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Abstract

Despite the remarkable performance across nu-
merous tasks, Large Language Models (LLMs)
still exhibit notable deficiencies in temporal
reasoning, even in simple event ordering tasks.
For instance, a slight alteration in the tempo-
ral phrasing of the question (e.g., changing “Is
event A before B?” to “Is event A after B?”) can
lead LLMs to hallucinate and produce incon-
sistent answers, reflecting a lack of robust tem-
poral reasoning. Although many prior studies
have focused on benchmarking and improving
the temporal reasoning ability of LLMs, little is
known about the intrinsic mechanisms within
LLMs when performing temporal reasoning.
In this work, we investigate the mechanistic
interpretability of temporal ordering within
event temporal reasoning through a structured
“Identify-Interpret-Verify” pipeline. We first
employ path patching to identify a sparse sub-
set of attention heads that are causally respon-
sible for reasoning outcomes. Detailed pattern
analysis reveals that these key heads specialize
in attending to either temporal keywords (se-
mantic cues) or structural delimiters (syntac-
tic cues). Furthermore, we rigorously validate
the observed mechanism through comprehen-
sive intervention-based experiments, ranging
from head ablation to targeted attention modu-
lation. We demonstrate that dynamically mod-
ulating the attention of these specific heads can
robustly enhance model performance, which
serves as strong empirical evidence that our
identified mechanism faithfully captures the in-
ternal logic of temporal ordering in LLMs.

1 Introduction

Large Language Models (LLMs) have achieved
human-comparable performance across diverse nat-
ural language processing (NLP) tasks, including
complex reasoning domains such as mathematical
computation (Jie et al., 2022) and chain-of-thought
reasoning (Kojima et al., 2022). However, it has
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Figure 1: The overall pipeline of our work. (i) Identify-
ing key components attributed to event temporal order-
ing. (ii) Interpreting each key attention head’s pattern
and function. (iii) Verifying the mechanism through
multi-level causal interventions (knock-out, head-wise,
and self-adaptive intervention).

been observed that LLMs often struggle with tem-
poral reasoning (Su et al., 2024; Fatemi et al.,
2025), which requires models to not only extract
factual content but also resolve the relative chrono-
logical relationships between events. Even in ba-
sic temporal ordering tasks such as determining
whether “Event A occurs before/after Event B”,
LLMs frequently exhibit inconsistent outputs when
the phrasing is simply flipped from “before” to “af-
ter”. This lack of robustness poses significant chal-
lenges for the reliability of LLMs in time-sensitive
applications. Despite considerable efforts to en-
hance the performance of LLMs in temporal rea-
soning (Fang et al., 2024a; Ning et al., 2024), the
intricate mechanisms governing the model’s ability
to accomplish these tasks still remain unexplored.

Understanding these mechanisms is crucial for
bridging the gap between LLMs’ general reasoning
capability and their specific failures in the tempo-
ral domain. In this work, we aim to uncover and
interpret the inner mechanisms of the temporal or-
dering task within event temporal reasoning (Fang
et al., 2024b) in a human-comprehensible manner.
Rather than treating the model as a black box for
surface-level enhancement, we propose a mech-
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anistic interpretability perspective to identify the
specific internal components driving temporal rea-
soning and validate their causal functions through
targeted interventions.

Specifically, to investigate which components
play a significant role in the model’s temporal or-
dering process, we implement a classic causal inter-
vention interpretability tool, path patching (Wang
et al., 2023b), which quantifies the causal effect
of each attention head by selectively perturbing
certain activations and observing the changes of
final logits. By measuring such logits changes (i.e.,
causal effect), we identify a sparse set of atten-
tion heads, referred to as “key heads”. Further-
more, a detailed attention pattern analysis reveals
distinct attention preferences: while some key
heads specifically attend to temporal tokens (e.g.,
“before”/“after”), the others prioritize structural
tokens (e.g., “<s>” and “?”). This suggests a hierar-
chical processing mechanism where distinct heads
are responsible for parsing semantic temporal cues
versus syntactic structural frames.

To rigorously validate this mechanism, we first
perform an ablation study (knock-out) to confirm
the faithfulness of the identified heads, where
the attention on specific token types are manu-
ally suppressed or enhanced to verify each head’s
functional role. Furthermore, we propose a self-
adaptive attention intervention method that dynam-
ically adjusts attention scores based on a head’s
causal effect and its intrinsic attention pattern. No-
tably, experiments across distinct models demon-
strate that by simply intervening these identified
heads on specific tokens, we achieve improvements
in both accuracy and consistency. The performance
gains provide strong empirical evidence for the
faithfulness of uncovered mechanism, which also
shows potential for further improving the temporal
reasoning ability of LLMs.

In summary, the main contributions of this work
are as follows:

• Identification: We identify a sparse set of key
attention heads within LLMs that are causally
responsible for temporal ordering within event
temporal reasoning. (Section 3.1)

• Interpretation: We reveal a hierarchical
mechanism where key heads specialize in at-
tending to either temporal tokens or struc-
tural tokens, providing a fine-grained human-
comprehensible view of how LLMs process
temporal ordering tasks. (Section 3.2)

• Causal Verification: We validate these find-
ings through multi-level interventions and pro-
pose a self-adaptive intervention method that
improves the temporal ordering performance
without fine-tuning. The resulting perfor-
mance gains confirm the faithfulness of our
identified mechanism. (Section 4)

2 Task Definition and Dataset

2.1 Task Definition
Event temporal reasoning is defined as identify-
ing temporal relations between events in narratives
(Fang et al., 2024b). To facilitate mechanistic anal-
ysis, we simplify the task to ordering two events
based on binary temporal relations (“before” or

“after”). Specifically, given an article with events
A and B, the model answers “yes” or “no” to the
question: “Is event A before/after event B?” based
on the article context.

