMA-3.2
3B

&B

Qwen-3
4B

MLP
Amepn
AMLP,¢;
AMLP,e; b

70.85 + 0.32%
40.01 + 0.20%
38.93 +£ 0.20%
26.54 £ 0.33%

41.71 £ 0.20%
37.92 + 0.22%
28.88 £ 0.10%
27.24 £ 0.16%

38.35 £ 0.23%
40.14 £ 0.18%
27.43 £0.13%
26.51 +0.13%

40.15 £ 0.20%
39.74 + 0.13%
33.40 £ 0.17%
28.28 + 0.26%

Attention
Aalt,h
Aatt,e1
Az:ltt,el h

59.94 + 0.57%
38.94 4+ 0.29%
37.11+£0.36%
28.44 £ 0.38%

65.94 + 0.49%
37.64 £ 0.20%
35.76 £ 0.14%
28.56 + 0.12%

58.93 + 0.68%
42.75 + 0.22%
35.31 +0.25%
28.82 + 0.26%

58.62 + 0.27%
40.66 £+ 0.19%
36.95 + 0.30%
29.47+0.19%

Table 9: Few-shot relation
e; = sand es = o.

Feature

classification accuracy on FewRel validation split forn = 5,k = 1

1B

LLaMA-3.2
3B

&B

Qwen-3
4B

with constraint

MLP
AMLP,h
AMLP, e,
AMLP,e1

85.79 +£ 0.15%
89.96 + 0.20%
66.66 + 0.26%
72.56 + 0.29%

86.40 £ 0.17%
90.90 + 0.12%
66.02 + 0.41%
72.33 £ 0.30%

85.90 + 0.22%
89.99 + 0.15%
65.85 £ 0.16%
71.59 + 0.13%

80.37 + 0.23%
88.43+0.25%
68.49 + 0.30%
73.98 + 0.23%

Attention
Aatt,h
Aalt,el
Aatt,el h

83.65 + 0.16%
90.26 + 0.19%
59.64 + 0.36%
64.96 + 0.39%

86.61 +0.16%
91.06 + 0.16%
60.16 + 0.42%
65.21 + 0.45%

86.79 + 0.08%
91.09 £0.17%
59.85 + 0.33%
64.59 £+ 0.43%

75.06 £ 0.19%
89.66 + 0.19%
59.58 + 0.23%
65.29 + 0.39%

Table 10: Few-shot relation classification accuracy on FewRel validation split for n = 5, k = 5 with constraint

e; = sand ey = o.

Feature

1B

LLaMA-3.2
3B

8B

Qwen-3
4B

MLP
AMLP,h
AMLP ¢,
AMLP,¢1 b

60.93 £+ 0.25%
29.78 £ 0.38%
31.29 £0.11%
18.41 £ 0.25%

38.09 £+ 0.35%
28.52 + 0.32%
25.58 £ 0.27%
18.87 £ 0.21%

32.90 £ 0.30%
30.66 £ 0.41%
21.65 + 0.28%
18.39 +£ 0.16%

31.04 £ 0.43%
30.82 + 0.38%
24.66 + 0.33%
20.93 £ 0.22%

Attention
Aatt,h
Aalt,el
Aatt,e 1,h

53.83 £0.21%
31.93 £ 0.41%
27.26 £ 0.19%
19.31 £0.17%

58.39 + 0.20%
30.89 + 0.40%
26.51 £ 0.07%
19.54 £+ 0.18%

58.81 +0.25%
30.78 £ 0.45%
25.77 +0.14%
19.48 £+ 0.20%

45.94 + 0.42%
31.48 £ 0.33%
27.26 £ 0.16%
19.38 +0.18%

Table 11: Few-shot relation classification accuracy on FewRel validation split for n = 10, £ = 1 with constraint

e; = sand ey = o.

