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Abstract
Understanding temporal relations in natural language of-

ten requires integrating absolute and relative time expres-
sions within a single narrative. While recent work has
shown that mixed time expressions degrade large language
model (LLM) performance, much less is known about how
such conditions affect human temporal reasoning — and
whether model behavior aligns with human judgments. In
this work, we conduct a controlled human–LLM compari-
son on a sentence-level temporal event ordering task under
two settings: absolute-time (AT) narratives with explicit
timestamps, and mixed-time (MT) narratives where abso-
lute references are partially replaced by relative or event-
anchored expressions. Our results reveal a clear divergence
between human and model reasoning. Although both hu-
mans and LLMs perform reliably under AT conditions, hu-
man performance drops more sharply under MT settings,
while several frontier LLMs maintain relatively stable or-
dering consistency. This contrast suggests that mixed-time
narratives impose substantial cognitive difficulty for hu-
mans, whereas LLMs may rely on alternative strategies that
are less sensitive to temporal ambiguity. These findings
highlight that strong performance in mixed-time temporal
reasoning does not necessarily reflect human-like under-
standing, underscoring the importance of human baselines
when interpreting model robustness in temporally under-
specified narratives.

1 Introduction
Temporal reasoning is a fundamental aspect of language

comprehension, enabling readers to reconstruct event se-

quences and interpret narratives in context. In natural dis-
course, however, temporal information is rarely expressed
in a fully explicit or linear manner. Narratives frequently
combine absolute time references (e.g., in 1945), relative
expressions (e.g., two years later), and event-anchored cues
(e.g., shortly after the war), resulting in timelines that are
non-linear and partially implicit. Such mixed-time narra-
tives pose challenges not only for computational models,
but also for human readers, who must integrate distributed
and often underspecified temporal cues across discourse.

Recent advances in LLMs have demonstrated promising
performance on temporal reasoning tasks. However, most
existing evaluations emphasize settings with explicit tem-
poral anchors or simplified temporal relations, which do
not fully reflect the structure of real-world narratives found
in biographies, historical accounts, or cross-cultural texts.
Although several benchmarks have begun to explore more
complex temporal phenomena [1, 2, 3], comparatively lit-
tle attention has been paid to how human temporal reason-
ing behaves under the same mixed-time conditions, or how
closely model predictions align with human judgments.
Prior work has identified anchoring effects and weaknesses
in handling relative temporal expressions in LLMs [4, 5],
yet it remains unclear whether strong model performance
under mixed temporal cues reflects human-like reasoning
or alternative strategies that diverge from human temporal
interpretation.

In this work, we focus on this gap by conducting a
controlled human–LLM comparison on a sentence-level
temporal event ordering task. Using narratives that sys-
tematically vary between AT and MT conditions, we eval-
uate how humans and LLMs differ in their ability to re-
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cover global chronological structure. Our results reveal a
clear divergence: while both humans and LLMs perform
reliably under AT settings, human performance degrades
more sharply under mixed-time narratives, whereas sev-
eral frontier LLMs maintain relatively stable ordering con-
sistency. This contrast suggests that mixed-time temporal
reasoning introduces cognitive difficulty for humans that is
not mirrored by model behavior, highlighting fundamental
differences in how temporal uncertainty is handled.

These findings underscore the importance of incorpo-
rating human baselines into temporal reasoning evaluation
and caution against interpreting strong model performance
in mixed-time settings as evidence of human-like temporal
understanding.

2 Task and Experimental Setup

2.1 Task Definition

We study temporal reasoning through a sentence-level
event ordering task. Given a small set of sentences de-
scribing events from a narrative, the task is to recover their
correct chronological order. Unlike question answering or
temporal relation classification, this formulation directly
evaluates whether a system can reconstruct a global tem-
poral structure from natural language descriptions.

Each instance consists of four event sentences sampled
from a single narrative and presented in shuffled order.
Systems are required to output a permutation of sentence
indices corresponding to the inferred temporal order. This
setup allows for a controlled comparison between human
judgments and model predictions without introducing ad-
ditional confounding factors such as question interpreta-
tion or answer generation.

2.2 Temporal Settings

We evaluate temporal reasoning under two conditions
that differ in how temporal information is expressed:

Absolute-Time (AT). All event sentences contain ex-
plicit temporal anchors, such as calendar years or dates
(e.g., in 1945, in March 2003). This setting represents nar-
ratives where chronological relations can be inferred pri-
marily from surface-level timestamps.