Formally, the input format of the task is defined
as follows:

Answer the question according to the article.
Only answer yes or no.
Article: {An article that contains two events, denoted
as event A and event B}
Question: Is event A {before/after} event B?
The answer is:

2.2 Evaluation Metrics
We employ two metrics to evaluate the model per-
formance and robustness of LLMs in event tempo-
ral reasoning: accuracy and consistency.

Accuracy measures the proportion of correct pre-
dictions:

Accuracy =
1

N

N∑

i=1

I(ŷi = yi), (1)

where N is the dataset size, yi is the gold label, and
ŷi is the predicted label.

Consistency quantifies the model’s robustness
to phrasing shifts. For each instance, we generate
a reversed counterpart by swapping “before” and
“after” in the question. Consistency is defined as the
proportion of instances where the model provides
logically coherent answers across both versions:

Consistency =
1

N

N∑

i=1

I(ŷi ̸= ŷrev
i ), (2)

where ŷi and ŷrev
i are predictions for original and

reversed questions.
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2.3 Dataset

Motivation While existing benchmarks for event
temporal ordering, such as TempEvalQA-Bi (Qiu
et al., 2023) and TempReason (Tan et al., 2023),
provide valuable foundations, they are not suitable
for mechanistic interpretability analysis. Specif-
ically, the narratives in these datasets frequently
contain redundant or ambiguous contexts where the
target events are confounded by irrelevant informa-
tion, making it difficult to isolate the model’s inter-
nal temporal reasoning chain. Such linguistic noise
obscures the model’s internal decision-making pro-
cess, necessitating a cleaner and simplified dataset
to facilitate fine-grained interpretable analysis.

Construction Method We construct a new
dataset tailored for interpretability research using
GPT-4o (Hurst et al., 2024). For each instance, the
model is prompted to generate a daily-life scenario
featuring two distinct events with a clear, context-
dependent temporal relation. We strictly enforce
constraints to avoid meta-references (e.g., “this
event”) and ensure diverse scenarios. The genera-
tion prompt is detailed in Appendix A.1.

From an initial pool of 1,200 instances, we con-
duct multiple rounds of manual verification. We
filter out entries that failed to meet the format-
ting standards or those where the temporal relation
could be inferred via prior knowledge (e.g., “se-
curity check” vs. “boarding”), ensuring LLMs to
reason based on the provided context.

The final dataset comprises 1,109 entries (539
“before” and 570 “after” instances). The accuracy
and consistency of the dataset are evaluated across
multiple LLMs, with results presented in Table 1.
It can be observed that although the temporal rela-
tions are constructed to be simple and explicit, the
models still exhibit substantial room for improve-
ment. For both LLaMA models, the consistency is
considerably lower than the accuracy, suggesting
that their internal reasoning paths for temporal rela-
tions are sensitive to phrasing and warrant a deeper
mechanistic investigation. Statistical metrics of the
constructed datasets are provided in Appendix A.3.

3 Mechanistic Analysis

3.1 Identification of Key Attention Heads

3.1.1 Method
The architecture of LLMs can be conceptualized as
a directed acyclic graph (DAG), as established in
Elhage et al. (2021). Building on this perspective,

Model Name Acc(%) Cons(%)

LLaMA2-7B 60.69 48.69
LLaMA3-8B 90.08 67.72
Qwen2-7B 89.18 88.73

Table 1: Accuracy and consistency of the con-
structed dataset on LLaMA2-7B(Touvron et al., 2023),
LLaMA3-8B(Grattafiori et al., 2024) and Qwen2-
7B(Yang et al., 2024a).

we employ path patching (Wang et al., 2023b),
a causal intervention technique that enables fine-
grained analysis of specific information pathways
by selectively perturbing individual components
during the model’s forward pass.

To perform path patching on event temporal rea-
soning, we construct a set of corrupted data, Xc,
corresponding to the reference data Xr. While
Xr contains the original temporal relations, Xc is
generated by altering the relations of questions to
induce a distinct model prediction. The forward
pass is then computed (i) for both Xr and Xc with
all activations, and (ii) by injecting the corrupted
activation of a specific attention head h into the
forward computation of Xc, while keeping the acti-
vations of all other components fixed on Xr.

Formally, the causal effect of head h for the i-th
data pair is calculated by,

e
(i)
h =

logitp − logitr
logitr − logitc

, (3)

where logitr, logitc and logitp denote the output
logits from the residual stream from reference data,
corrupted data and the patched input, respectively.
Aggregating over a dataset with N pairs of data
instances, the overall causal effect eh of head h is,

eh =
1

N

N∑

i=1

e
(i)
h . (4)

We utilize eh to assess the contribution of each
head h to the model’s temporal reasoning abilities.

3.1.2 Results
Figure 2 visualizes the causal effects eh across all
attention heads and layers. In the heatmap, shades
of red signify a negative impact on the target logits
when the temporal relation is flipped, while shades
of blue indicate a positive contribution, with color
intensity reflecting the effect magnitude. Equiva-
lent analyses for LLaMA3-8B and Qwen2-7B are
provided in Appendix C.1.
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Figure 2: Path patching results on LLaMA2-7B. For
each head, a darker color indicates a larger logit dif-
ference from the model before patching. The blue box
shows the layers where the key attention heads are lo-
cated.

