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Abstract

Longitudinal chest X-ray (CXR) interpreta-
tion requires reasoning over disease evolution
across multiple patient visits, yet most exist-
ing medical VQA benchmarks focus on single
images or short-horizon image pairs. We intro-
duce MI-CXR, a benchmark for standardized
evaluation of Multi-Interval longitudinal rea-
soning over multi-visit CXR sequences, with-
out requiring free-form report generation or
additional clinical context. MI-CXR comprises
five-way multiple-choice questions over five-
visit patient timelines and instantiates three
complementary task families: Temporal Event
Localization, Interval-wise Change Reasoning,
and Global Trajectory Summarization, which
assess clinically grounded visual reasoning
over time. Evaluating 14 state-of-the-art vision—
language models (VLMs) shows low overall
performance (29.3% accuracy), only modestly
above random guessing. Using stage-wise diag-
nostic probing, we find that models often pro-
duce locally plausible interval descriptions but
fail to enforce temporal constraints or compose
evidence into globally consistent decisions over
the full timeline. These findings reveal key limi-
tations of current VLMs and establish MI-CXR
as a principled benchmark for longitudinal med-
ical reasoning. The benchmark is available at
https://github.com/AIDASLab/MI-CXR.

1 Introduction

Despite rapid progress in vision—language models
(VLMs) for medical image understanding, most
existing evaluations adopt simplified problem for-
mulations that diverge from real clinical work-
flows (Lau et al., 2018; Goldberger et al., 2000;
Mu et al., 2025). In chest X-ray (CXR) interpreta-
tion, diagnostic reasoning rarely relies on isolated
images; instead, clinicians routinely compare ex-
aminations acquired across multiple visits to assess
disease onset, progression, response to treatment,
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and recurrence (Olex and Mclnnes, 2021; Acosta
et al., 2022; Jin et al., 2021).

However, current CXR medical benchmarks pre-
dominantly focus on restricted settings, such as
single-image recognition (Lau et al., 2018; He et al.,
2020) or pairwise image comparison (Mu et al.,
2025; Goldberger et al., 2000; Zhang et al., 2025a).
While these formulations capture important sub-
problems, they fail to support many clinically mean-
ingful questions that are inherently longitudinal, in-
cluding when an abnormality first appears, whether
it recurs after resolution, and how disease evolves
over time (Van Timmeren et al., 2025).

A key challenge is that longitudinal interpreta-
tion imposes constraints absent in single-image or
pairwise settings. Clinical decisions must remain
globally consistent across temporally ordered visits,
resolving mutually exclusive event hypotheses and
composing local changes into coherent trajectory-
level conclusions (American College of Radiology,
2011; Lange et al., 2022; White et al., 1994; Zhang
et al., 2023; Johnson et al., 2019). As a result,
even when VLMs can describe local interval-level
changes (Team et al., 2025; Zhang et al., 2024a;
Sellergren et al., 2025; Pan et al., 2025; Li et al.,
2023), they may still fail at temporal diagnostic
reasoning that requires structured decision-making
over extended, dependent evidence. To address
this mismatch, we formalize medical VQA as a
problem of multi-interval longitudinal reasoning
over multi-visit CXR sequences. Rather than treat-
ing longitudinal understanding as a straightforward
extension of pairwise comparison, we decompose
it into three core reasoning capabilities that natu-
rally arise in clinical workflows and jointly stress
different aspects of temporal reasoning (Figure 1).

Specifically, Temporal Event Localization
(TEL) requires identifying when clinically mean-
ingful events—such as abnormality emergence, res-
olution, or recurrence—occur along the timeline,
emphasizing decisive reasoning under temporal or-
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Figure 1: Overview of longitudinal medical visual question answering and MI-CXR. Clinical image interpreta-
tion requires integrating evidence across multiple patient visits (top). We formalize longitudinal medical VQA into
three core reasoning capabilities—Temporal Event Localization (TEL), Interval-wise Change Reasoning (ICR), and
Global Trajectory Summarization (GTS)—and evaluate them over multi-visit CXR sequences using a diagnostic

stage-wise decomposition (bottom).

dering and exclusivity constraints (Xu et al., 2025;
Mann, 2025). Interval-wise Change Reasoning
(ICR) focuses on interpreting visual changes be-
tween consecutive visits, isolating local interval-
level perception that underlies longitudinal inter-
pretation (Hoang, 2016). Global Trajectory Sum-
marization (GTS) further requires integrating ev-
idence across all visits to characterize the overall
disease course, making decisions sensitive to cumu-
lative context and error propagation (Holste et al.,
2024; van Timmeren et al., 2025).

Based on this formulation, we introduce MI-
CXR, a benchmark for evaluating Multi-Interval
longitudinal reasoning over multi-visit CXR se-
quences. The benchmark consists of curated multi-
visit patient timelines paired with questions that
explicitly target the above reasoning capabilities
(i.e., TEL, ICR, and GTS). Crucially, each question
is constructed such that correct answers require ag-
gregating information across multiple visits, rather
than relying on cues from any single image or iso-
lated image pair. This enables a principled and
fine-grained assessment of whether models can
reason over extended visual evidence in a clini-
cally meaningful manner. Our evaluation under 14
state-of-the-art VLMs indicates that current VLMs
remain far from reliable for longitudinal medical

reasoning, with an average overall accuracy of only
29.3% across task categories.

We also employ a stage-wise task decomposition
that separates interval-level evidence articulation
from final decision making, enabling a principled
examination of how different task structures stress
distinct aspects of model reasoning. Through this
analysis, we show that while many models are ca-
pable of articulating local interval-level changes
when appropriately prompted, they frequently fail
to enforce exclusivity, bind events into ordered tem-
poral structures, or compose interval-level obser-
vations into coherent global trajectories. These
findings highlight a fundamental limitation of cur-
rent VLMs: the bottleneck lies not only in visual
perception, but also in structured temporal decision-
making over extended sequences. In summary, our
contributions are threefold:

* We introduce MI-CXR, a benchmark that sys-
tematically evaluates Temporal Event Local-
ization, Interval-wise Change Reasoning, and
Global Trajectory Summarization over multi-
interval CXR sequences.

* We formalize longitudinal CXR interpretation
as a global reasoning problem grounded in re-
alistic clinical workflows, emphasizing tempo-
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rally structured constraints (ordering, exclusiv-
ity, and trajectory-level consistency).

* We present a stage-wise diagnostic framework
that characterizes local and global reasoning
failures in current VLMs, revealing a systematic
gap where locally correct observations do not
reliably yield correct longitudinal decisions.

2 Related works

2.1 Medical Visual Question Answering for
Chest X-ray

Medical VQA for chest X-ray images has been
widely studied as a benchmark for multimodal un-
derstanding in clinical imaging (Liu et al., 2021;
Zhang et al., 2024b; Chen et al., 2024; Bae
et al., 2023, 2024; Chambon et al., 2024). Early
datasets such as VQA-RAD (Lau et al., 2018)
and PathVQA (He et al., 2020) focus on single-
image settings, evaluating snapshot-level recogni-
tion of abnormalities, anatomical structures, and
image attributes. Subsequent work extends this
paradigm to pairwise comparison settings, with
benchmarks such as MIMIC-Diff-VQA (Gold-
berger et al., 2000), MMXU (Mu et al., 2025), and
TemMed-Bench (Zhang et al., 2025a) targeting lo-
cal changes between two visits.

Beyond two-image settings, a few recent bench-
marks have begun to incorporate multi-visit CXR
data, though with substantially different objectives
from longitudinal reasoning evaluation. For ex-
ample, LUNGUAGE (Moon et al., 2025) focuses
on report generation over image sequences, while
CXReasonBench (Lee et al., 2025) introduces lim-
ited multi-timepoint question answering. However,
these benchmarks are not designed to explicitly
evaluate long-horizon longitudinal reasoning over
temporally ordered visual evidence.

Taken together, prior medical VQA benchmarks
for chest X-rays fall short in evaluating long-
horizon longitudinal reasoning: single-image and
pairwise datasets are limited to short-term reason-
ing, while existing multi-visit benchmarks empha-
size report generation or presence—absence judg-
ments without probing temporal event ordering,
recurrence, or resolution. Moreover, they do not
disentangle different stages of temporal reasoning,
making it difficult to analyze where longitudinal
inference breaks down.

2.2 Longitudinal Modeling and Multi-visit
Reasoning in Chest X-ray

Recent studies have explored longitudinal model-
ing for CXR analysis by incorporating prior im-
ages, historical reports, and clinical context to im-
prove diagnostic fidelity and report quality (Zhang
et al., 2025b; Cho et al., 2024; Hu et al., 2023;
Qiu et al., 2021; Zhang et al., 2024c). Many of
these approaches focus on radiology report gener-
ation, such as PriorRG (Liu et al., 2025a), HER-
Gen (Wang et al., 2024), and MAIRA-2 (Bouzid
et al., 2025), or on representation learning from lon-
gitudinal data, such as MLRG (Liu et al., 2025b).

While these methods demonstrate the value of
multi-visit information for modeling and gener-
ation, they are not designed to directly evaluate
whether models can reason over longitudinal vi-
sual evidence. In contrast, we focus on task-driven
evaluation of longitudinal reasoning, highlighting
a gap between existing longitudinal modeling ap-
proaches and the need for principled evaluation
benchmarks.

3 MI-CXR

We introduce MI-CXR, a new benchmark to eval-
uate global longitudinal reasoning over multi-visit
CXR images. MI-CXR comprises 5,311 multi-
choice instances across three task families: Tempo-
ral Event Localization (TEL), Interval-wise Change
Reasoning (ICR), and Global Trajectory Summa-
rization (GTS). Each instance is built on a patient
timeline consisting of five temporally ordered visits
(i.e., five CXR studies), which yields four consecu-
tive intervals for temporal reasoning, and consists
of a CXR sequence, a natural-language question,
and a set of answer options.

3.1 Task Description

Temporal Event Localization (TEL) TEL re-
quires identifying when clinically meaningful
events, such as abnormality emergence or resolu-
tion, occur along a multi-visit timeline. We con-
sider three temporal patterns with increasing struc-
tural complexity: Single (E/R), Multiple (E/R), and
ordered event patterns (E—R or R—E), which re-
quire reasoning under temporal ordering and exclu-
sivity constraints.

Interval-wise Change Reasoning (ICR) ICR
focuses on interpreting changes between consecu-
tive visits. Unlike standard pairwise comparison
settings, the relevant interval is not specified in
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Figure 2: Overview of MI-CXR construction. We repurpose structured metadata from MIMIC-Ext-CXR-QBA
and chest X-ray images from MIMIC-CXR-JPG to construct patient-level longitudinal timelines with at least five
visits. After fixing the longitudinal cohort, multiple question types are instantiated from the same timelines to
evaluate complementary longitudinal reasoning capabilities, including temporal event localization, interval-wise

change reasoning, and global trajectory summarization.

the question, requiring models to first localize the
described change within the timeline before inter-
preting its semantic content.

Global Trajectory Summarization (GTS) GTS
requires integrating evidence across all visits to
characterize the overall disease course. We instanti-
ate both single- and multi-abnormality cases, where
models must summarize or compare temporal tra-
jectories grounded in interval-level observations.

3.2 Benchmark Construction

As illustrated in Figure 2, MI-CXR is constructed
through a multi-stage pipeline including longitudi-
nal cohort formation, annotation quality filtering,
task instantiation, and post-processing. We follow
the official MIMIC-CXR patient-level split, ensur-
ing no patient appears across subsets.