Mixed-Time (MT). Some absolute time expressions are
replaced with relative or event-anchored references (e.g.,
two years later, after the war), while preserving the under-

lying event order. As a result, temporal relations must be
inferred by integrating multiple cues across the narrative
rather than relying solely on explicit anchors.

By comparing performance across these two settings, we
isolate the effect of mixed temporal expressions on tempo-
ral reasoning for both humans and language models.

2.3 Temporal Settings

Table 1 summarizes the characteristics of the 100-
sample subset used in our experiments. The AT and MT
settings contain a comparable number of events per in-
stance, ensuring that differences in performance cannot
be attributed to event count alone. At the same time, the
two settings differ systematically in the distribution of tem-
poral expression types and granularity. In particular, the
MT setting contains a higher proportion of relative ex-
pressions and coarse-grained temporal cues, reflecting in-
creased temporal underspecification. This design allows
us to examine how humans and language models respond
differently to mixed temporal signals under otherwise com-
parable narrative complexity.

Setting AT MT

#Samples 30 70
Avg Events 4.4 4.5
High Granularity (%) 53.3 42.9
Low Granularity (%) 46.7 57.1
Abs : Rel 53 : 47 43 : 57

Table 1: Statistics of the 100-sample subset for human an-
notation and probing experiments. This subset maintains
temporal diversity while ensuring cognitive feasibility for
human reasoning. Avg Events denotes the average num-
ber of annotated events per passage. High Granularity =
expressions specifying year+month+day and year+month,
and Low Granularity = expressions specifying only the
year.

2.4 Human and Model Evaluation

To examine differences between human and model tem-
poral reasoning, we evaluate both under identical task
conditions. Human performance is measured using an-
notations from three trained annotators, each indepen-
dently producing a complete event order for every instance.
Model performance is evaluated using representative fron-
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Setting Model EM Kendall’s g

AT

deepseek-reasoner 0.63 0.65
deepseek-v3 0.46 0.47
gpt-4 0.60 0.69
gpt-3.5-turbo 0.13 0.30
qwen2.5-7b 0.03 0.12
qwq-32b 0.63 0.66
Annotator 1 0.56 0.62
Annotator 2 0.56 0.73
Annotator 3 0.56 0.63

MT

deepseek-reasoner 0.60 0.65
deepseek-v3 0.41 0.49
gpt-4 0.42 0.46
gpt-3.5-turbo 0.16 0.08
qwen2.5-7b 0.15 0.20
qwq-32b 0.59 0.65
Annotator 1 0.30 0.32
Annotator 2 0.34 0.43
Annotator 3 0.42 0.50

Table 2: Overall model and human performance on event
ordering under AT and MT conditions. EM = exact match
accuracy; Kendall’ s g measures rank correlation between
predicted and gold orders.

tier large language models, selected to reflect current high-
performing systems rather than to provide exhaustive cov-
erage.

All systems are evaluated using the same input format
and output requirements. Performance is measured pri-
marily using Kendall’ s g, which captures the degree of
agreement between predicted and gold-standard event or-
ders by accounting for pairwise ordering consistency. This
rank-based metric allows for meaningful comparison be-
tween humans and models even when full sequence agree-
ment is not achieved.
3 Results: Human–LLM Compari-
son

3.1 Overall Performance under Absolute
and Mixed Time

We first examine overall temporal ordering performance
for humans and language models under AT and MT set-
tings. Table 2 reports Kendall’ s g between predicted and
gold-standard event orders.

Under AT conditions, humans and frontier LLMs
achieve comparably high performance, indicating that ex-
plicit temporal anchors enable reliable reconstruction of
global event order. Human annotators show strong con-
sistency with gold orders, and several LLMs reach similar

levels of agreement.
When moving to MT settings, performance degrades

across all systems, but the magnitude of this degradation
differs substantially. Human performance exhibits a pro-
nounced drop in Kendall’ s g, whereas several frontier
LLMs retain relatively stable ordering consistency. This
contrast suggests that mixed temporal expressions intro-
duce difficulty that disproportionately affects human tem-
poral reasoning, even when overall narrative complexity
remains comparable.