In Figure 2, it can be observed that, (i) Only
a small portion of attention heads have a note-
worthy influence on the output, highlighting the
sparsity of key components in the temporal reason-
ing task. Following the threshold established in
(Zhang et al., 2024), we identify “key heads” as
those inducing a logit shift exceeding 5%, with de-
tailed statistics listed in Appendix B.1. (ii) The
discovered “key heads” are mainly located in
the middle-to-upper layers, specifically between
layers 13 and 27 for LLaMA2-7B. The above ob-
servations align with previous research on other
NLP tasks (Zhang et al., 2024; Yang et al., 2025),
reinforcing that the lower and upper layers of
transformer-based LLMs undertake distinct func-
tions during natural language inference.

3.2 Attention Pattern Analysis for Key Heads

3.2.1 Method

We investigate the functional roles of the identified
key heads by examining their attention patterns.
Given an input sequence of length s and its atten-
tion matrix Ai,j ∈ Rs×s for the j-th head of layer i,
we focus on the attention weights associated with
the final token (the query position). Specifically,
we extract the last row, denoted as AEND

i,j ∈ R1×s,
to visualize the distribution of attention scores over
preceding tokens. By observing which tokens re-
ceive the highest attention scores across distinct
samples, we can infer the specific type of informa-
tion encoded by these heads during the temporal
reasoning process.

3.2.2 Results and Discussion

To systematically interpret the behaviors of the
heads, we categorize input tokens into four types,
following the taxonomy in Zhu et al. (2025): (i)
structural tokens (e.g., “<s>”, “?”, “\n”), which
provide syntactic and delimiting cues; (ii) func-
tional tokens (e.g., “what”, “is”, “the”), which ful-
fill grammatical roles; (iii) temporal tokens (e.g.,
“before”, “after”, “then”), which explicitly indicate
temporal relations; and (iv) event-related tokens
(e.g., “finishing”, “checking”), which carry the se-
mantic content of the events.

Figure 3 visualizes the attention patterns of two
representative key heads: (13, 4) (red, negative
causal effect) and (19, 19) (blue, positive causal
effect). Additional visualizations of other key
heads on more data samples are provided in Ap-
pendix B.3. It can be observed that: (i) Key heads
with a positive causal effect (e.g., (13, 19)) pri-
marily attend to temporal tokens such as “be-
fore” and “after”, whereas heads with a nega-
tive effect (e.g., (13, 4)) focus on structural to-
kens like “?”. This distinct functional division
generalizes robustly to other temporal synonyms
(e.g., “prior to” and “subsequent to”), demonstrat-
ing that these heads capture semantic temporal
information and syntactic structures rather than
merely memorizing specific token IDs (see Ap-
pendix B.4). It is also worth noting that Head (19,
19) allocates excessive attention to the initial token,
a behavior consistent with the “attention sink” phe-
nomenon described in (Xiao et al., 2024). (ii) None
of the key heads exhibiting high causal effects
demonstrate a strong emphasis on event-related
tokens. Further analysis reveals that heads with
lower causal effects are responsible for attending to
event-related tokens, as illustrated in Appendix B.2.
These patterns are consistent across LLaMA3-8B
and Qwen2-7B (see Appendix C.2).

These observations suggest a hierarchical pro-
cessing mechanism for event temporal reasoning
in LLMs: Lower layers (typically associated with
low causal effects) employ distributed attention
heads to extract diverse and fine-grained informa-
tion, such as event-related semantics and functional
syntax. This information is subsequently integrated
and aggregated into the sparse “key” heads located
in the middle-to-upper layers. These high-effect
key heads specialize in processing higher-level ab-
stractions of inputs, specifically temporal relations
and structural delimiters, thereby exerting a deci-
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(a) Attention pattern of head (13,4), prioritizing structural tokens.

(b) Attention pattern of head (19,19), prioritizing temporal tokens. 

Sample-1
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Figure 3: Visualization of attention patterns for two representative key heads. (a) Head (13, 4) (negative impact)
focuses predominantly on structural tokens. (b) Head (19, 19) (positive impact) especially attend to temporal tokens
across distinct samples.

sive influence on the final prediction.
While these attention patterns offer qualitative in-

sights, a critical question remains: How to validate
that key heads prioritize structural and temporal
information, and to what extent do these patterns
affect the model’s overall performance?

4 Causal Significance Validation

To validate the faithfulness of the identified key
heads, we further conduct ablation and intervention-
based experiments to ensure that these heads indeed
exhibit causal significance for temporal reasoning.

4.1 Faithfulness Validation via Knocking-out

We first assess the faithfulness of the key heads
through a “hard knockout” ablation study. Specif-
ically, we sequentially zero out the parameters of
the top-k heads (k ∈ [1, 7], for seven identified
key heads) to effectively removing them from the
computational graph, ranked in descending order
of their causal effect magnitude. The resulting per-
formance degradation is compared with a baseline
of randomly ablating the same number of heads
(averaged over 10 seeds).

As illustrated in Figure 4, ablating the key heads
results in a sharp decline in both accuracy and con-
sistency, while the model demonstrates robustness
under the random ablation, with performance lev-
els comparable to the original model. This per-
formance disparity empirically validates that the
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Figure 4: Performance degradation under attention head
ablation. Solid lines indicate the impact of removing
key heads ranked by causal effect, while dashed lines
represent the random ablation baseline.

identified key heads are essential and necessary
for effective event temporal reasoning.