Feature

1B

LLaMA-3.2
3B

8B

| Qwen3
4B

MLP
ANVIS
AMLP,e,
AMLP e, b

76.89 + 0.30%
83.38 £ 0.19%
57.60 £ 0.17%
64.36 + 0.12%

78.35 £ 0.19%
85.13 £ 0.15%
56.70 £+ 0.13%
64.38 + 0.12%

78.40 £ 0.15%
85.84 £ 0.15%
56.72 + 0.08%
64.64 £ 0.18%

70.68 + 0.13%
84.09 + 0.18%
58.24 + 0.18%
66.65 + 0.15%

Attention
Aatt,h
Az:ltt,el
Aatt,el h

70.13 +£0.31%
82.82 £+ 0.23%
48.82 £ 0.18%
53.64 + 0.23%

74.25 £+ 0.26%
83.91 +£0.15%
49.08 £ 0.23%
54.19 + 0.24%

72.99 + 0.24%
84.71 £ 0.13%
48.92 £ 0.15%
53.88 +0.13%

63.95 + 0.30%
80.88 +0.12%
48.05 £ 0.18%
53.25 + 0.16%

Table 12: Few-shot relation classification accuracy on FewRel validation split for n = 10, & = 5 with constraint

e;1 = sand es = o.
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F Additional fill-in-the-blanks examples

gold: sport  pred: sport

Average TokenScore Baseline: Average attention weights
<|begin_of_text|><|start_header_id|>system<|end_header_id|> QIBEGIRNGFIEeXES< | start_header_id|>system<|end_header_id|>

You are a helpful assistant.<|eot_id|><|start_header_id|>user<|end_header_id|> You are a helpful assistant.<|eot_id|><|start_header_id|>user<|end_header_id|>
Fill in the blanks in the following text: Fill in the blanks in the following text:

[_1 ( born May 1, 199@) is an American professionall'[]]lg6al€ender. [_] ( born May 1, 199@) is an American professional [_]fgoaltender.

Provide only the completed text as your answer.<|eot_id|> Provide only the completed text as your answer.<|eot_id|>
<|start_header_id|>assistant<|end_header_id|> <|start_header_id|>assistant<|end_header_id|>

Connor Knapp ( born May 1, 199@) is an American professional ice hockey Connor Knapp ( born May 1, 1990) is anlAmericanlipEofessional ice hockey

gold: located in or next to body of water ~pred: located in or next to body of water

Average TokenScore Baseline: Average attention weights
<|begin_of_text|><|start_header_id|>system<|end_header_id|> QIBEGIRNGFIEeXES< | start_header_id|>system<|end_header_id|>

You are a helpful assistant.<|eot_id|><|start_header_id|>user<|end_header_id|> You are a helpful assistant.<|eot_id|><|start_header_id|>user<|end_header_id|>
Fill in the blanks in the following text: Fill in the blanks in the following text:

The Konigstuhl summit allows visitors a spectacular view of the city of [_] andl The Kénigstuhl summit allows visitors a spectacular view of the city of [_] and
the [_] river. the [_]1 river.

Provide only the completed text as your answer.<|eot_id|> Provide only the completed text as your answer.<|eot_id|>
<|start_header_id|>assistant<|end_header_id|> <|start_header_id|>assistant<|end_header_id|>

The Kénigstuhl summit allows visitors a spectacular view of thelcityllof The Kénigstuhl summit allows visitors a spectacular view of the city of
Heidelbergland the Neckar Hefdelberg andlthe Neckar

gold: military, police or special rank pred: military, police or special rank

Average TokenScore Baseline: Average attention weights
<|begin_of_text|><|start_header_id|>system<|end_header_id|> QIBEGIRNGFIEEXES< | start_header_id|>system<|end_header_id|>

You are a helpful assistant.<|eot_id|><|start_header_id|>user<|end_header_id|> You are a helpful assistant.<|eot_id|><|start_header_id|>user<|end_header_id|>
Fill in the blanks in the following text: Fill in the blanks in the following text:

[_] ( April 7, 1853 — December 23, 1921) was a [_] in the United States!Navy in [_] ( April 7, 1853 — December 23, 1921) was a [_] in the United States Navy in
the late 19th century. the late 19th century.

Provide only the completed text as your answer.<|eot_id|> Provide only the completed text as your answer.<|eot_id|>
<|start_header_id|>assistant<|end_header_id|> <|start_header_id|>assistant<|end_header_id|>

John Kennedy Barton ( April 7, 1853 — December 23, 1921) wasli@ Rear Admiral John Kennedy Barton ( April 7, 1853 — December 23, 1921)(Waslid Rear Admiral

Figure 8: Additional examples showing relevant information after tail entity mention, available due to fill-in-the-
blanks format. Shown are both the aggregated TokenScore, as well as the average attention weights for each token in
a fill-in-the-blanks prompt for a 16-way-5-shot setting using LLaMA-3.1gp5_[nstruct and 3000 RelSpec features per
class. TokenScore highlights those tokens which were most relevant to the probes’ final prediction of the relation
type, which in this case matches the gold label (competition class). Note: Negative TokenScores are hidden and for
attention weights we exclude the value for the first token from color scaling, as it is consistently larger, reducing
visibility of other token values.
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G Layerwise TokenScore and Attention Weights
Shown in Figure 9 and Figure 10.