Data Organization To achieve the high-quality
and fine-grained assessment, we follow the multi-
stage construction pipeline by repurposing patient-
study-timestamp metadata from MIMIC-Ext-CXR-
QBA (Miiller et al., 2025) and receiving the
corresponding CXR images from MIMIC-CXR-
JPG (Johnson et al., 2024). We first organize
studies into patient-wise longitudinal sequences by
sorting study timestamps, ensuring that all images

within a timeline correspond to the same patient
and that visit ordering is consistent with the acqui-
sition time. We then fix the longitudinal cohort
by retaining patients with at least five temporally
ordered visits; for each eligible patient we con-
struct a five-visit timeline. The inter-study intervals
within five-visit windows span a wide range—from
same-day follow-ups to multi-year longitudinal tra-
jectories—reflecting realistic clinical monitoring
patterns rather than artificially constrained scenar-
ios. This design choice captures diverse longitu-
dinal patterns encountered in practice (see Appen-
dices A.1-A.5 for the metadata mapping and cohort
selection details).

Before the task instantiation, we apply a data
quality filtering stage based on the quality attributes
provided in MIMIC-Ext-CXR-QBA. Specifically,
we retain only annotations that meet predefined
quality thresholds across the annotated multiple di-
mensions, ensuring that all downstream summaries
and questions are constructed from high-confidence
radiologist-derived observations.

QA Pair Generation After fixing the longitudi-
nal cohort and validating annotation quality, we
instantiate three task families (TEL, ICR, GTS)
from the same timelines to probe complementary
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aspects of longitudinal reasoning. For each ques-
tion, we generate a five-way option set consist-
ing of one correct answer and multiple distractors.
Correct answers are constructed by recombining
annotated findings into temporally coherent state-
ments. Distractors introduce controlled factual in-
consistencies, such as incorrect temporal placement
or change direction, while remaining annotation-
grounded and clinically plausible (see Appendix B
for question templates across each task).

Importantly, distractors are designed to remain
annotation-grounded and avoid unsupported clin-
ical inference, ensuring that incorrect options are
plausible but definitively wrong under careful tem-
poral reasoning. Detailed generation procedure is
depicted in Appendix A.6.

Post-processing and QA Validation After QA
pair generation, we apply post-processing and vali-
dation to ensure balanced and reliable evaluation.
All multiple-choice questions use a fixed option
set (A—E). Correct answer positions are uniformly
distributed across the options, preventing selection
bias (Li and Gao, 2025; Zheng et al., 2024). Addi-
tionally, abnormality types are sampled to match
their overall frequency distribution, ensuring pro-
portional representation across entities.

Both correct answers and distractors are vali-
dated using three annotation-aligned criteria: anno-
tation coverage, change direction consistency, and
context bound insurance. Correct answers must
satisfy all criteria, while distractors must violate at
least one factual criterion without introducing over-
interpretation. The detailed validation protocol and
result are provided in Appendix A.7.

Finally, starting from an initial pool of 11,234
candidate QA pairs constructed from the longi-
tudinal cohort (patients with at least 5 CXR vis-
its), we retain 5,311 high-quality longitudinal CXR
QA instances after quality filtering and valida-
tion. Detailed dataset statistics are presented in
Appendix A.8.

4 Experiments

4.1 Experimental Setup

We evaluate 14 state-of-the-art VLMs on MI-CXR.
We adopt zero-shot prompting as the primary pro-
tocol to ensure reproducible, cross-model compar-
isons, since few-shot performance can be sensitive
to exemplar selection and ordering, and construct-
ing demonstrations for longitudinal medical rea-
soning risks unintended guidance.

Following our dataset design, the evaluation fo-
cuses on annotation-grounded temporal reasoning
and does not provide free-text radiology reports or
additional clinical context. Unless otherwise stated,
decoding is deterministic (temperature = 0 and de-
fault settings for other sampling parameters under
each provider’s recommended protocol). Models
are instructed to output exactly one choice among
A-E. We apply a single deterministic rule-based
extraction procedure shared across all models to
map outputs to a valid option; outputs that do not
yield a valid option are counted as incorrect. As the
primary evaluation metric, accuracy is computed
overall and per task family/subtype.

Evaluated models are grouped into three cate-
gories: closed-source general-purpose VLMs (Ope-
nAl, 2025b; Anthropic, 2024; DeepMind, 2024),
open-source general-purpose VLMs (Wang et al.,
2025b; Team, 2025; Wu et al., 2024; Laurengon
et al., 2024), and medical-specialized VLMs (Team
et al., 2025; Sellergren et al., 2025). This group-
ing lets us examine whether domain specialization
(or scale) is associated with longitudinal reasoning
performance on MI-CXR.

4.2 Baseline Performance

Table 1 summarizes baseline performance across
all task families and question subtypes under
single-step prompting. Because MI-CXR is a five-
way multiple-choice benchmark, random guess-
ing yields 20% accuracy; we therefore emphasize
both absolute accuracy and the margin over chance.
Across model categories, even for large-scale or
medically specialized models, we observe consis-
tently low performance and non-trivial variance
across task families, indicating that long-horizon
temporal reasoning over multi-visit CXR remains
challenging for current VLMs rather than being
driven by a single pathological task design.

4.2.1 Task-wise Comparison

Temporal Event Localization (TEL) Overall
performance on TEL is uniformly low across all
TEL subtypes. Accuracy remains modest for Sin-
gle E/R questions, indicating that even basic tempo-
ral grounding over extended timelines is unreliable.
Similarly low performance is observed for Multiple
E/R and E—R / R—E questions, suggesting that
TEL remains challenging across all task formula-
tions, regardless of subtype-specific complexity.

Interval-wise Change Reasoning (ICR) Over-
all performance on ICR remains consistently low
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TEL

ICR GTS

Category Model Overall
Single (E/R) Multiple (E/R) E—R/R—E - Single Abnormality Multi Abnormality
Claude Sonnet 4.5 0.226 0.222 0.243 0.442 0.389 0.292 0.315
Closed Gemini 3.0 Pro 0.246 0.325 0.290 0.457 0.556 0.407 0.387
GPT-5.2 0.334 0.371 0.358 0.438 0.558 0.390 0.411
InternVL3.5-8B 0.239 0.295 0.193 0.552 0.389 0.371 0.358
InternVL3.5-14B 0.248 0.266 0.223 0.293 0.374 0.276 0.281
InternVL3.5-38B 0.298 0.306 0.224 0.571 0.510 0.515 0.418
General QwenVL3-8B 0.237 0.295 0.185 0.164 0.328 0.236 0.234
QwenVL3-32B 0.258 0.246 0.240 0.224 0.363 0.325 0.272
DeepSeek-VL-16B 0.223 0.124 0.200 0.186 0.160 0.187 0.181
IDEFICS2-8B 0.165 0.308 0.291 0.246 0.281 0.178 0.245
Lingshu-7B 0.230 0.260 0.165 0.189 0.324 0.194 0.223
Medical Lingshu-32B 0.221 0.247 0.214 0.167 0.388 0.290 0.247
MedGemma-4B 0.174 0.196 0.301 0.281 0.259 0.183 0.237
MedGemma-27B 0.215 0.351 0.254 0.429 0.255 0.214 0.299

Table 1: Baseline performance of the state-of-the-art VLMs on MI-CXR. Results are reported across task
families and question subtypes under single-step prompting. Overall low accuracy across models highlights the
difficulty of long-horizon temporal diagnostic reasoning and motivates further analysis of underlying failure modes.
See Appendix C for results with different temperature setting for evaluated models.

across models, indicating that the task difficulty
extends beyond visual change recognition to the
challenge of selecting the correct interval among
multiple plausible candidates within a longer time-
line. Nevertheless, several model families ex-
hibit comparatively stronger performance, includ-
ing the InternVL3.5 family (with the exception of
the 14B variant), all closed-source models, and
MedGemma, which consistently outperform the
remaining open-source baselines on this task.

Global Trajectory Summarization (GTS) Per-
formance on GTS differs by question structure.
Across most evaluated models, Single Abnormal-
ity questions tend to yield higher accuracy than
Multi Abnormality questions, while a small num-
ber of models deviate from this pattern. This indi-
cates that introducing multiple abnormalities gen-
erally increases reasoning difficulty by expanding
the space of competing global trajectories.

4.2.2 Model Category Comparison

Across task families, closed-source models gener-
ally achieve higher average performance, particu-
larly on ICR and GTS, but this trend is not uniform
across all closed models or task types, and none
demonstrate consistently robust longitudinal rea-
soning across TEL, ICR, and GTS.

Open-source models exhibit substantial intra-
family variance: while larger variants (e.g.,
InternVL3.5-38B) often outperform their smaller
counterparts, this scaling effect is inconsistent, and
several models still struggle on complex TEL sub-
types and multi-abnormality GTS settings.

Medical-specialized VLMs show mixed behav-

ior, occasionally matching or exceeding general-
purpose models on specific tasks (e.g., GTS Single
Abnormality or ICR for MedGemma-27B), but do
not exhibit systematic advantages across task fami-
lies or within their own model families.

Overall, these results indicate that neither model
category nor parameter scale alone reliably predicts
longitudinal reasoning performance, and that tem-
poral reasoning failures persist across architectures
and domains.

4.3 Capability-Aligned Task Decomposition

The baseline results indicate that directly prompt-
ing models to reason over five images in a single
step yields limited performance. However, aggre-
gate accuracy does not clarify whether failures stem
from missing local visual evidence or from diffi-
culties in integrating such evidence into a glob-
ally consistent decision. To probe this distinction,
we analyze model capabilities under a controlled
capability-aligned task decomposition.

4.3.1 Probing Local Interval Reasoning
Capability

We first examine whether models can correctly rea-
son about visual changes when the relevant tem-
poral interval is explicitly specified. To this end,
we construct an ICR variant dataset in which each
question focuses on a predefined pair of visits. This
formulation isolates local interval reasoning by re-
moving the need for interval selection.

Table 2 reports model performance on the ICR
variant. Results show that models achieve substan-
tially higher accuracy on this ICR variant com-
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Category Model ICR Variant
Claude Sonnet 4.5 0.601
Closed Gemini 3.0 Pro 0.743
GPT-5.2 0.765
InternVL3.5-8B 0.667
InternVL3.5-14B 0.661
InternVL3.5-38B 0.634
General QwenVL3-8B 0.590
QwenVL3-32B 0.601
DeepSeek-VL-16B 0.284
IDEFICS2-8B 0.448
Lingshu-7B 0.585
. Lingshu-32B 0.705
Medical 1 1Gemma-4B 0.617
MedGemma-27B 0.705

Table 2: Performance comparison on ICR Variant
across model categories.

pared to ICR in the main benchmark, suggest-
ing that many VLMs are capable of interpreting
interval-level changes when the temporal scope is
constrained. Detailed dataset construction and per-
formance statistics for this variant are provided in
Appendix D.

4.3.2 Stage-wise Diagnostic Probing

Motivated by this observation, we further evalu-
ate models using a stage-wise inference protocol
aligned with their apparent capabilities. In the
first stage, models are prompted to generate struc-
tured, interval-wise descriptions of visual changes
between consecutive visits. In the second stage,
models answer the original question based solely
on these intermediate descriptions.

By separating local evidence articulation from
decision making, we aim to assess whether models
already possess useful interval-level understanding
that is not effectively utilized under single-step
prompting. See Appendix E for detailed probing
construction.

As shown in Figure 3, this capability-aligned
decomposition consistently improves performance
across models® and task types. The gains indicate
that prompting models to explicitly reason about
each interval reduces interference among compet-
ing temporal hypotheses and allows them to better
leverage their local comparison capabilities.