4.2 Head-wise Intervention

4.2.1 Method

To validate aforementioned mechanism that spe-
cific key heads specialize in processing distinct
information types (temporal vs. structural), we per-
form direct attention interventions (Yu et al., 2024).
For each target head, we identify a set of specific
tokens T and manipulate their attentions weights
during inference to observe the subsequent impact
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on model performance.
Formally, given the original attention matrix

A ∈ Rs×s (indices omitted for brevity), we ap-
ply a scaling factor β to the weights of tokens in
T and re-normalize the remaining weights to main-
tain a valid probability distribution. The intervened
attention weights Âk,t are computed as:

Ãk,t =

{
β ·Ak,t, t ∈ T
Ak,t, t /∈ T

Âk,t =
Ãk,t∑s
j=1 Ãk,j

.

(5)

We design two intervention settings based on
Eq. 5. (i) Structural Attention Reduction. Moti-
vated by observations that LLMs often over-attend
to semantically vacuous structural tokens (Xiao
et al., 2025; Sharma et al., 2022), we suppress these
tokens (defined as T ) to force the redistribution of
attention, excluding the attention sink “<s>” (Xiao
et al., 2024). (ii) Temporal Attention Enhance-
ment. To verify the head’s sensitivity to temporal
logic, we define T as temporal keywords (e.g., “be-
fore”, “after”) and amplify their weights, thereby
reinforcing the signal for temporal reasoning.

4.2.2 Results and Discussion

Effect of Structural Reduction. Figure 5 reveals
divergent outcomes when attention to structural to-
kens is suppressed: while accuracy improves for
certain heads, it notably declines for others. To elu-
cidate the mechanism behind this variation, we ex-
amine the attention redistribution in Figure 6. It can
be observed that performance improves specifically
when the suppression effectively forces the head to
redirect its focus toward temporal keywords (e.g.,
Head (15, 31), Fig. 6(b)). Conversely, performance
degrades when the head fails to reallocate attention
to temporal cues, instead dispersing it to irrele-
vant contexts (e.g., Head (27, 7), Fig. 6(a)). This
contrast strongly supports our conclusion that key
heads in event temporal reasoning are responsi-
ble for identifying either temporal or structural
patterns from inputs, thus suppressing struc-
tural attention proves beneficial only when it
triggers a compensatory shift toward temporal
logic.

Effect of Temporal Enhancement. As shown in
Figure 7, explicitly enhancing attention on tempo-
ral keywords consistently maintains or improves

(13,4) (15,31) (16,0) (16,15) (17,31) (19,19) (27,7)
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Figure 5: Model accuracy shifts under structural atten-
tion reduction. Red line denotes the baseline perfor-
mance.

accuracy across the identified heads. A minor fluc-
tuation in head (17, 31) remains within a negligi-
ble margin. This result confirms that these heads
are functionally dedicated to processing tempo-
ral relations, as reinforcing the relevant signal
proves generally beneficial.

4.3 Self-Adaptive Intervention
4.3.1 Method
As aforementioned, we have demonstrated that tar-
geted intervention (suppressing structural attention
or enhancing temporal attention) on individual key
heads yields performance gains. Therefore, we
further explore the potential of self-adaptive atten-
tion intervention method. We propose an adaptive
intervention method that simultaneously modulat-
ing attention patterns across all identified key heads
based on their causal effect to improve the temporal
reasoning performance.

Specifically, for each key head h, we apply
context-aware adjustments derived from the func-
tional verification results (Section 4.2): (i) Attenu-
ating attention scores at structural token positions
when suppression improved accuracy, and (ii) Am-
plifying attention at temporal tokens when sup-
pression degraded performance. The intervention
magnitude βh adapts to each head’s average causal
effect eh:

βh = β × ωh, (6)

where for each head h, ωh is calculated by,

ωh =
eh

max
j∈0,··· ,N

ej
, (7)

where β denotes the global intervention strength,
and eh quantifies the causal effect of head h to
temporal reasoning, derived from the path patch-
ing results. The self-adaptive scaling ensures that
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Figure 6: Attention redistribution dynamics following reduction intervention. (a) Head (27, 7) fails to reallocate
attention to semantic tokens, degrading performance. (b) Head (15, 31) successfully shifts focus from structural to
temporal tokens, resulting in accuracy improvement.
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Figure 7: Accuracy shifts under temporal attention en-
hancement. Red line denotes the baseline performance.

heads with higher causal effect receive proportion-
ally stronger interventions, controlled by ωh.

4.3.2 Results and Discussion

We evaluate our self-adaptive intervention on the
curated dataset (Section 2.1) with a global inter-
vention strength of β = 0.4. To benchmark per-
formance, we compare our method against the
base LLaMA2-7B model and three standard en-
hancement strategies: few-shot prompting, Chain-
of-Thought (CoT) (Wei et al., 2022), and full-
parameter supervised fine-tuning (SFT). Implemen-
tation details for prompts and training configura-
tions are provided in Appendices D.1 and D.2.