System AT g MT g

DeepSeek-Reasoner 0.84 0.77
QwQ-32B 0.82 0.76
GPT-4 0.75 0.65
DeepSeek-V3 0.68 0.68
GPT-3.5 0.51 0.45
Qwen2.5-7B 0.37 0.33

Annotator 1 0.80 0.55
Annotator 2 0.75 0.62
Annotator 3 0.83 0.67

(a) Model–Gold and Human–Gold Kendall’ s g

System AT g MT g

DeepSeek-Reasoner 0.84 0.59
QwQ-32B 0.83 0.58
GPT-4 0.72 0.46
DeepSeek-V3 0.71 0.53
GPT-3.5 0.52 0.39
Qwen2.5-7B 0.40 0.28

(b) Direct Model–Human Kendall’ s g

Table 3: Human–model agreement measured by Kendall’
s g across AT and MT settings.

3.2 Divergent Sensitivity to Mixed-Time
Expressions

Beyond overall performance, humans and LLMs also
differ in how their predictions align under mixed temporal
cues. Figure 1 illustrates human–LLM agreement patterns
under AT and MT settings. While AT narratives exhibit
substantial overlap between human and model predictions,
MT narratives lead to a marked reduction in overlap and an
increase in divergent judgments. This qualitative shift in-
dicates that humans and models respond differently to tem-
poral ambiguity introduced by mixed-time expressions.

This divergence is further supported by agreement statis-
tics reported in Table 3. Although some LLMs maintain
relatively high correlation with gold-standard orders un-
der MT settings, direct human–model agreement decreases
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Figure 1: Model vs. Human Agreement under AT and MT settings. Stacked bar plots show the distribution of prediction
outcomes for each model: Both correct (green), Human only correct (blue), Model only correct (purple), and Both wrong
(orange). (a) Absolute Time (AT): Models such as deepseek-reasoner, gpt-4, and qwq-32b achieve the highest human–
model overlap, while deepseek-v3 and qwen2.5-7b show more human-only correct cases, indicating weaker recovery of
masked time expressions. (b) Mixed Time (MT): All models see a sharp drop in Both correct counts, with increased
Model only correct and Both wrong cases. The gap between human and model judgments widens under ambiguous or
relative time cues, especially for qwen2.5-7b and deepseek-v3.

more noticeably. These results indicate that similar per-
formance levels do not necessarily correspond to aligned
temporal judgments. Instead, humans and LLMs appear
to rely on different strategies when integrating relative or
event-anchored temporal cues.

Taken together, these findings demonstrate that mixed-
time temporal reasoning affects humans and LLMs in qual-
itatively different ways. Observed model robustness under
mixed temporal conditions should therefore be interpreted
with caution, as it may reflect alternative inference strate-
gies rather than human-like temporal understanding.

4 Discussion and Conclusion
This study examined human and LLM temporal reason-

ing under narratives that mix absolute and relative time ex-
pressions. By directly comparing human judgments with
model predictions on the same event ordering task, we re-
vealed a clear divergence in how mixed-time temporal cues
are processed.

A central finding is that mixed-time narratives introduce
cognitive difficulty that disproportionately affects human
reasoning. While humans perform reliably when explicit
temporal anchors are available, their ability to maintain a
coherent global timeline degrades more sharply once tem-
poral relations must be inferred across relative or event-

anchored expressions. This sensitivity likely reflects the
reliance of human temporal reasoning on explicit anchors
and discourse-level integration, which become more de-
manding under temporal underspecification.

In contrast, several frontier LLMs exhibit comparatively
stable performance under mixed-time conditions. Impor-
tantly, this stability should not be interpreted as evidence of
human-like temporal understanding. Our agreement anal-
yses show that similar performance levels do not neces-
sarily correspond to aligned temporal judgments between
humans and models. Instead, LLMs may rely on alterna-
tive inference strategies, such as learned narrative regulari-
ties or surface-level temporal heuristics, that allow them to
maintain ordering consistency without resolving temporal
ambiguity in the same way humans do.

These findings have important implications for tempo-
ral reasoning evaluation. First, they highlight the necessity
of incorporating human baselines when interpreting model
robustness, particularly in settings where temporal infor-
mation is implicit or underspecified. Second, they caution
against equating strong model performance with cognitive
plausibility, as divergent reasoning behaviors may underlie
similar quantitative results.
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