“We attempted to evaluate DeepSeek-VL under the same
evaluation protocol; however, it did not consistently produce
valid stage-wise intermediate outputs and was therefore omit-
ted from the reported results.

06 +15.1%418.6%

0.5
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Figure 3: Performance under capability-aligned task
decomposition. Models are evaluated using a stage-
wise inference protocol that separates interval-level evi-
dence articulation from final decision making.

S Error Patterns in Longitudinal
Grounding

To better understand the limitations of current
VLMs on longitudinal medical reasoning, we ana-
lyze error patterns across task categories. A central
finding is that most failures do not stem from mis-
perceiving individual images or short-term changes,
but from breakdowns in temporal decision-making
when models must reason over multiple dependent
visits. Locally plausible interpretations often fail
to propagate into coherent global conclusions, re-
vealing systematic weaknesses in how temporal
evidence is selected, prioritized, and integrated.

Rather than treating errors as isolated mistakes,
we analyze how different task families expose dis-
tinct but related failure modes. By jointly exam-
ining the intermediate interval-level outputs from
the stage-wise inference protocol (Section 4.3.2)
and final model decisions, we identify where er-
rors arise in the reasoning pipeline and why they
manifest differently across tasks.

5.1 Failures in Temporal Event Localization

A common failure mode in TEL is that models
recognize the presence of an event but struggle to
localize it precisely. Under the stage-wise infer-
ence protocol, models often correctly describe the
emergence or resolution of an event across multi-
ple adjacent intervals, but fail to identify a single
interval as temporally decisive, as illustrated in Fig-
ures 17-19 from Appendix F.1. Importantly, stage-
wise analysis shows that models frequently treat
multiple intervals as equally plausible candidates
for the target event. When tasks require selecting
the earliest occurrence or a unique decisive inter-
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val, models often fail to enforce these constraints,
leading to incorrect predictions.

These patterns indicate that TEL is challenging
because it requires resolving competing temporal
hypotheses. Current models lack robust mecha-
nisms for prioritizing one interval over others when
multiple points along the timeline appear consistent
with the event, resulting in systematic breakdowns
in temporal grounding.

5.2 Failures under Interval Ambiguity in
Change Reasoning

Interval-wise Change Reasoning (ICR) focuses on
interpreting visual changes between consecutive
visits and committing to a specific interval-level
interpretation. Errors in this task family frequently
arise when visual differences are subtle or when
the visual evidence supporting a particular change
is weak. In such cases, ambiguity is not due to
the absence of observable findings, but rather to
marginal differences that do not clearly support a
single directional interpretation.

As illustrated in Figure 20 from Appendix F.2,
stage-wise intermediate outputs often describe
interval-level changes using hedged or non-
committal language (e.g., “only marginal and am-
biguous change”), indicating that multiple interpre-
tations remain plausible. Despite this ambiguity,
models tend to overcommit to a specific abnor-
mality and direction of change without sufficient
supporting evidence.

Stage-wise analysis shows that when interval-
level signals are marginal, models often either mis-
interpret the direction or magnitude of change, or
collapse uncertainty into a single hypothesis dur-
ing answer selection. This results in forced-choice
errors, where definitive decisions are made despite
the absence of a clearly supported interval-level
change.

These failures highlight the interaction between
fine-grained visual discrimination and decision
commitment. When correctness depends on subtle
distinctions across short intervals, the requirement
to select a single answer amplifies uncertainty and
exposes limitations in how models balance caution
against decisiveness.

5.3 Failures in Global Evidence Integration
and Trajectory Reasoning

Global Trajectory Summarization (GTS) presents
the greatest challenge among the task families, as
it requires integrating evidence distributed across

all visits into a coherent interpretation of disease
progression. Errors in this setting are dominated
by failures in composing interval-level information
and maintaining consistency at the trajectory level.

Even when interval-level descriptions are largely
correct, models often fail to reconcile these observa-
tions into a single globally consistent summary as
shown in Figures 21-22 from Appendix F.3. Stage-
wise analysis shows that local interpretations do
not reliably propagate into final decisions, and mild
inconsistencies or early misjudgments can cascade
into incorrect global conclusions.

These patterns point to a fundamental limitation
in temporal evidence integration. As the temporal
scope increases and correctness depends on joint
reasoning across multiple intervals, models strug-
gle to maintain coherence over the full sequence.
This fragility explains why performance degrades
most sharply in tasks that require holistic trajec-
tory reasoning rather than isolated or short-horizon
comparisons.

Taken together, these error patterns suggest that
the primary bottleneck in longitudinal medical rea-
soning lies not only in visual perception, but also in
temporal decision-making under dependency. Dif-
ferent task families expose distinct aspects of this
limitation, including the ability to assign decisive-
ness to specific intervals, commit under ambiguity,
and integrate distributed evidence into stable global
interpretations. By revealing where and why tem-
poral reasoning breaks down, our analysis provides
guidance for the development of future models ca-
pable of reliable longitudinal inference. A quanti-
tative breakdown of these error types across task
families and model categories is provided in Ap-
pendix G.

6 Robustness Analysis

The error patterns identified in Section 5 suggest
that these failures may stem either from intrin-
sic limitations in longitudinal reasoning or from
artifacts related to task-format unfamiliarity and
prompt sensitivity. We investigate these possibili-
ties through two complementary analyses.

Report Generation Format To examine
whether failures persist beyond the multiple-
choice format, we conducted a pilot study in
which representative models generated free-form
interval-based summaries for GTS-type questions
(Appendix H). All models achieved modest scores
across natural language generation (NLG) metrics
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(Table 18). Qualitative failure modes closely
aligned with those observed in the structured
MCAQ setting: models produced locally plausible
interval descriptions but failed to compose them
into coherent global trajectories. This convergence
across evaluation formats indicates that the primary
bottleneck lies in longitudinal evidence integration
rather than in output generation mechanics,
reinforcing the MCQ formulation as a reproducible
and format-independent diagnostic tool.

Prompting Strategies We evaluated two prompt-
ing variants beyond the zero-shot baseline:
reasoning-style guidance (Kojima et al., 2022),
and question type-matched 1-shot demonstration.
As shown in Appendix I, neither of these vari-
ants yielded consistent performance improvements.
Notably, 1-shot prompting produced slight degra-
dation across all three representative models (Ta-
ble 20), suggesting that introducing demonstration
examples does not alleviate cross-interval integra-
tion demands and may in fact dilute temporal at-
tention by expanding the visual context. Across
all prompting variations, the qualitative failure pat-
terns identified in Section 5 remain intact, confirm-
ing that they do not stem from task-format ambigu-
ity or prompt sensitivity.

7 Conclusion

In this work, we introduce MI-CXR, a benchmark
for longitudinal medical visual question answer-
ing that targets temporal reasoning over multi-
visit CXR sequences. By formulating longitudi-
nal interpretation as Temporal Event Localization,
Interval-wise Change Reasoning, and Global Tra-
jectory Summarization, our benchmark moves be-
yond single-image and pairwise evaluations toward
clinically grounded assessment of visual reason-
ing over time. Our evaluation shows that current
VLMs struggle consistently across all longitudinal
task categories. These failures are not primarily
due to deficient visual perception, but rather to lim-
itations in temporal decision-making.

We hope this benchmark will serve as a diag-
nostic tool for evaluating longitudinal reasoning in
multimodal medical Al system and motivate future
work on representations and inference mechanisms
that better support structured temporal reasoning
in medical imaging.

Limitations

Our analysis is centered on visual and decision-
level reasoning, and does not incorporate comple-
mentary clinical context such as laboratory values
or textual reports, which often inform longitudi-
nal interpretation in practice. Also, the stage-wise
evaluation framework enables diagnostic analysis
of temporal reasoning failures, it does not reveal
the internal mechanisms by which models process
temporal information. We view these limitations
as opportunities for future work to extend longitu-
dinal reasoning benchmarks to broader modalities,
longer temporal horizons, and richer multimodal
settings.

Ethical Consideration

MI-CXR is a benchmark designed to evaluate lon-
gitudinal reasoning capabilities of vision—language
models on chest X-ray sequences. It is intended
solely for research and evaluation purposes, and
not for clinical deployment or decision-making.

Data Source and Privacy MI-CXR is con-
structed by repurposing publicly available datasets,
MIMIC-CXR-JPG and MIMIC-Ext-CXR-QBA,
which are distributed via PhysioNet under the Phy-
sioNet Credentialed Health Data License (Version
1.5.0). All patient identifiers are removed, and
no attempt is made to re-identify individuals. MI-
CXR does not introduce new annotations that could
enable re-identification, nor does it modify the orig-
inal data in a manner that weakens the privacy guar-
antees of the source datasets. All results are re-
ported in aggregate form, and no individual-level
information is disclosed.

Clinical Safety and Misuse Risks Although
MI-CXR involves medical images and clinically
grounded questions, it does not provide diagnos-
tic recommendations or treatment guidance. The
benchmark evaluates whether models can rea-
son over temporally ordered visual evidence, not
whether they can make correct clinical decisions.
We strongly discourage the use of models evalu-
ated on MI-CXR for autonomous clinical interpre-
tation or medical decision-making without rigorous
validation, regulatory approval, and human over-
sight. Incorrect longitudinal reasoning—such as
misidentifying disease onset, resolution, or recur-
rence—could lead to harmful conclusions if mis-
used in clinical settings.
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Transparency and Reproducibility We aim
to promote transparency and reproducibility by
clearly documenting the benchmark construction
process, task definitions, and evaluation protocols.
MI-CXR is released to support responsible research
on longitudinal medical reasoning and error analy-
sis. We encourage future work to build upon this
benchmark to develop more robust, interpretable,
and clinically aligned longitudinal reasoning mod-
els, while adhering to ethical standards for medical
Al research.
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Category Field Description
patient_id Unique patient identifier used for longitudinal aggregation.
study_id Unique imaging study identifier.

Study-level Metadata study_index

timestamp & days_since_prev

Relative temporal index of the study within a patient time-
line.
Temporal information used to verify chronological ordering.

image_id
view_position
image_size

Image Metadata

Unique identifier for each chest radiograph.
Acquisition view (e.g., PA, lateral).
Image resolution and dimensions.

obs_entities

Observation Annotation obs_categories
regions & laterality

changes

change_sentence

Radiological abnormality entities (e.g., cardiomegaly, pleu-
ral effusion).

High-level category (e.g., disease, anatomical finding).
Anatomical localization and laterality information.
Explicit temporal change labels (emergence, resolution, im-
provement, persistence).

Natural language description of the annotated change.

certainty

Quality Indicators obs_quality
study_quality
localization_quality

Certainty level of the observation annotation.
Observation-level quality scores for entity, region, and
change extraction.

Overall study-level annotation quality.

Quality of spatial grounding for annotated regions.

Table 3: Metadata fields utilized from MIMIC-Ext-CXR-QBA for dataset construction.

A Details of MI-CXR

A.1 Source Datasets and Metadata Fields

MI-CXR is constructed by integrating chest radio-
graphs from the MIMIC-CXR-JPG dataset (John-
son et al., 2024) with structured, high-resolution
annotations provided by MIMIC-Ext-CXR-
QBA (Miiller et al., 2025). We exclusively rely
on the structured metadata and scene graph
annotations released by MIMIC-Ext-CXR-QBA,
and do not directly use free-text radiology reports
during question construction.

Each imaging study is associated with a meta-
data file that contains patient-level and study-level
information, including patient identifiers, study
identifiers, relative temporal indices within a pa-
tient timeline, acquisition timestamps, and detailed
image attributes such as view position (e.g., PA,
lateral), patient orientation, and image resolution
(Table 3). These metadata fields enable unambigu-
ous patient—study mapping and temporal ordering
across longitudinal imaging sequences.