The comparative results are presented in Table 2.
Specifically, regarding CoT, the performance unex-
pectedly degrades (Acc: 52.03%). We attribute this
to the explicit nature of temporal relations in the
dataset; in such contexts, constructing elaborate
reasoning chains tends to introduce hallucinated
constraints or extraneous noise rather than clari-
fying the logic. Conversely, while Few-shot and
SFT achieve substantial gains in accuracy, they suf-

Model Acc (%) Cons (%)

Value ∆ Value ∆

LLaMA2-7B 60.69 - 48.69 -

+ Few-shot 91.61 +30.92 39.59 -9.10

+ CoT 52.03 -8.66 47.25 -1.44

+ Full SFT 84.94 +24.25 10.91 -37.78

+ Ours 63.57 +2.88 50.68 +1.99

Table 2: Performance comparison on the temporal rea-
soning task. Acc: Accuracy. Cons: Consistency. ∆
denotes the relative change compared to the LLaMA2-
7B baseline. Our method is the only approach that
simultaneously improves both metrics.

fer from a severe regression in consistency (e.g.,
SFT drops to 10.91%). Such sharp divergence
between high accuracy and low consistency rep-
resents a classic manifestation of the “Reversal
Curse” (Berglund et al., 2024). During Few-shot
and SFT, LLMs tend to learn superficial correla-
tions such as detecting the mere existence of a rela-
tionship between two events, rather than genuinely
mastering the underlying temporal logic (e.g., dis-
tinguishing “before” from “after”). Consequently,
their high accuracy appears superficial, failing to
generalize to logical negations.

In contrast to the brittleness of these baselines,
our self-adaptive intervention achieves the most
robust improvement as the only method to si-
multaneously enhance both accuracy (↑ 2.88%)
and consistency (↑ 1.99%). This dual improve-
ment empirically validates our mechanistic insight:
by intrinsically rectifying suboptimal attention pat-
terns—specifically, suppressing structural noise
and amplifying temporal cues—we improve the
reliability of the reasoning process itself rather

2583



0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Intervention Strength 

60

61

62

63

64

65
Ac

cu
ra

cy
 (%

) Selected = 0.40

Accuracy
Consistency

Baseline Accuracy
Baseline Consistency

48.0

48.5

49.0

49.5

50.0

50.5

51.0

Co
ns

ist
en

cy
 (%

)

Figure 8: Ablation analysis on the intervention strength
β. Accuracy and consistency versus β.

than fitting the output space. Crucially, the adap-
tive intervention on specific attention distributions
provides a preliminary exploration of the model’s
potential temporal reasoning capability. This distin-
guishes our work from standard optimization strate-
gies; instead of enhancing performance through
extensive fine-tuning or heavy context prompting,
we aim to elicit the model’s latent reasoning power.
Additionally, the adaptive scaling mechanism ef-
fectively prevents over-intervention on high-impact
heads, ensuring stability. Extended results on ad-
ditional LLMs demonstrating generalizability are
detailed in Appendix C.3.

We also conduct an ablation study on the inter-
vention strength β. Figure 8 shows an inverted
U-shaped relationship with β, peaking at β = 0.4
(63.57% accuracy, 50.68% consistency) and declin-
ing for β ≥ 0.5. This indicates moderate interven-
tion (β = 0.2–0.4) optimally balances attention
redistribution, while excess values disrupt equilib-
rium. The plateau between β = 0.2–0.4 demon-
strates the framework’s robustness, with β = 0.4
achieving the optimal trade-off between accuracy
and consistency improvements.

5 Related Work

5.1 Mechanistic Interpretability

Interpreting the inner mechanism of LLMs has
raised increasing attention in recent years (Räuker
et al., 2023; El-Gayar et al., 2024). Most stud-
ies in mechanistic interpretability focus on either
features or circuits (Rai et al., 2024). The former
decodes human-interpretable input properties from
the model’s activation (e.g., probing (Gurnee et al.,
2023; Antverg and Belinkov, 2022), sparse autoen-
coder (Sharkey et al., 2022)), while the latter re-
gards a LLM as a computational graph to identify a
sub-graph that responsible for a specific task or be-
havior (e.g., visualization (Lieberum et al., 2023),

causal mediation analysis (Meng et al., 2022; Wang
et al., 2023a; Syed et al., 2023)). This work pri-
marily builds upon research on circuits, including
attention analysis and a causal intervention method
known as path patching. Specifically, path patch-
ing has been employed to explain LLM behaviors
across a range of tasks, such as indirect object iden-
tification (Wang et al., 2023b), mapping answer
text to answer labels (Lieberum et al., 2023), and
mathematical computation (Zhang et al., 2024).

5.2 Event Temporal Reasoning

Benchmarks and evaluation frameworks for the
event temporal reasoning have evolved to diag-
nose LLMs’ capabilities and limitations, for in-
stance, COTEMPQA (Su et al., 2024) introduced a
hierarchical benchmark for four co-temporal sce-
narios, revealing that even state-of-the-art models
like GPT-4 struggle with relationship reasoning.
Similarly, (Fatemi et al., 2025) decomposed tem-
poral reasoning into semantic understanding and
arithmetic computation, exposing LLMs’ reliance
on prior knowledge rather than intrinsic reasoning.
Further research has also tackled multi-aspect chal-
lenges related to event temporal reasoning, (Fang
et al., 2024a) introduced a method to detect knowl-
edge conflicts arising from mismatches between
prior knowledge and event relations, using counter-
factual data augmentation to reduce hallucination.
(Ning et al., 2024) utilized a temporal cognitive
tree to reason through multiple levels of temporal
relations and optimize inference via deductive rea-
soning and multi-task learning. (Yang et al., 2024b)
proposed a dedicated framework integrating tempo-
ral information-aware Embedding and a granular
contrastive reinforcement learning strategy to en-
hance LLMs’ temporal sensitivity and reasoning.
Despite these innovations, core challenges persist
in interpretability and complex reasoning. LLMs
exhibit “uncertainty errors” when deducing implicit
temporal links (Su et al., 2024), indicating the ne-
cessity of our interpretability-based work.