(Upper Hack Lift, crosses, Hackensack River) = Prediction: crosses

Layer 01: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across the Hackensack River
Layer 02: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line- the Hackensack River
Layer 03: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line[@€foss the Hackensack River
Layer 04: Upper Hack Lift is a lift- carrying the New Jersey Transit Main Line across the Hackensack River
Layer 05: Upper Hack Lift is a lift- carrying the New Jersey Transit Main Lineacross the Hackensack River
Layer 06: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line- the Hackensack River
Layer 07: Upper Hack Lift is a liftbridge carrying the New Jersey Transit Main Line| he Hackensack River
Layer 08: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line- the Hackensack River
Layer 09: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 10: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line acros: Hackensack River
Layer 11: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 12: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across the Hackensack River
Layer 13: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across- Hackensack River
Layer 14: Upper- isa lift- carrying the New Jersey Transit Main Line across the Hackensack River
Layer 15: Upper Hack Lift is a lift- carrying the New Jersey Transit Main Line across the Hackensack River
Layer 16: Upper Hack Lift is a lift- carrying the New Jersey Transit Main Line across the Hackensack River
Layer 17: Upper- Lift is a lift bridge carrying the New Jersey Transit Main Line across the Hackensack River
Layer 18: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 19: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across{fhe Hackensack River
Layer 20: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 21: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across- Hackensack River
Layer 22: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 23: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line, across. Hackensack River
Layer 24: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 25: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 26: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 27: Upper{fiaek Lift is allif bridge carrying the New Jersey Transit Main Line across(the Hackensack River
Layer 28: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across- Hackensack River
Layer 29: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 30: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across the Hackensack River
Layer 31: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 32: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River

(a) TokenScore.

Layer 01: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line- Hackensack River
Layer 02: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line- the Hackensack River
Layer 03: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across the Hackensack River
Layer 04: Upper Hack Lift is a lift Bfidge carrying the New Jersey Transit Main Line[@eross the Hackensack River
Layer 05: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line| the Hackensack River
Layer 06: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line[across the Hackensack River
Layer 07: Upper Hack Lift is a liftm carrying the New Jersey Transit Main Line-@ Hackensack River
Layer 08: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line- the Hackensack River
Layer 09: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line acrossﬁ Hackensack River
Layer 10: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 11: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across the Hackensack River
Layer 12: - Hack Lift. a lift bridge carrying thelNew Jersey Transit Main Line across. Hackensack River
Layer 13: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 14: Upper- isa li&- carrying the New Jersey Transit Main Line across the Hackensack River
Layer 15: Upper- Lift is a liﬂ- carrying the New Jersey Transit Main Line across the Hackensack River
Layer 16: Upper Hack. a_ carrying the New Jersey Transit Main Line across the Hackensack River
Layer 17: Upper- Lift is a lift bridge carrying the New Jersey Transit Main Line acrossithe Hackensack River
Layer 18: Upper- Lift is a lift bridge carrying the New Jersey Transit Main Line across the Hackensack River
Layer 19: Upper- Lift is a lift bridge carrying the New Jersey Transit Main Line across the Hackensack River
Layer 20: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across- Hackensack River
Layer 21: Upper- Lift is a lift bridge carrying the New Jersey Transit Main Line across{the Hackensack River
Layer 22: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 23: Upper- Lift is a lift bridge carrying the New Jersey Transit Main Line across the Hackensack River
Layer 24: - Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 25: Upper- Lift is a lift bridge carrying the New Jersey Transit Main Line across the Hackensack River
Layer 26: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 27: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 28: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line acrossthe Hackensack River
Layer 29: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 30: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line acrossthe Hackensack River
Layer 31: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River
Layer 32: Upper Hack Lift is a lift bridge carrying the New Jersey Transit Main Line across. Hackensack River

(b) Attention weights.