In addition, each study is accompanied by a
scene graph annotation that encodes radiological
observations in a fully structured form. Each ob-
servation specifies the abnormality entity (e.g., car-
diomegaly, pleural effusion), anatomical regions
and laterality, categorical labels (e.g., disease or
anatomical finding), and explicit temporal change
types such as emergence, resolution, improvement,
or persistence. Importantly, temporal changes are

directly annotated in the scene graph rather than
inferred post hoc from report text.

To ensure annotation reliability, the scene graph
further provides multiple quality indicators at both
the observation and study levels, including en-
tity extraction quality, region localization quality,
change annotation quality, and overall study-level
quality scores. We utilize these quality attributes to
filter out uncertain or low-confidence annotations
during dataset construction, retaining only obser-
vations with certain certainty labels and sufficient
extraction quality.

Finally, we aggregate study-level scene graph
annotations into patient-level temporal sequences,
which serve as the foundation for subsequent
sliding-window generation and question formula-
tion. This design allows our benchmark to focus on
explicit, annotation-grounded temporal reasoning
rather than implicit report interpretation.

A.2 Patient-Study Mapping and Temporal
Ordering

All temporal reasoning tasks in our benchmark
are constructed at the patient-level, where each
patient is represented by an ordered sequence of
imaging studies. We aggregate studies using unique
patient identifiers, and treat each study as a single
clinical visit, regardless of the number of associated
images (e.g., postero-anterior and lateral views).

Temporal ordering within each patient timeline
is determined primarily by the study_index field
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# Visits (7')  # Intervals (7'—1)

Supported Reasoning Capabilities

=N -

2
3
4
5

Single before—after comparison; no temporal pattern modeling.

Single change detection; vulnerable to noise and transient fluctuations.

Limited sequencing of changes; insufficient for global trajectory reasoning.
Multiple emergence/resolution events; E—R or R—E transitions; interval-

wise reasoning; global trajectory summarization.

>5 >4
generation.

Longer trajectories with increased redundancy; handled via sliding-window

Table 4: Relationship between the number of patient visits and the temporal reasoning capabilities supported

in the benchmark.

patient_id: p10000980
study_sequence:

- 550984512

- s50984733

- 550984901

- s50985099

- 550985321

studies:
$50985099:

- obs_entities: [pulmonary edemal
changes: [resolution]

- obs_entities: [cardiomegaly]
changes: [improvement]

- obs_entities: [pleural effusion]
changes: [resolution]

Figure 4: Example of a patient-level temporally or-
dered study sequence constructed from scene graph
annotations. Each study represents a single clinical
visit and aggregates all associated observations and tem-
poral change labels.

provided in the metadata, which encodes the rel-
ative chronological position of each study for a
given patient. This ordering is further validated
using timestamp-related fields, including acquisi-
tion time and elapsed time since the previous study,
to ensure temporal consistency. Studies with am-
biguous or inconsistent temporal information are
excluded prior to timeline construction.

Each study thus corresponds to a discrete time
point in the patient’s longitudinal trajectory, and
may include multiple radiographs acquired during
the same visit. All abnormality observations and
temporal change annotations are associated with
the study-level time point, rather than individual
images, to avoid artificial fragmentation of clinical
events.

Following temporal ordering, each patient is rep-
resented as a strictly ordered sequence of studies:

Patient p — [s1,s2,...,s7],

where T denotes the total number of valid visits
for the patient. These ordered patient-level study

sequences serve as the fundamental input for sub-
sequent filtering by minimum visit length, sliding
window generation, and question construction.

By explicitly enforcing patient-level aggregation
and unambiguous temporal ordering prior to ques-
tion generation, our benchmark ensures that all tem-
poral reasoning tasks are grounded in well-defined
and clinically coherent longitudinal trajectories.

A.3 Minimum Visit Threshold

We restrict our dataset to patients with at least five
valid imaging studies. This minimum visit thresh-
old is not chosen heuristically, but is a structural
requirement imposed by the temporal reasoning
tasks targeted in our benchmark (Table 4).

A patient with 7" longitudinal visits yields 7' — 1
consecutive temporal intervals. When T < 5, the
resulting temporal context is insufficient to sup-
port well-defined temporal reasoning beyond triv-
ial before—after comparisons. In particular, time-
lines with two or three visits only permit isolated
change detection and cannot disambiguate transient
fluctuations from sustained disease progression or
resolution.

With fewer than four intervals, it is not possible
to reliably define temporal patterns involving mul-
tiple change events, such as repeated emergence
or resolution, transitions between emergence and
resolution (e.g., E=R or R—E), or persistent ab-
normalities followed by delayed resolution. These
patterns form the core of our question types.

By enforcing a minimum of five visits, each pa-
tient timeline contains four consecutive intervals,
which is the smallest temporal span that enables:

* interval-wise reasoning over multiple adjacent
changes,

* differentiation between temporary improvement
and true resolution, and

* global summarization of abnormality trajecto-
ries across the entire observation window.
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This temporal depth is essential for avoiding ill-
posed questions that admit multiple valid interpre-
tations.

Although this constraint reduces the total num-
ber of eligible patients, it substantially improves
the semantic validity and clinical coherence of the
resulting benchmark instances. By excluding short
or incomplete timelines, we ensure that each ques-
tion is grounded in a longitudinal trajectory with
sufficient temporal context to support unambiguous
reasoning.

We note an additional practical consideration
related to long temporal inputs. As the number
of visits increases, both open-source and closed-
source vision—language models are required to pro-
cess longer image sequences and more complex
contextual information. In practice, we observe
that excessively long visit sequences may lead to
increased inference instability, such as truncated
responses or malformed outputs, even for large
closed-source models.

Importantly, this observation does not motivate
our minimum visit threshold, which is determined
solely by the structural requirements of the targeted
temporal reasoning tasks. Rather, limiting the visit
length helps avoid pathological failure cases dur-
ing large-scale evaluation and ensures consistent
benchmark execution across diverse model fami-
lies.

A.4 Sliding Window Generation

Design Aspect Specification

Window size
Stride
Temporal constraint

5 consecutive studies (Vvisits)

1 (overlapping windows)

Study indices must be strictly contigu-
ous

Study-level (visit-level), not image-
level

Identical windows used for TEL, ICR,
and GTS

Normalize temporal context and en-
able consistent evaluation

Time granularity
Reuse across tasks

Purpose

Table 5: Sliding window generation strategy for pa-
tient timelines.

Patients with more than five valid imaging studies
are decomposed into multiple fixed-length tempo-
ral windows using a sliding window strategy. Each
window consists of five consecutive studies, corre-
sponding to five temporally ordered clinical visits,
and serves as the basic unit for question construc-
tion. Windows are generated with a stride of one,
such that a patient with 7" visits yieldsup to 7' — 4

overlapping windows. To preserve temporal coher-
ence, we only retain windows in which the study
indices form a strictly contiguous sequence. This
constraint ensures that no visits are skipped within
a window and that all temporal intervals represent
consecutive clinical observations.

All windows are constructed at the study (visit)
level rather than the image level. Each study within
a window may include multiple radiographs ac-
quired during the same visit, which are jointly as-
sociated with the corresponding time point. Tem-
poral change annotations are therefore aligned to
visit-level intervals (e.g., 77 — T5), avoiding artifi-
cial fragmentation of clinical events. Importantly,
sliding windows are generated independently of
the downstream question types. The same set of
windows is reused across all task categories, includ-
ing Temporal Event Localization, Interval-wise
Change Reasoning, and Global Trajectory Summa-
rization. Task-specific questions are subsequently
instantiated by analyzing the temporal change pat-
terns observed within each window.

This sliding window formulation allows the
benchmark to leverage long patient histories while
maintaining a fixed and controlled temporal con-
text for each problem instance. It also prevents data
imbalance arising from variable sequence lengths
and enables consistent evaluation across diverse
model families.

A.5 Excluded Cases
AS.1

Prior to question construction, we apply a series of
filters at the window level to ensure temporal coher-
ence and annotation completeness. First, sliding
windows are required to consist of strictly contigu-
ous study indices, such that no visits are skipped
within a window. This constraint guarantees that
all temporal intervals correspond to consecutive
clinical observations.

Window-level Filtering

Second, only observations annotated with
certain certainty and belonging to valid disease-
related categories are retained. Windows in which
an abnormality is absent or ambiguously annotated
at any visit are excluded from further consideration.
As aresult, each retained window—abnormality pair
represents a complete and well-defined temporal
sequence without missing states.

These window-level filters remove ill-posed
or temporally ambiguous inputs before any task-
specific questions are instantiated.
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A.5.2 Question-level Filtering and Balancing

After generating all candidate questions from valid
windows, we apply additional filtering and sam-
pling procedures at the question level to control
dataset balance and difficulty. This stage does not
remove ill-defined questions, but rather enforces
distributional constraints to prevent biased or de-
generate evaluation.

Specifically, we impose per-question-type quo-
tas to ensure balanced coverage across different
temporal reasoning categories. We further limit
the proportion of questions associated with any sin-
gle abnormality, preventing over-representation of
common findings. In addition, we cap the fraction
of questions whose correct answer corresponds to
a null option (e.g., “none of the above”), which is
known to induce shortcut strategies.

Finally, we regulate the distribution of window-
level certainty patterns, such as windows contain-
ing uniformly positive or uniformly negative ab-
normality states. These question-level constraints
collectively improve benchmark robustness while
preserving the semantic validity of each individual
question.

A.6 LLM-assisted Question Text Generation

Component LLM Involvement

Temporal ordering
Abnormality detection
Change type labeling
Interval/global summaries
Distractor generation
Answer correctness

None (metadata-driven)
None (metadata-driven)
None (annotated)
Language realization only
Rule-based flips only
Deterministic, rule-based

Table 6: LLM Involvement in question generation.

GPT-5.1 (OpenAl, 2025a) is used in our bench-
mark solely to generate natural language question
texts and answer options from pre-defined struc-
tured annotations. All temporal ordering, abnor-
mality identification, and change labels are deter-
mined prior to LLM invocation using scene graph
annotations and rule-based logic.

For interval-wise and global trajectory summa-
rization tasks, the LLM receives as input a struc-
tured representation of abnormality states and anno-
tated temporal changes. Its role is limited to verbal-
izing this information into concise natural language
summaries under strict constraints. Specifically,
the model is instructed to preserve entity names,
temporal intervals, and laterality, while refraining
from introducing clinical interpretation, diagnostic
inference, or additional findings.

To construct multiple-choice questions, incor-
rect answer options are generated by applying con-
trolled semantic flips to change-type descriptors
(e.g., “improves” versus “worsens”, “resolves” ver-
sus “persists”). The LLM is explicitly constrained
to modify only the taxonomy phrase, while keep-
ing the temporal structure, entity references, and
sentence format unchanged. This design ensures
that all distractors remain medically plausible yet
objectively incorrect with respect to the underlying
annotations.

Importantly, the LLM is never used to deter-
mine the correctness of answers, infer temporal
relationships, or resolve ambiguities in the source
data. All correctness labels are derived determinis-
tically from the original annotations. By restricting
the LLM to surface-level language generation, we
avoid confounding benchmark difficulty with im-
plicit model reasoning during dataset construction.

A.6.1 Prompt Templates for LLM-assisted
Question Generation

We disclose all prompt templates used for LLM-
assisted question text generation to ensure full re-
producibility (Figures 5-8). Specifically, single-
entity and multi-entity interval summary questions
are generated using the interval-level prompt tem-
plates, while single-entity and multi-entity global
summary questions are generated using the global-
level prompt templates, each in both correct and
incorrect variants. All prompts are used exclu-
sively for surface-level language realization from
pre-defined structured annotations, and the LLM
is never permitted to determine temporal order, ab-
normality presence, change types, or answer cor-
rectness.