6 Conclusion

In this work, we present a mechanistic analysis of
the event temporal ordering task, a crucial task for
evaluating the temporal reasoning ability of LLMs.
By adopting an “Identify-Interpret-Verify” frame-
work, we first identify a sparse set of attention
heads located in the middle-to-upper layers that are
critical for processing temporal patterns. Crucially,
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via fine-grained attention pattern analysis, we re-
veal a specialized processing mechanism where the
key heads integrate information from lower-layer
heads while especially attending to temporal and
structural patterns. Furthermore, we validate that
these identified components directly control reason-
ing performance, and translate these insights into
a self-adaptive intervention strategy. The resulting
performance gains further demonstrate that inter-
preting internal model mechanisms is essential for
enhancing the robustness and reliability of complex
temporal reasoning tasks.

Limitations

Despite the promising findings in interpreting and
improving event temporal reasoning, our work has
several limitations. Firstly, our analysis relies on
a constructed dataset where temporal relations are
binary (“before/after”) and explicit. While this
controlled setting is necessary for isolating causal
components, it simplifies real-world complexities
involving multi-hop reasoning, vague timelines, or
implicit temporal dependencies. Consequently, the
verification of identified mechanism in such im-
plicit reasoning scenarios warrants further investi-
gation. Secondly, due to the necessity of accessing
internal parameters for path patching and causal
intervention, our experiments are restricted to open-
weight models (e.g., LLaMA and Qwen). The lack
of access to internal parameters and activations in
closed-source models prevents a direct verification
of our results in those settings.

Ethics Statement

This paper investigates the mechanistic inter-
pretability of event temporal reasoning in Large
Language Models. The dataset constructed for
this study was generated using GPT-4o and un-
derwent multiple rounds of manual verification to
ensure high quality. We confirm that the gener-
ated data samples do not contain any personally
identifiable information, offensive content, or am-
biguous temporal relations. Additionally, the use
of open-source models (LLaMA, Qwen) and exist-
ing benchmarks (MATRES) in this work adheres
to their respective licenses and is consistent with
their intended research use.

The inner mechanisms and intervention tech-
niques uncovered in this paper provide valuable
insights for understanding and improving LLM be-
havior in temporal reasoning tasks. Nonetheless,

we acknowledge that methods capable of modulat-
ing attention patterns to steer model outputs could
theoretically be misused to maliciously manipulate
temporal logic or induce hallucinations at inference
time. Therefore, we emphasize the importance of
responsible deployment and rigorous monitoring
when applying such white-box interventions. Fur-
thermore, we do not see any other potential risks
associated with this work.
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A Dataset

A.1 Prompt for Dataset Construction

The specific prompt for GPT-4o to generate data
instances is displayed in Figure 9.

Prompt for Dataset Construction

Generate exactly one JSON entry for temporal rea-
soning analysis. Strictly follow this structure:
{
"input": "Answer the question according to the
article.\nOnly answer yes or no.\nArticle: [CON-
TEXT]\nQuestion: Is Event A before/after Event
B?.\nThe answer is:",
"output": "yes"
}
Requirements:
1. Article:
- Contains exactly two distinct events (Event A and
Event B) with clear temporal order
- Explicitly states Event A occurs BEFORE/AFTER
Event B using temporal words or phrases
- Maximum 50 words, but not less than 15 words
- No ambiguous time references
- Natural language in past/perfect tense (e.g., "I fin-
ished X then did Y")
2. Question:
- Always uses the format: "Is [Event A] before/after
[Event B]?"
- Events must exactly match the phrasing in the article
3. Constraints:
- Temporal relationship must be unambiguous and
correct (the correct answer to the question must al-
ways be yes)
- Cover diverse daily scenarios: cooking, travel, work,
study, shopping, sports, etc.
- Avoid meta-references (e.g., "this event")
- No markdown/comments in output
Output ONLY the JSON object with no additional
text.

Figure 9: Prompt for Dataset Construction.

A.2 Examples of Data Instances

Table 3 shows several examples of data instances
from the dataset that we constructed.

A.3 Statistical Metrics

Two critical properties, diversity and fluency are
assessed in order to further validate the quality
of the constructed dataset. Diversity is quantified
using Self-BLEU (Zhu et al., 2018), which mea-
sures inter-sample similarity by comparing each
text against others as references. Meanwhile, flu-
ency is evaluated through Perplexity (PPL) (Brown
et al., 1990) and the results are shown in Table 5.

The Self-BLEU score indicates scenario diver-
sity across samples, while the PPL value demon-

strates strong linguistic quality. These metrics col-
lectively validate the dataset’s suitability for robust
temporal reasoning analysis.

B Detailed Key Heads and Attention
Patterns

B.1 Statistics of Identified Key Heads
Locations and causal effects of the identified key
heads are listed in Table 6.

B.2 Attention Patterns of Low Causal Effect
Heads

As discussed in Section 3.2, the key attention heads
with highest causal effects primarily focus on struc-
tural and temporal tokens. Further experiments on
heads with lower causal effects reveal that many of
these heads do attend to event-related tokens. Fig-
ure 14 and Figure 15 illustrate two examples of less
important attention heads attending to event-related
tokens.

B.3 Attention Patterns of Key Heads
The attention patterns of all seven key heads are
visualized, while only two of them (head (13, 4)
and head (19, 19)) are displayed in Section 3.2.
Attention patterns of other key heads across mul-
tiple data instances are shown from Figure 16 to
Figure 20. The figures further prove our obser-
vation concluded in Section 3.2, that key heads
with positive logit change after path patching fo-
cus primarily on temporal tokens, while the ones
with negative logit change attend more scores to
structural tokens.