Figure 9: Shown are both the aggregated TokenScore, as well as the average attention weights per layer for a
16-way-5-shot query using LLaMA-3.1gp_nstruct @and 3000 RelSpec features per class. TokenScore highlights
those tokens which were most relevant to the probes’ final prediction of the relation type, which in this case matches
the gold label (competition class). Note: Negative TokenScores are hidden and for attention weights we exclude
the value for the first token from color scaling, as it is consistently larger, reducing visibility of other token values.
Shown are not the full prompts used, but only the context immediately before knowledge recall.
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(World

Layer 01
Layer 02:
Layer 03

Layer 04:
Layer 05:
Layer 06:
Layer 07:
Layer 08:
Layer 09:
Layer 10:
Layer 11:
Layer 12:
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Layer 14:
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Layer 16:
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Layer 18:
Layer 19:
Layer 20:
Layer 21:
Layer 22:
Layer 23:
Layer 24:
Layer 25:
Layer 26:
Layer 27:
Layer 28:
Layer 29:
Layer 30:
Layer 31:

Layer 32:

(a) An example showing misalignment of subject entities according to annotation and according to attention head features: While
the annotation calls for "World Serpent" as subject entity, TokenScores suggest that "Jormungandr” is the span which the model
attends to. The text itself lists "World Serpent” as an alias for "Jormungandr”, arguably making both interpretations correct.
Interestingly, the focus does not seem to be on the last token of the subject span in this case. These inconsistencies are likely one

Serpent, mother, Angrboda)  Prediction: mother

: Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and- giantess Angrboda
: Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giantess Angrboda
: Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giantess Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the-ess Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the-ess Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giantess Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giantess Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child' Loki and the giantess Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giantess Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giantess Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giant. Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and'the giant. Angrboda
Jérmungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giantess Angrboda
Jérmungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child ol’- and the giant. Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giantess Angrboda
Jérm.andr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle|child of Loki and the giantess Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giantess Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki- the giant. Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giantess Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giant‘eE Angrboda
J6rm-andr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giant. Angrboda
J.rmungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giant. Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giant. Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giantess Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the-ess Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giant. Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giantess Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giant. Angrboda
Joérmungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giant. Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giant. Angrboda
Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giantess Angrboda
: Jormungandr, alternately referred to as the Midgard Serpent or World Serpent, is a sea serpent of the Norse mythology, the middle child of Loki and the giant. Angrboda

reason why source-token dependent features, such as Ayy,e, and Ay e,,n do not perform well for classification.

(b) An example showing misalignment of subject entities according to annotation and according to attention head features: While
the annotation calls for "Bob Bourne" as subject entity, TokenScores suggest that "Bob Bourne’s father" is the span which the

(Bob Bourne, position played on team / speciality, centre)  Prediction: sport

Layer 01: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 02: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 03: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 04: Bourne's father Bob Bourne won the Stanley- four times as a centre
Layer 05: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 06: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 07: Bourne's(father Bob Bourne won the Stanley Cup four times as a centre
Layer 08: Bourne's father Bob Bourne won the Stanley. four times as a centre
Layer 09: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 10: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 11: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 12: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 13: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 14: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 15: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 16: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 17: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 18: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 19: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 20: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 21: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 22: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 23: Bourne's father Bob Bourne won the Stanley Cup four times| as. centre
Layer 24: Bourne's father Bob Bourne won the[SEanley Cup four times asf@ centre
Layer 25: Bourne's father Bob Bourne won the Stanley Cup four times as' centre
Layer 26: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 27: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 28: Bourne's father Bob Bourne won the Stanley Cup four times as. centre
Layer 29: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 30: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 31: Bourne's father Bob Bourne won the Stanley Cup four times as a centre
Layer 32: Bourne's father Bob Bourne won the Stanley Cup four times as a centre

model attends to. Again both interpretations are technically correct. Furthermore, this example is a case of misclassification.

Figure

16-way-

immedi

10: Examples of per-layer TokenScores. All examples were created with fill-in-the-blanks prompt for a
5-shot setting using LLaMA-3.1gp _[nstruct- Note: Shown are not the full prompts used, but only the context

ately before knowledge recall.
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H Comparison of TokenScore and Gradient-based Analysis following Geva et al. (2023)

€ (Gotiseter Brdge,cosses, Renaelva) | | prec crosses

TokenScore (relation type)

&|begin_of_text|><|start_header_id|>systen< |end_header_id|>

You are a helpful assistant.<|eot_id|>
<|start_header_id|>user<|end_header_id|>

Fill in the blanks in the following text:
The [_] ( Norwegian " Kjellsaterbrua ") is a 158-metre - long ( 518
ft) wooden bridge that crosses the river([_] in Amot, Hedmark in

Norway .