All dataset construction steps are deterministic.
Sliding window generation, filtering criteria, and
correctness labels are entirely rule-based. LLM-
assisted text generation is executed with fixed de-
coding settings and used only for surface-level re-
alization. The final dataset is released as a static
benchmark and does not require LLM access for
evaluation.

A.7 Generated QA Pair Validation

A.7.1 Consistency Verification

We apply LLM-assisted verification to ICR, ICR
Variant, and GTS questions, where answer op-
tions include LLM-generated summaries or dis-
tractors. Temporal Event Localization (TEL) is
excluded because TEL questions are constructed
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You are a medical language assistant.

Your task is to generate a concise interval-based temporal
summary for a radiologic abnormality across an image sequence

Rules:

- Describe the abnormality at the entity level.

- Include laterality ONLY if explicitly present.

- Mention all relevant intervals in temporal order
- Use no more than ONE sentence.

- Use at most ONE semicolon.

- Do NOT infer etiology or diagnosis.

- Do NOT add information not present in the input.

Figure 5: Correct interval summary prompt.

You generate incorrect but medically plausible interval-based
summaries for a single abnormality.

Rules:

- Use ONLY semantic change-type flips.
- Keep interval positions unchanged.

- Keep laterality unchanged if present.
- Do NOT match the correct summary.

- One sentence, at most one semicolon.

Figure 6: Incorrect interval summary prompt.

You are a medical language assistant.

You generate correct interval-based temporal summaries for
multiple radiologic abnormalities independently.

CRITICAL REQUIREMENTS:

- You MUST generate exactly ONE summary for EVERY abnormality
provided.

- DO NOT omit any abnormality under any circumstance.

- Even if an abnormality shows no change, remains stable, or
is normal, you MUST explicitly state that it remains
stable or unchanged.

- The output JSON MUST contain exactly the same set of
abnormality keys as the input abnormalities.

CONTENT RULES:

- Each summary must describe ONLY the specified abnormality.
- Mention all relevant intervals in temporal order

- Use ONE sentence only.

- Use at most ONE semicolon.

- Include laterality ONLY if explicitly stated.

- Do NOT infer diagnosis or clinical implication.

Figure 7: Correct global summary prompt (Multi-
Entity).

You generate incorrect but medically plausible
interval-based temporal summaries using semantic
change-type flips only.

CRITICAL REQUIREMENTS:

- You MUST generate exactly ONE incorrect summary
for EVERY abnormality requested.

- Use ONLY semantic flips (e.g., increase/decrease,
resolve/persistent).

- Do NOT change the temporal order of intervals.

- Keep laterality unchanged.

- Do NOT accidentally reproduce the correct
summary .

Figure 8: Incorrect global summary prompt.

deterministically from expert-annotated presence
transitions: both correct and incorrect options are
fully specified by rules without free-form genera-
tion. Therefore, LLM-based verification would add
little value for TEL and may introduce unnecessary

noise (Zhang et al., 2026).

Objective and Non-circularity The goal of veri-
fication is not to assess clinical correctness or ap-
proximate expert judgment. All clinically meaning-
ful semantics (presence/absence and change types)
are inherited directly from expert-validated radi-
ology annotations. GPT-5.1 (OpenAl, 2025a) is
used strictly as a consistency checker to detect vio-
lations of predefined logical/semantic constraints
in textual options. Crucially, the model is never
asked to determine labels, choose the correct an-
swer, or revise annotations. All correctness labels
are deterministically defined prior to LLM invo-
cation, and the verification output does not affect
label assignment.

Verification Granularity Verification is per-
formed at the answer-option level, checking that
(1) the correct option faithfully summarizes the ex-
pert annotations, and (ii) each incorrect option is
clearly inconsistent with those annotations while
remaining syntactically well-formed and medically
plausible.

Criteria for Option Validation Each generated
option is evaluated according to its intended type:

* Correct Summary Option Must match the
expert-annotated presence states and temporal
change directions, without adding new findings,
omitting any relevant interval, or drifting seman-
tically from the annotations.

 Incorrect (Error) Option Must contradict the
annotated change pattern while remaining med-
ically plausible. It must not partially match the
ground truth or admit an alternative interpreta-
tion consistent with the annotations.

* Ambiguous Option (Rejected) Options using
vague or state-based descriptors (e.g., stable,
persistent, almost resolved) are rejected because
they do not permit a definitive consistency judg-
ment at the interval level.

Ambiguous Change Taxonomy and Refinement
Most verification failures stem from change de-
scriptors that are ill-posed for interval-level tem-
poral reasoning, as they encode persistent states,
gradual trends, or qualitative impressions without
a clear temporal boundary. To ensure each ques-
tion admits a single, well-defined interpretation, we
remove questions derived from such ambiguous cat-
egories and regenerate questions using only change
taxonomies with explicit, directional semantics.
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Type Correct (%) Incorrect (%)
ICR 99.1 97.6
ICR Variant 99.6 98.4
GTS 98.8 96.9

Table 7: Results of LLM-assisted consistency verifi-
cation after taxonomy refinement.

As shown in Table 7, high consistency rates
indicate that taxonomy refinement effectively re-
moves semantically unstable cases while preserv-
ing the underlying task distribution. Importantly,
this step does not simplify the visual reasoning
required; it only prevents ambiguity that can ei-
ther artificially deflate performance or reward in-
consistent reasoning strategies. Overall, LLM-
assisted verification provides a scalable and repro-
ducible quality-control mechanism that comple-
ments expert-validated annotations without intro-
ducing new clinical judgments.

A.8 Statistics
A.8.1 Dataset Statistics

We present here the detailed dataset statistics, in-
cluding the distribution of answer choices, the com-
position of question types, and the list of abnormal-
ities covered (Tables 8-10).

Answer # Questions Ratio (%)
A 1062 20.00

B 1006 18.94

C 1109 20.88

D 1209 22.76

E 925 17.42
Total 5311 100.00

Table 8: Distribution of answer choices across the
dataset.

Question Type # Questions
Single-entity interval summary 1000
Multi-entity interval summary 1000
Single resolution 500
Resolution-to-emergence 500
Single emergence 500
Emergence-to-resolution 500
ICR 317
Multiple emergence (type 2) 250
Multiple emergence (type 1) 250
Multiple resolution (type 1) 250
Multiple resolution (type 2) 244
Total 5311

Table 9: Distribution of question types across the
dataset.

Abnormality Count
Pleural effusion 1672
Pneumothorax 996
Cardiomegaly 922
Pulmonary edema 773
Sub-diaphragmatic air 725
Consolidation 341
Vascular congestion 322
Elevated hemidiaphragm 313
Lung opacity 313
Atelectasis 311
Bony structures intact 296
Normal cardiac silhouette 272

Table 10: List of abnormalities used in question con-
struction and their frequencies.

A.8.2 Temporal Pattern Distribution

We first clarify the definition of abnormality pres-
ence states used in our temporal pattern analysis.
The binary states pos (present) and neg (absent) are
derived exclusively from expert-annotated radiol-
ogy labels provided in the source taxonomy. Only
abnormalities that are explicitly annotated as either
present or absent by board-certified radiologists
are considered. Annotations marked as uncertain,
equivocal, or implicitly inferred are excluded from
this analysis.

As a result, each five-visit window is repre-
sented as a certainty sequence reflecting defini-
tive abnormality presence or absence at each visit.
This ensures that all temporal state transitions used
for TEL construction (e.g., neg — pos for emer-
gence and pos — neg for resolution) are grounded
in high-confidence, clinician-verified annotations
rather than heuristic or model-derived signals.

We analyze the temporal state patterns of ab-
normality presence within five-visit windows prior
to final question filtering, focusing specifically on
Temporal Event Localization (TEL). Each window
is represented as a binary certainty sequence indi-
cating abnormality absence (neg) or presence (pos)
across Visits.

Window Certainty Pattern Count
neg-neg-neg-neg-neg (persistent absence) 759,512
POs-pos-pos-pos-pos (persistent presence) 155,056
neg-neg-neg-neg-pos (single emergence) 21,184
Ppos-pos-pos-pos-neg (single resolution) 19,312
Mixed / non-monotonic patterns 213,304

Table 11: Distribution of abnormality state patterns
in five-visit windows before TEL filtering.

As shown in Table 11, the majority of can-
didate windows exhibit trivial patterns with

30259



no temporal events, such as persistent absence
(neg-neg-neg-neg-neg) or persistent presence
(pos-pos-pos-pos-pos). Without additional fil-
tering, these patterns would dominate TEL ques-
tions and reduce the task to identifying the absence
of any meaningful temporal change.

Event-based TEL questions are derived from spe-
cific state transitions within a window, where an
emergence corresponds to a transition from neg to
pos, and a resolution corresponds to a transition
from pos to neg. Such transitions are compara-
tively rare in the raw distribution. We therefore
apply balancing and filtering strategies to ensure
that TEL questions contain a diverse and represen-
tative set of emergence and resolution events, rather
than being dominated by trivial no-event cases.

A.8.3 Study Date Interval Statistics

To characterize the temporal horizon covered by
each five-study window, we analyze the distribu-
tion of study date intervals across the constructed
dataset. For each sample, we consider both interval-
level gaps between consecutive studies (T1—T2
through T4—TS5) and the total temporal span from
the first to the last study (T1—T5). All statistics are
reported in days. Figure 9 visualizes the aggregated
distribution of inter-study intervals on a logarithmic
scale, highlighting the pronounced heavy-tailed na-
ture of temporal spacing despite short median gaps.

3000 1

2500 1

2000

Count

1500 A

1000 A

500 4

10° 10t 102 103

Inter-study Interval (days, log scale)
Figure 9: Aggregated distribution of inter-study inter-
vals across all five-study windows. While the median
gap is on the order of one to two days, a substantial
fraction of intervals spans several months or longer, in-
dicating heterogeneous temporal horizons within the
dataset.

Interval-level Gaps Across all consecutive study
pairs, the median inter-study gap ranges from 1.4
to 1.9 days, indicating that many follow-up exami-
nations occur within a short time frame. However,
the mean gaps are substantially larger (36—48 days),
reflecting a pronounced heavy-tailed distribution.

As shown in Table 12, the 90th percentile of inter-
val gaps exceeds 95 days for all transitions, and the
maximum gap spans more than four years in some
cases. This demonstrates that, despite short me-
dian intervals, a non-negligible fraction of samples
involves long-term follow-up.

Interval Median Mean P25 P75 P90 Max

Tl — T2 1.58 48.07 0.71 17.71 133.69 1609.16
T2 — T3 1.39 41.15 0.72 14.70 113.27 1605.58
T3 — T4 1.55 36.13 0.76 14.78 96.89 1404.88
T4 — TS 1.89 41.54 0.81 18.06 111.91 1506.09

Table 12: Summary statistics of inter-study gaps (in
days) between consecutive studies within five-study
windows.

Total Temporal Span We further examine the
total temporal span covered by each five-study win-
dow by summing the four consecutive inter-study
gaps (Table 13). The median window span is ap-
proximately 22.5 days, while the interquartile range
extends from 4.0 to 193.5 days. Notably, the 90th
percentile exceeds 580 days, and the maximum
span approaches five years. This wide range indi-
cates that a fixed number of visits does not imply a
fixed temporal reasoning horizon.

Statistic  Value (days)
Median 22.45
Mean 166.89
P25 4.04

P75 193.49
P90 580.15
Max 1708.87

Table 13: Summary statistics of the total temporal
span of five-study windows (T1—TS5).