B.4 Generalization to Temporal Synonyms
To verify whether the identified key heads perform
genuine semantic processing rather than merely
memorizing specific token IDs (e.g., “before” and
“after”), we conduct an additional generalization
study. We replace the original temporal relational
words with synonymous phrases, specifically utiliz-
ing the templates “Is event A prior to / subsequent
to event B?”.

We measure the attention scores of the represen-
tative key heads on the new template to observe
their behavior shifts:

• Temporal Head (19, 19): Originally identi-
fied as attending to “before/after”, this head
successfully shifts its focus to the new syn-
onyms. Across the evaluation set, it assigns
high average attention scores to the tokens
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Input Gold Answer

Answer the question according to the article.\nOnly answer yes or no.\nArticle: I woke
up early and had my breakfast, then I went for a run before heading to work.\nQuestion:
Is having breakfast before going for a run?\nThe answer is:

yes

Answer the question according to the article.\nOnly answer yes or no.\nArticle: After
finishing my homework, I watched a documentary on history.\nQuestion: Is finishing
the homework before watching the documentary?\nThe answer is:

yes

Answer the question according to the article.\nOnly answer yes or no.\nArticle: After I
grabbed my groceries, I headed home to cook dinner.\nQuestion: Is grabbing groceries
before cooking dinner?\nThe answer is:

yes

Answer the question according to the article.\nOnly answer yes or no.\nArticle: I
attended the meeting and discussed the project before heading to lunch.\nQuestion: Is
attending the meeting before heading to lunch?\nThe answer is:

yes

Answer the question according to the article.\nOnly answer yes or no.\nArticle: He
attended a meeting, and after that, he went out for lunch.\nQuestion: Is lunch after the
meeting?\nThe answer is:

yes

Table 3: Examples of the constructed dataset

Input Gold Answer

Answer the question according to the article.\nOnly answer yes or no.\nArticle: The
FAA on Friday announced it will close 149 regional airport control towers because of
forced spending cuts – sparing 40 others that the FAA had been expected to shutter
.\nQuestion: Is the event ’expected’ happening before the event ’begin’?\nThe answer
is:

yes

Table 4: A finetuning dataset instance.

Metric Value

Self-BLEU 0.6865
PPL (LLaMA2-7B) 10.8548

Table 5: Evaluation results of diversity and fluency met-
rics for the constructed dataset.

prior/subsequent (0.2168) and to (0.1991),
while largely ignoring the structural token
? (0.0020) and other context tokens (avg =
0.0060).

• Structural Head (13, 4): Originally identi-
fied as attending to structural delimiters, this
head maintains its specific role. It consistently
focuses on the question mark ? (0.7987), with
negligible attention directed towards the se-
mantic tokens prior/subsequent (0.0227) or
other background tokens (avg = 0.0077).

A detailed case study is presented in Table 7,

i-th Layer j-th Head Logit Diff(%)

13 4 -10.49
15 31 -6.30
16 0 -10.31
16 15 -5.30
17 31 5.37
19 19 5.88
27 7 -6.26

Table 6: Locations and logit differences of the identified
key attention heads, sorted by layer index.

which illustrates the token-level attention score dis-
tribution of both heads on the exact same input
sequence. For simplicity and clarity, tokens preced-
ing the “Question” segment are omitted.

These results align closely with our original find-
ings under the “before/after” setting (as illustrated
in Figure 3). This robust consistency confirms that
the identified key heads do not overfit to specific vo-

2589



cabulary; rather, they successfully capture broader
abstract semantic categories (i.e., temporal indica-
tors) and underlying syntactic structures.

Token (19, 19) (13, 4)

Question 0.0019 0.0007
: 0.0017 0.0071
__Is 0.0068 0.0404
__gra 0.0029 0.0206
bb 0.0015 0.0001
ing 0.0221 0.0034
__gro 0.0029 0.0004
cer 0.0031 0.0001
ies 0.0079 0.0042
__prior 0.1213 0.0054
__to 0.1185 0.0036
__cook 0.0047 0.0010
ing 0.0021 0.0704
__dinner 0.0191 0.0478
? 0.0026 0.7185
\n 0.0005 0.0241
The 0.0006 0.0046
__answer 0.0002 0.0020
__is 0.0002 0.0023
: 0.0006 0.0019

Table 7: Attention score distribution of Temporal Head
(19, 19) and Structural Head (13, 4) on a sample se-
quence using the temporal synonym “prior to”.

B.5 Attention Redistribution

In Section 4.2, in order to validate the function
of each key head, the attention reduction experi-
ments are conducted on each key head individually.
Besides the two key heads displayed in the main
text, (27, 7) and (15, 31), the attention redistribu-
tion of the other ones is shown in Figure 21. The
visualized results align with our conclusion in Sec-
tion 4.2.

C Mechanism Analysis on other LLMs

In this section, we provide supplementary results
on LLaMA3 and Qwen2 including: (i) identifica-
tion of key attention heads through path patching,
(ii) detailed attention patterns of the identified key
heads, and (iii) self-adaptive intervention results.
All results on LLaMA3 and Qwen2 align with our
observations and conclusions in Section 3 and Sec-
tion 4, confirming the generalization of our identi-
fied temporal reasoning mechanism.

Figure 10: Path patching results on LLaMA3-8B. For
each head, a darker color indicates a larger logit differ-
ence from the model before patching.