Provide only the completed text as your answer.<|eot_id|>
<|start_header_id|>assistant<|end_header_id|>

The Kjollseter Bridge ( Norwegian " Kjollszterbrua ") is a 158-

metre - long ( 518 ft) wooden bridge that[EEOSSES thelFiles

Renaelva

X (PattuloBrdge rosses, Fraser River) | preck located nor next to bocy of water

TokenScore (relation type)

<|begin_of_text|><|start_header_id|>system<|end_header_id|>

You are a helpful assistant.<|eot_id|>
<|start_header_id|>user<|end_header_id|>

Fill in the blanks in the following text:

King George Boulevard begins at the south end of the [_] and runs
through the Bridgeview neighbourhood of north Surrey, on the south
bank of the[iill].

Provide only the completed text as your answer.<|eot_id|>
<|start_header_id|>assistant<|end_header_id|>

King George Boulevard begins at the south end of the Pattullof|
and runs through the Bridgeview neighbourhood of north
Surrey, on the south bank of i@ Fraser River

GXA — Geva et al. (2023) (object prediction)

Fen'?
<|begin_of_text|><|start_header_id|>system<|end_header_id|>

You are a helpful assistant.<|eot_id|>
<|start_header_id|>user<|end_header_id|>

Fill in the blanks in the following text:

The [_1 ( Norwegian " Kjellsaterbrua ") is a 158-metre — long ( 518
ft) wooden bridge that crosses the riverfilJ] in Amot,[Hedmark in
Norway .

Provide only the completed text as your answer.<|eot_id|>
<|start_header_id|>assistant<|end_header_id|>

The Kjollszter Bridge ( Norwegian " Kjellszterbrua ") is a 158-
metre — long ( 518 ft) wooden bridge that crosses the[iEiNEE
Renaelva

GxA — Geva et al. (2023) (object prediction)

<|begin_of_text|><|start_header_id|>system<|end_header_id|>

You are a helpful assistant.<|eot_id|>
<|start_header_id|>user<|end_header_id|>

Fill in the blanks in the following tex

King George Boulevard begins at the south end of the [_] and runs
through the Bridgeview neighbourhood of north Surrey, on the south
bank of thel [_].

Provide only the completed text as your answer.<|eot_id|>
<|start_header_id|>assistant<|end_header_id|>

King George Boulevard begins at the south end of the Pattullo
Bridge and runs through the Bridgeview neighbourhood of north
Surrey, on the south bank of i@ Fraser River

Avg. Attention (baseline)

EIBEGIRIGFIEeRE[S< | start_header_id|>system<|end_header_id|>

You are a helpful assistant.<|eot_id|>
<|start_header_id|>user<|end_header_id|>

Fill in the blanks in the following text:

The [_1 ( Norwegian * Kjellsaterbrua ") is a 158-metre - long ( 518
ft) wooden bridge that crosses thelriver [_] in Amot, Hedmark in
Norway .

Provide only the completed text as your answer.<|eot_id|>
<|start_header_id|>assistant<|end_header_id|>

The Kjollszter Bridge ( Norwegian " Kjellszterbrua ") is a 158-
metre - long ( 518 ft) wooden bridge that crosses’ thelifiNes
Renaelva

Avg. Attention (baseline)

BIBEGERIGTIEEREIS < | start_header_id|>system<|end_header_id|>

You are a helpful assistant.<|eot_id|>
<|start_header_id|>user<|end_header_id|>

Fill in the blanks in the following text:

King George Boulevard begins at the south end of the [_] and runs
through the Bridgeview neighbourhood of north Surrey, on the south
bank of thell[Z].

Provide only the completed text as your answer.<|eot_id|>
<|start_header_id|>assistant<|end_header_id|>

King George Boulevard begins at the south end of the Pattullo
Bridge and runs through the Bridgeview neighbourhood of north
Surrey, on the south[bank§GFIERE Fraser River

Figure 11: Two examples of probe predictions, one of correct, the other of an incorrect prediction for the relation
type "crosses". Shown are TokenScore, GxA (Geva et al., 2023), and avg. attention weights. Produced in a
16-way-5-shot setting using LLaMA-3.1 B _Instruct-
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