Interval Bin Distribution To provide an inter-
pretable summary of temporal spacing, we addi-
tionally report the distribution of inter-study gaps
using coarse-grained time bins with respect to the
number of day (Table 14). Approximately one-
third of all consecutive studies occur within one
day, and an additional 30-32% fall within one
week. At the same time, more than 20% of in-
tervals exceed 30 days, and 5-7% extend beyond
six months. These results confirm that short-term
and long-term follow-ups coexist within the same
benchmark.
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7-30 30-180 >180

T1 —+T2 374 309 110 13.2 7.5
T2 —+T3 382 31.0 119 12.3 6.7
T3 —+T4 36.8 322 122 13.1 5.7
T4 —T5 344 319 133 13.9 6.5

Interval <1 1-7

Table 14: Distribution of inter-study intervals across
five-study windows, reported as percentages.

Implications for Longitudinal Reasoning
Taken together, these statistics indicate that the
proposed benchmark requires models to reason
over heterogeneous temporal scales, even under
a fixed five-study window. Models must handle
both subtle short-term changes occurring over days
and substantial longitudinal evolution spanning
months or years. This heterogeneity contributes
to the difficulty of Temporal Event Localization,
Interval-wise Change Reasoning, and Global
Trajectory Summarization tasks, and distinguishes
our dataset from prior settings that assume uniform
or narrowly constrained time intervals.

B Question Templates

We present representative examples of the question
templates used in our benchmark for each task fam-
ily. The purpose of these examples is not to provide
exhaustive coverage, but to illustrate how longitu-
dinal image sequences are paired with structured
multiple-choice questions that require temporal rea-
soning beyond local or pairwise comparisons.

For data privacy and ethical considerations, the
image sequences and answer options shown here do
not correspond to actual patient timelines included
in the released benchmark. All images are indepen-
dently selected and assembled solely for illustrative
purposes, and no semantic, temporal, or clinical
correspondence should be assumed between the
displayed image sequences and the textual answer
choices.

The actual benchmark instances are constructed
exclusively from curated datasets under approved
usage terms and are distributed in anonymized
form.

B.1 Temporal Event Localization (TEL)

B.1.1 Singe and Multi E/R

AL
T T3 T5

Q1. During which interval does pleural effusion new appearance

occur?

Q2. During which interval does pneumothorax disappearance
occur?

Q3. During which interval does pulmonary edema first/second
new appearance occur?

Q4. During which interval does cardiomegaly first/second
disappearance occur?

A.T12>T2
B.T2> T3
C.T3>T4
D.T4>T5

E. No appearance/disappearance

Figure 10: Example of Temporal Event Localization
(TEL) question with the Single Emergence (Q1), Sin-
gle Resolution (Q2), Multi Emergence (Q3), and Multi
Resolution (Q4).

Figure 10 illustrates a Temporal Event Localization
(TEL) question with the single/multiple clinically
meaningful event. Given a fixed five-visit timeline
(T1-T5), the model must identify the unique in-
terval during which an abnormality newly appears
or resolves. Correctly answering the Single E/R
question requires scanning the entire timeline and
comparing all adjacent intervals, rather than rely-
ing on a single salient image or a predefined image
pair. Also, the model must distinguish between
multiple instances of the same event type (e.g., first
versus second emergence) and select the correct
interval accordingly in Multi E/R question. This
formulation enforces exclusivity among multiple
valid-looking temporal candidates, requiring the
model to distinguish between first and subsequent
events of the same type.

30261



B.1.2 E—Rand R—E

L

Q1. Which pair of studies correctly captures the interval during

which pulmonary edema first appears and subsequently resolves?
Q2. Which pair of studies shows that pneumothorax first

disappears and then reappears after a period of absence?

A.T1>T2
B.T2> T3
C.T3>T4
D.T4>T5

E. No sequential changes observed

Figure 11: Example of Temporal Event Localization
(TEL) question with E—R (Q1) and R—E (Q2).

Figure 11 highlights a TEL question that requires
reasoning over ordered event patterns, such as emer-
gence followed by resolution or vice versa. Rather
than identifying a single event in isolation, the
model must correctly bind two temporally ordered
events across the timeline. This question type ex-
plicitly tests whether models can compose local
observations into structured temporal sequences.
Unlike single-event localization, this question re-
quires composing two temporally ordered events
into a coherent pattern (e.g., emergence followed
by resolution). The task explicitly tests whether
models can bind independently recognized events
into a structured temporal sequence, rather than
detecting them in isolation.

B.2 Interval-wise Change Reasoning (ICR)

L

Q1. Which statement correctly describes the interval changes?

A. Between T1 and T2, The vascular markings are unchanged on
the previous film.

B. Between T2 and T3, The degree of vascular plethora/CHF
findings have worsened.

C. Between T3 and T4, The degree of consolidation/retrocardiac
opacity at the left lung base has improved.

D. Between T4 and T5, New opacification is resolved at the left

lung base.

m

. None of the statements are true.

Figure 12: Example of Interval-wise Change Reason-
ing (ICR) question.

Figure 12 shows an Interval-wise Change Reason-
ing (ICR) question. The model is presented with
a five-visit timeline and must select the statement
that correctly describes the visual change occurring
within a specific interval. Unlike pairwise compari-
son tasks, the relevant interval is not pre-specified,
requiring the model to first identify which interval
is being described before evaluating the change it-
self. This design decouples interval selection from
change interpretation, making the task sensitive
to errors in temporal grounding rather than visual
perception alone.

B.3 Global Trajectory Summarization (GTS)

B.3.1 Single Abnormality

T T2 T3

Q1. Which statement best describes the interval-based temporal

changes of lung opacity across the study sequence?

A. Between T1 and T2, bibasilar opacities are absent and then newly
appear; from T2 through T5, left basilar and then bilateral basilar

opacifications progressively worsen over time.

. Between T1 and T2, bibasilar opacities are present but show clear
interval improvement; from T2 through T5, left basilar and then

bilateral basilar opacifications gradually resolve.

n

. Between T1 and T2, bibasilar opacities newly develop and increase;
from T2 through T5, left basilar and then bilateral basilar opacifications

fluctuate with alternating improvement and deterioration.

o

. Between T1 and T2, bibasilar opacities decrease and nearly clear; from
T2 through T5, left basilar and then bilateral basilar opacifications show

marked interval worsening rather than remaining unchanged.

m

. None of them are true.

Figure 13: Example of Global Trajectory Summa-
rization (GTS) question for a single abnormality.

Figure 13 illustrates the Global Trajectory Summa-
rization (GTS) question for a single abnormality.
The model must integrate interval-level changes
across the entire timeline and select the option that
best characterizes the overall disease course. No
single interval or image is sufficient to answer this
question. Correct reasoning requires aggregating
interval-level changes across the entire timeline to
infer the overall trajectory of a single abnormality.
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Category Model TEL ICR GTS Overall
Single (E/R) Multiple (E/R) E—R/R—E - Multi Abnormality  Single Abnormality
Claude Sonnet 4.5 0.217 0.226 0.234 0.454 0.292 0.391 0.316
Closed Gemini 3.0 Preview 0.259 0.318 0.251 0.416 0.399 0.547 0.370
GPT-5.2 0.327 0.345 0.333 0.426 0.385 0.545 0.396
InternVL3.5-8B 0.233 0.262 0.186 0.543 0.362 0.377 0.346
InternVL3.5-14B 0.245 0.267 0.246 0.325 0.268 0.378 0.292
InternVL3.5-38B 0.289 0.282 0.222 0.546 0.486 0.498 0.401
General QwenVL3-8B 0.228 0.281 0.198 0.164 0.237 0.317 0.231
QwenVL3-32B 0.253 0.259 0.233 0.227 0.326 0.370 0.273
DeepSeek-VL-16B 0.193 0.128 0.199 0.180 0.187 0.158 0.175
IDEFICS2-8B 0.147 0.283 0.274 0.243 0.179 0.235 0.229
Lingshu-7B 0.219 0.261 0.170 0.180 0.180 0.319 0.218
Medical Lingshu-32B 0.206 0.236 0.207 0.221 0.285 0.355 0.249
MedGemma-4B 0.186 0.245 0.315 0.287 0.198 0.264 0.253
MedGemma-27B 0.214 0.328 0.245 0.420 0.215 0.262 0.293

Table 15: Performance of evaluated models with decoding temperature set to 0.7. Results are reported across task
families and question subtypes. Compared to the default low-temperature setting, higher temperature generally leads
to degraded or unstable performance on TEL questions, while effects on ICR and GTS are more model-dependent.

B.3.2 Multi Abnormality

T T2

Q1. Which statement correctly describes the interval-based

trajectory of abnormality across the study sequence?

A. Between T1 and T2, the right pleural effusion increases while left basal
effusion worsens; from T2 to T3 the moderate right pleural effusion
decreases, from T3 to T4 the bilateral pleural effusions improve in
severity, and from T4 to T5 the moderate right pleural effusion resolves
with no left effusion.

B. Between T1 and T2, left basal atelectasis worsens; from T2 to T3 there is
no basal atelectasis, from T3 to T4 bibasilar atelectasis improves, and
from T4 to T5 left atelectasis is no longer present.

C. From T1 through T5, no subdiaphragmatic free gas is seen and this
remains unchanged over all intervals.

D. From T1 to T2, the cardiac silhouette is enlarged and changes in size; it
remains enlarged and variable again from T3 to T4 and from T4 to T5.

E. None of them are true.

Figure 14: Example of Global Trajectory Summa-
rization (GTS) question for multiple abnormality.

Figure 14 presents a GTS question involving mul-
tiple abnormalities. Each answer option describes
a different abnormality trajectory, and the model
must identify the one that correctly summarizes the
longitudinal changes observed in the timeline. This
formulation increases difficulty by requiring both
global temporal integration and correct abnormality
selection under mutual exclusivity.

C Sensitivity to Decoding Temperature

To examine whether model performance is sen-
sitive to decoding stochasticity, we additionally
evaluate all models using a higher decoding tem-
perature of 0.7, which is a commonly adopted de-

fault setting in many large language model deploy-
ments. Table 15 and Table 16 summarizes the re-
sults across all task families under this setting.

Category Model ICR Variant
Claude Sonnet 4.5 0.607
Closed Gemini 3.0 Preview 0.705
GPT-5.2 0.776
InternVL3.5-8B 0.667
InternVL3.5-14B 0.623
InternVL3.5-38B 0.683
General QwenVL3-8B 0.590
QwenVL3-32B 0.612
DeepSeek-VL-16B 0.246
IDEFICS2-8B 0.421
Lingshu-7B 0.574
. Lingshu-32B 0.612
Medical 1 1Gemma-4B 0.612
MedGemma-27B 0.694

Table 16: Performance comparison on the ICR Vari-
ant across model categories with decoding tempera-
ture set to 0.7. All questions involve single-abnormality
interval-level change reasoning with the interval explic-
itly specified.

Overall, we observe that increasing the decod-
ing temperature does not fundamentally improve
performance on the proposed benchmark. In par-
ticular, Temporal Event Localization (TEL) per-
formance consistently degrades or becomes more
unstable across models, reflecting the increased
susceptibility of precise temporal localization to
stochastic generation. For Interval-wise Change
Reasoning (ICR) and Global Trajectory Summa-
rization (GTS), the effects of higher temperature
are model-dependent and do not yield systematic
gains.

These results indicate that the challenges posed
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by our benchmark are not attributable to overly re-
strictive decoding settings. Instead, even under a
commonly used higher-temperature regime, mod-
els continue to struggle with long-horizon tempo-
ral reasoning over longitudinal medical image se-
quences.