Figure 11: Path patching results on Qwen2-7B.

C.1 Path Patching results on LLaMA3 and
Qwen2

Figure 10 and Figure 11 illustrate the path patching
results on LLaMA3-8B and Qwen2-7B, respec-
tively. Both visualized results align with the obser-
vations from that of LLaMA2-7B in Section 3.1.

Identified key attention heads of the two models
are listed in Table 8, ranked by the absolute value
of the causal effects in descending order.

C.2 Attention Patterns of Key Heads on
LLaMA3 and Qwen2

For LLaMA3, we visualize the attention patterns of
identified key heads (14, 5) and (14, 7), prioritizing
temporal and structural tokens respectively. The
visualization results are displayed in Figure 22 and
Figure 23.

For Qwen2, we visualize the attention patterns
of identified key heads (19, 23) and (20, 3), priori-
tizing temporal and structural tokens respectively.
The visualization results are displayed in Figure 24
and Figure 25.
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Index Heads of LLaMA3 Heads of Qwen2

1 (15, 4) (18, 13)
2 (14, 24) (20, 2)
3 (14, 27) (18, 15)
4 (15, 6) (19, 23)
5 (14, 7) (20, 3)
6 (14, 5) (18, 4)
7 (15, 10) (19, 26)

Table 8: Identified key attention heads on LLaMA3-8B
and Qwen2-7B.

Model Acc (%) Cons (%)

Value ∆ Value ∆

LLaMA3-8B 91.43 +1.35 68.80 +1.08

Qwen2-7B 91.34 +2.16 89.09 +0.36

Table 9: Self-adaptive intervention results on LLaMA3-
8B and Qwen2-7B.

C.3 Self-adaptive Intervention Results on
LLaMA3 and Qwen2

The self-adaptive intervention results on LLaMA3-
8B and Qwen2-7B are displayed in Table 9. Both
models show consistent improvement in accuracy
and consistency, further proving that the discovered
LLMs’ temporal reasoning mechanism is faithful
and can be generalized across different model ar-
chitecture.

D Experimental Settings

D.1 Prompts for Few-shot and CoT

Figure 12 and Figure 13 show the prompts that
we utilize for few-shot and CoT baselines in Sec-
tion 4.3, respectively.

D.2 Configurations for SFT

To establish a strong supervised fine-tuning (SFT)
baseline and equip the LLaMA model with better
temporal reasoning capabilities, we construct a SFT
dataset derived from the MATRES dataset (Ning
et al., 2018). MATRES adopts a multi-axis mod-
eling approach and annotates temporal relations
based on event start-points, which has been shown
to achieve higher inter-annotator agreement.

To align the data with our objective of enhancing
explicit event temporal reasoning, we exclude event
pairs annotated as “Equal” or “Vague” and pre-
serve only those with explicit “Before” or “After”

relations. The structured annotations are then con-
verted into natural language Question-Answering
pairs to simulate our downstream event temporal
reasoning task. Consequently, we construct 11,461
training samples from MATRES, and set a 20%
ratio for validation set. We also provide a data
instance from the training set in Table 4.

We perform full-parameter supervised fine-
tuning on the LLaMA2-7B model using the
LLaMA-Factory (Zheng et al., 2024) framework.
The training was conducted for 3 epochs, and
achieved a final validation loss of 0.274.
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Prompt for the Few-shot Baseline

Article: After taking a shower, I brushed my teeth.
Question: Is taking a shower after brushing teeth?
The answer is: no

Article: I finished my report and then went to the gym.
Question: Is finishing the report before going to the gym?
The answer is: yes

Article: I checked my emails first thing in the morning, then attended the meeting.
Question: Is attending the meeting before checking emails?
The answer is: no

Figure 12: Prompt for the few-shot baseline.

Prompt for the CoT Baseline

Article: After taking a shower, I brushed my teeth.
Question: Is taking a shower after brushing teeth?
The answer is: The word "after" shows the sequence: shower → teeth brushing. So shower happened first. So the
answer is no.

Figure 13: Prompt for the CoT baseline.

Figure 14: Attention patterns on head (10, 14), the head prioritizes effect-related tokens in the articles across five
distinct data instances.
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Figure 15: Attention patterns on head (13, 22), the head prioritizes effect-related tokens in the questions across five
distinct data instances.

Figure 16: Attention patterns on key head (15, 31), prioritizing structural tokens.

Figure 17: Attention patterns on key head (16, 0), prioritizing structural tokens.

Figure 18: Attention patterns on key head (16, 15), prioritizing structural tokens.
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Figure 19: Attention patterns on key head (17, 31), prioritizing temporal tokens.

Figure 20: Attention patterns on key head (27, 7), prioritizing structural tokens.

Figure 21: Attention distribution changes before and after reducing the attention on certain structural tokens,
involving key heads (13, 4), (16, 0), (16, 15), (17, 31) and (19, 19) on the same data instance.
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Figure 22: Attention patterns on key head (14, 5) of LLaMA3-8B, specifically attending to the temporal token
(“before”) in the questions across five data instances.

Figure 23: Attention patterns on key head (14, 7) of LLaMA3-8B, specifically attending to the structural token (“?”)
in the questions across five data instances.

Figure 24: Attention patterns on key head (19, 23) of Qwen2-7B, specifically attending to the temporal token
(“before”) in the questions across five data instances.
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Figure 25: Attention patterns on key head (20, 3) of Qwen2-7B, specifically attending to the structural token (“?”)
in the questions across five data instances.
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