C.1 Performance Stability

To assess result reliability, we report mean accu-
racy, standard deviation, and 95% confidence in-
tervals for representative models across three inde-
pendent inference runs under the main evaluation
setting (temperature = (0.7).

Model Mean Std 95% CI

GPT-5.2 0.401 0.009 [0.379, 0.423]
InternVL3.5-38B  0.391 0.004 [0.383, 0.400]
MedGemma-27B  0.276  0.006 [0.261, 0.291]

Table 17: Performance stability of representative
models.

As shown in Table 17, all three represen-
tative models exhibit narrow standard devia-
tions and tight confidence intervals, confirm-
ing that the reported results are stable across
inference runs. The low variance observed
across model categories—closed-source (GPT-
5.2), open-source (InternVL3.5-38B), and medical-
specialized (MedGemma-27B)—indicates that per-
formance differences between models reflect gen-
uine capability gaps rather than run-to-run stochas-
ticity.

Taken together with the temperature sensitivity
analysis in the preceding section, these results es-
tablish that the consistently low accuracy observed
on MI-CXR is robust to evaluation conditions and
not an artifact of decoding randomness.

D ICR Variant

We introduce an Interval-wise Change Reasoning
(ICR) variant to provide a more controlled evalu-
ation setting. Unlike the original ICR task, which
requires models to both identify the relevant tempo-
ral interval and interpret the corresponding change,
this variant explicitly specifies the interval of inter-
est (see Figure 15).

T2

Q1. Between image T4 and T5, which statements correctly describe

the interval change?

A. The small right pleural effusion is newly developed on this
study.

B. A small right pleural effusion has resolved.

C. The small right pleural effusion has significantly increased.

D. The small right pleural effusion shows marked interval
progression.

E. None of them are true.

Figure 15: Example of Interval-wise Change Reason-
ing (ICR) variant.

Each question presents a fixed five-visit time-
line and asks the model to determine which state-
ment correctly describes the visual change occur-
ring within a given interval (e.g., T4 — T5). All
questions in this variant focus on a single abnormal-
ity and assess only change-type interpretation, such
as new appearance, resolution, or progression. In-
terval localization and multi-abnormality reasoning
are intentionally excluded.

The evaluation set consists of 400 questions con-
structed under this setting. By isolating interval-
level change interpretation, this variant reduces
ambiguity arising from temporal grounding and en-
ables more direct assessment of a model’s ability
to recognize and characterize visual changes across
longitudinal medical images.

D.1 Prompt Template for ICR Variant
Question Generation

To generate distractor answer choices for the ICR
variant, we employ GPT-5.1 (OpenAl, 2025a) un-
der strict constraints. The model is used solely for
surface-level language generation and does not de-
termine correctness or temporal labels. All change
types are pre-defined based on expert annotations.
The prompt (Figure 16) enforces the following
constraints:
* the same abnormality and anatomical region
must be preserved,
* only interval-level change semantics may be
modified,
* no new findings, organs, or laterality changes
are allowed, and
* ambiguous modifiers are explicitly prohibited.
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You generate distractor statements for a radiology interval-
change question.

INPUT:
- Correct interval-change statement.

RULES:

- Preserve the same abnormality and anatomical region.

- Describe interval-level change only.

- Generate statements that are clearly false relative to the
correct meaning.

- Do not introduce new abnormalities, organs, or laterality.

- Avoid ambiguous expressions (e.g., "slightly worsened").

ALLOWED CATEGORIES:
- Resolution

- New Appearance

- Marked Improvement
- Severe Worsening

OUTPUT :
Return exactly N distractor sentences.
One sentence per line. No numbering or formatting.

Figure 16: Prompt for ICR variant generation.

All final answer correctness labels are assigned
deterministically prior to LLM invocation.

E Stage-wise Evaluation Protocol and
Implementation Details

This section describes the evaluation protocol and
implementation details used to assess model perfor-
mance across all tasks. The goal of this section is
to clarify how models are evaluated in a consistent
and reproducible manner, rather than to analyze
performance differences or model limitations.

E.1 Overview of the Evaluation Pipeline

All evaluated models follow a unified evaluation
pipeline. Each model is provided with an identical
sequence of longitudinal chest X-ray images and a
task-specific question formulated in a standardized
format. Model outputs are processed using deter-
ministic rules to extract discrete answer choices,
which are then compared against ground-truth la-
bels.
The evaluation pipeline consists of three main
steps:
* preparation of model inputs according to task-
specific guidelines,
» model inference following a structured, stage-
wise procedure, and
* rule-based answer extraction and scoring.
This design ensures that differences in perfor-

mance reflect model capability rather than varia-
tions in evaluation methodology.

E.2 Stage-wise Inference Procedure

To encourage explicit temporal reasoning, we adopt
a stage-wise inference procedure for all tasks. In
the first stage, models are prompted to generate in-
termediate descriptions that focus on interval-level
visual changes observed across the image sequence.
These intermediate outputs are constrained by task-
specific guidelines to prevent premature answer
selection or reliance on global shortcuts.

In the second stage, models are instructed to se-
lect a discrete answer option based solely on the
intermediate representations produced in the first
stage. This separation between perception-oriented
reasoning and answer selection helps ensure that
models explicitly process temporal information be-
fore committing to a final decision.

Importantly, this stage-wise structure is applied
uniformly across all models, with no task-specific
tuning or model-dependent adjustments during
evaluation.

The stage-wise inference design is motivated by
the observation that end-to-end answer prediction
often encourages shortcut reasoning, where models
directly map visual cues to answer options with-
out explicitly reasoning over temporal structure.
By separating interval-level description from an-
swer selection, the evaluation protocol encourages
models to externalize their temporal reasoning pro-
cess (Lee and Hockenmaier, 2025; Wei et al., 2023;
Wang et al., 2025a; Jiang et al., 2025; Smit et al.,
2020; Guo* et al., 2024; Kyung et al., 2025).

This design does not constrain model capacity
or expressiveness, but instead enforces a reasoning
order that mirrors how longitudinal medical images
are interpreted in practice.

E.3 Role of Evaluation Guidelines

Task-specific evaluation guidelines are designed to
constrain model behavior without encoding task-
specific heuristics. Rather than prescribing how an
answer should be derived, the guidelines prevent
degenerate strategies such as ignoring intermediate
images, collapsing multi-interval reasoning into a
single comparison, or exploiting superficial textual
cues.

By standardizing reasoning boundaries across
tasks, the guidelines ensure that performance differ-
ences reflect a model’s ability to process temporal
information, rather than its sensitivity to prompt
phrasing.
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E.4 Task-specific Evaluation Guidelines

While the overall evaluation pipeline is shared
across tasks, each task employs distinct guidelines
that reflect its underlying reasoning requirements.

Across all tasks, the evaluation protocol enforces
interval-level reasoning as a common intermedi-
ate step. TEL focuses on identifying the precise
temporal location of an event, ICR evaluates the
interpretation of changes within a specific inter-
val, and GTS assesses the integration of multiple
interval-level observations into a coherent global
trajectory.

Despite these differences, all tasks share a uni-
fied evaluation philosophy: models are required to
reason explicitly over temporal structure, and an-
swers are scored deterministically without human
intervention.

E.4.1 Temporal Event Localization (TEL)

TEL questions assess a model’s ability to iden-
tify the temporal interval during which a specific
abnormality emerges or resolves. All TEL ques-
tions are constructed deterministically from expert-
annotated presence transitions and do not rely on
free-form textual summaries.

During evaluation, models are guided to reason
explicitly about changes between consecutive im-
age pairs. Answer selection is based directly on
identifying the interval that satisfies the queried
event condition. As TEL questions do not involve
LLM-generated summaries or distractor construc-
tion, they are evaluated using fully deterministic
rules.

E.4.2 Interval-wise Change Reasoning (ICR)

ICR questions require models to interpret the visual
change occurring within a specific temporal inter-
val. Evaluation guidelines instruct models to fo-
cus on interval-level descriptions rather than global
trends, ensuring that reasoning remains grounded
in the designated time span.

For the ICR variant, the target interval is explic-
itly specified, further isolating change interpreta-
tion from interval localization. In both cases, mod-
els are evaluated based on their ability to correctly
map interval-level observations to the appropriate
answer option.

E.4.3 Global Trajectory Summarization
(GTS)

GTS questions evaluate a model’s ability to in-
tegrate information across multiple intervals and

reason about the overall temporal trajectory of an
abnormality. Although GTS requires global rea-
soning, models are still guided to first consider
interval-level changes before producing a summary
judgment.

Evaluation guidelines emphasize consistency
across the entire timeline, penalizing answers that
rely on isolated observations or ignore intermediate
temporal patterns.

E.5 Answer Extraction and Scoring

Model outputs are evaluated using a determinis-
tic scoring procedure. For each response, a single
answer option is extracted using rule-based pars-
ing of the model output. Responses that contain
multiple answer choices, ambiguous selections, or
unparseable formats are treated as incorrect.

No partial credit or fuzzy matching is applied.
All tasks use exact-match scoring against prede-
fined ground-truth answers, ensuring consistency
and fairness across models and question types.

Deterministic scoring eliminates ambiguity in
evaluation and ensures that reported results are
fully reproducible. By avoiding partial credit or
subjective judgment, the evaluation protocol pro-
vides a strict but transparent assessment of tempo-
ral reasoning performance.

All evaluation procedures, guidelines, and scor-
ing rules are applied uniformly across all evaluated
models. No model-specific adaptations or post-hoc
adjustments are introduced, ensuring that compar-
isons reflect intrinsic model capability rather than
evaluation artifacts.

F Qualitative Error Analysis

F.1 Failure Mode in TEL

Problem (TEL - Single Emergence):
During which interval does pneumothorax newly
appear?

Answer Choices:
.T1—T2
.T2—=T3
. T3 =+ T4
. T4 = TS5
. No appearance

moQwp

Stage-1 Model Response (Interval-level Description):
* T1-T2: No visible pneumothorax is observed. [v]
¢ T2-T3: A new pneumothorax becomes apparent.
V1]
* T3-T4: The pneumothorax persists with similar
extent. [V]
¢ T4-T5: The pneumothorax resolves. [v]
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Model Prediction: C (T3 — T4) [X]
Ground Truth: B (T2 — T3) [V]

Failure Mechanism: The model observes the correct
local change but fails to translate it into a consistent
global decision.

Figure 17: Failures in Temporal Event Localization -
Single (E/R).

Problem (TEL — Multiple Emergence Candidates):
During which interval does pleural effusion second
appearance occur?

Answer Choices:

A. Tl -T2

B. T2 > T3

C. T3> T4

D. T4 — T5

E. No second appearance of pleural effusion

Stage-1 Model Response (Interval-level Description):
e T1-T2: No pleural effusion is observed. [v]
* T2-T3: A small pleural effusion becomes visible.
[v1
* T3-T4: Pleural effusion becomes more conspicuous
bilaterally. [v]
¢ T4-TS5: Pleural effusion remains present. [/]

Model Prediction: B (T2 — T3) [X]
Ground Truth: E (No second appearance of pleural
effusion) [v]

Failure Mechanism: The failure stems from the
model’s inability to track ordinal emergence events,
treating the first appearance as the only salient temporal
change.

Figure 18: Failures in Temporal Event Localization -
Multiple (E/R).

Problem (TEL — Multiple Emergence Candidates):
Which pair of studies correctly captures the interval
during which pleural effusion first appears subsequently
resolves?

Answer Choices:

A. T2, T3

B. T1, T3

C. T3, T4

D. TL, T5

E. There is no sequential emergence to resolution

Stage-1 Model Response (Interval-level Description):

* T1-T2: A small pleural effusion is newly observed
at T2. [V]

¢ T2-T3: A small pleural effusion is no longer visible,
leading to resolution at T3. [/]

e T3-T4: At T4, there is no visual evidence of pleural
effusion. [v]

* T4-T5: Pleural effusion is not visible with similar
extent. [V]

Model Prediction: C (T3, T4) [X]
Ground Truth: A (T2, T3) [V/]

Failure Mechanism: Although the model correctly iden-

tifies the emergence and resolution events, it fails assign-
ing temporal decisiveness.

Figure 19: Failures in Temporal Event Localization -
(E—-R/R—E).

F.2 Failure Mode in ICR

Problem (ICR - Multiple Abnormalities):

Which statement correctly describes the interval-level

change? -

Answer Choices:

A. Between T1 and T2, the pneumothorax has increased.

B. Between T2 and T3, the pleural effusion has de-
creased.

C. Between T3 and T4, lung opacity has worsened.

D. Between T4 and T5, bibasilar atelectasis has resolved.

E. None of the statements are true.

Stage-1 Model Response (Interval-level Description):
¢ T1-T2 (Pneumothorax): No visible pneumothorax
at either timepoint. [/]
¢ T2-T3 (Pleural effusion): A small pleural effusion
is present at both timepoints, with only marginal and
ambiguous change. [V]
* T3-T4 (Lung opacity): Patchy lung opacities appear
similar in extent, without clear progression. [v]
¢ T4-T5 (Atelectasis): Bibasilar atelectasis remains
visible, with no definite interval resolution. [v']

Model Prediction: B (Between T2 and T3, the pleural
effusion has decreased) [X]
Ground Truth: E (None of the statements are true) [v]

Failure Mechanism: Although all interval-level obser-
vations are plausible but ambiguous, the model commits
to a specific change direction without sufficient evidence,
leading to incorrect decision.

Figure 20: Failures in Interval-wise Change Reason-
ing.

F.3 Failure Mode in GTS

Problem (GTS - Single Abnormality):

Which statement best describes the interval-based tempo-

ral changes of pleural effusion across the study sequence?

Answer Choices:

A. Right pleural effusion newly appears, worsens, and a
new left effusion develops.

B. Right pleural effusion develops over time with a wors-
ening left effusion.

C. Right pleural effusion resolves completely with a
worsening left effusion.

D. Right pleural effusion progressively increases with
worsening left effusion.

E. None of them are true.

Stage-1 Model Response (Interval-level Description):
e T1-T2: Right pleural effusion appears similar; small
left effusion persists. [v]
e T2-T3: Right pleural effusion decreases; left remains
similar. [v]
* T3-T4: Right pleural effusion resolved; left slightly
increases. [V/]
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* T4-TS: No evidence of right pleural effusion with
left pleural effusions markedly worsen. [V]

Model Prediction: D [X]
Ground Truth: C [V]

Failure Mechanism: The model correctly identifies all
local interval changes but fails to integrate them into a
coherent global trajectory, instead imposing an incorrect
monotonic worsening pattern.

Figure 21: Failures in Global Trajectory Summariza-
tion — Single Abnormality.

Problem (GTS — Multi Abnormality):
Which statement correctly describes the interval-based
trajectory of abnormalities across the study sequence?

Target Abnormalities: Pleural effusion, pneumothorax,
lung opacity, bony structures intact

Answer Choices:

A. A pneumothorax newly appears between T2 and T3
and resolves by TS5, while pleural effusions remain
absent.

B. Pleural effusions progressively worsen bilaterally
across all intervals, with steadily worsening lung
opacities.

C. No pneumothorax is seen; bony structures remain
intact; pleural effusion alternates between right-sided
presence and absence, and lung opacity fluctuates
with overall improvement by T5.

D. No pneumothorax is seen; bony structures remain
intact; pleural effusion shifts from right-sided to left-
sided over time, while lung opacity improves then
worsens again.

E. None of them are true.

Stage-1 Model Response (Interval-level Description):

* T1-T2: No pneumothorax is observed; bony struc-

tures remain intact. A small right pleural effusion is
present, and left-sided lung opacity worsens. [/]

* T2-T3: No pneumothorax is observed; bony struc-
tures remain intact. The right pleural effusion is no
longer seen, and lung opacity improves. [v]

* T3-T4: No pneumothorax is observed; bony struc-
tures remain intact. A small left pleural effusion
newly appears, and lung opacity worsens again. [v']

* T4-T5: No pneumothorax is observed; bony struc-
tures remain intact. The left pleural effusion persists,
and lung opacity worsening persists. [v']

Model Prediction: E [X]
Ground Truth: D [/]

Failure Mechanism: The model correctly tracks each
abnormality locally but fails to jointly integrate them
into a single globally consistent multi-entity trajectory,
defaulting to a null option.

Figure 22: Failures in Global Trajectory Summariza-
tion — Multi Abnormality.

Figures 17-22 demonstrate that failures in longitu-
dinal reasoning do not primarily stem from isolated
visual misperceptions, but rather from systematic
breakdowns in organizing and integrating temporal

evidence. The failures arise from systematic dif-
ficulties in committing to a single temporal event,
enforcing exclusivity among competing hypothe-
ses, calibrating uncertainty under weak evidence,
and composing multiple local observations into a
global narrative. By aligning failure modes with
task-specific reasoning requirements, our analysis
provides clearer insight into the limitations of cur-
rent VLMs on long-horizon medical image under-
standing.

Local Interval Misinterpretation We note that
some errors originate from incorrect interpretation
of individual image pairs, such as misidentifying
the presence or direction of change within a sin-
gle interval. These failures reflect limitations in
pairwise visual comparison and are not specific to
longitudinal reasoning across multiple timepoints.
As such, they are not the focus of our qualitative
analysis, which instead emphasizes reasoning fail-
ures that arise even when local interval descriptions
are correct.

Problem (ICR - Multiple Abnormalities):

Which statement correctly describes the interval

changes?

Answer Choices:

A. Between T1 and T2, the pneumothorax has increased.

B. Between T2 and T3, the cardiac and mediastinal con-
tours have worsened.

C. Between T3 and T4, the pleural effusion is stable.

D. Between T4 and T3, there has been a resolution in
bibasilar atelectasis.

E. None of the statements are true.

Stage-1 Model Response (Interval-level Description):

* A (T1-T2): No evidence of pneumothorax shown.
[V]

* B (T2-T3): Cardiac and mediastinal contours appear
similar to the previous study. [v]

e C (T3-T4): The pleural effusion seems to be stable
compared to the previous study. [X]

¢ D (T4-T5): Bibasilar atelectasis shows interval reso-
lution. [V']

Model Prediction: C [X]
Ground Truth: D [/]

Failure Mechanism: A single local misinterpretation
(stability of pleural effusion) is directly mapped to an
answer choice.

Figure 23: Failure within local-interval misinterpre-
tation — ICR example.

Problem (GTS — Multi Abnormality):
Which statement correctly describes the interval-based
trajectory of abnormalities across the study sequence?

Answer Choices:
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A. A small right pleural effusion newly appears between
T2 and T3, persists through T3 to T4, and resolves
by TS5, while lung opacities improve after an initial
worsening and bony structures remain intact.

B. Lung opacities progressively worsen across all inter-
vals, accompanied by the development of bilateral
pleural effusions.

C. No pleural effusion is present at any time point, while
lung opacities fluctuate mildly without a clear trajec-
tory.

D. A pneumothorax newly appears between T3 and T4
and resolves by TS5, with otherwise stable lung find-
ings.

E. None of them are true.

Stage-1 Model Response (Interval-level Description):

e T1-T2: No pneumothorax; bony structures intact; no
pleural effusion; lung opacity worsens. [v]

¢ T2-T3: No pneumothorax; bony structures intact; no
pleural effusion reported; lung opacity improves. [X]

* T3-T4: No pneumothorax; bony structures intact;
pleural effusion described as absent; lung opacity
similar. [X]

* T4-T5: No pneumothorax; bony structures intact;
pleural effusion described as absent; lung opacity
stable. [X]

Model Prediction: E (None of them are true) [X]
Ground Truth: A [/]

Failure Mechanism: A minor early omission at T2-
T3 eliminates the emergence cue for pleural effusion,
which then propagates to later intervals and shifts the
final decision toward an option that fits lung opacity
changes but contradicts the true effusion trajectory.

Figure 24: Failure within local-interval misinterpre-
tation — GTS example.

G Error Type Distribution Across Tasks

This section presents a quantitative analysis of
how task-aligned reasoning failures are distributed
across task families and model families. The anal-
ysis complements the qualitative examples in Ap-
pendix F by demonstrating that the observed er-
ror types arise systematically as a function of task
structure and reasoning demands, rather than from
isolated perceptual mistakes.

Importantly, this analysis excludes local inter-
val misinterpretation, which we treat as a base-
line source of perceptual noise rather than a task-
aligned reasoning failure. By focusing exclusively
on higher-level temporal decision errors—such as
temporal commitment, exclusivity enforcement,
and global evidence integration—we isolate sys-
tematic reasoning breakdowns that persist even
when interval-level observations are locally plausi-
ble or partially correct.

0.40

0.35
0.30
o
5 0.25
&
% 0.20
2
Lt 0.15
w
0.10

0.05

0.00

TEL ICR GTS

Abstention
Global Integration

Exclusivity Forced Choice
Local Interval (baseline)

Figure 25: Distribution of task-aligned reasoning fail-
ure types across TEL, ICR, and GTS. Local interval
misinterpretation is excluded to highlight higher-level
temporal reasoning failures.

G.1 Distribution by Task Family

Figure 25 illustrates how different reasoning fail-
ures manifest across the three task families.

For Temporal Event Localization (TEL), errors
are dominated by Abstention under Uncertainty
and Failure of Temporal Exclusivity. In particu-
lar, models often fail to enforce temporal exclu-
sivity constraints, such as selecting exactly one
decisive onset or resolution interval when multi-
ple candidates appear locally plausible. This in-
dicates that, although models frequently produce
reasonable interval-level descriptions, they strug-
gle to commit to a single decisive interval or to
enforce ordinal and exclusivity constraints when
multiple candidate intervals appear plausible. Ex-
plicit forced-choice errors are comparatively rare
in TEL, suggesting a preference for conservative
abstention over over-commitment under temporal
ambiguity.

In contrast, Interval-wise Change Reasoning
(ICR) exhibits a markedly different failure profile.
Here, Forced Choice under Insufficient Evidence
constitutes the dominant error type. Because ICR
questions require selecting a single correct interval-
level statement among multiple competing alterna-
tives, even marginal or ambiguous evidence can
lead models to over-commit to a specific abnormal-
ity or direction of change. This reflects a systematic
difficulty in managing uncertainty when commit-
ment is required at the interval level.

For Global Trajectory Summarization (GTS),
errors are overwhelmingly driven by Failures in
Global Temporal Integration. Even when interval-
level observations are locally consistent, models
often fail to compose these observations into a co-
herent and globally consistent trajectory across
the full study sequence. This highlights that
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long-horizon temporal aggregation and consistency
maintenance remain primary bottlenecks, with even
minor interval-level uncertainties or ambiguities
propagating into incorrect global summaries.

Overall, these distributions demonstrate that er-
ror patterns are strongly task-dependent, reflecting
the distinct temporal reasoning constraints imposed
by each task family rather than random or model-
specific noise.

G.2 Distribution by Model Family
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Figure 26: Distribution of task-aligned reasoning fail-
ures across closed-source, open-source, and medical-
specialized VLMs.

Figure 26 shows how task-aligned reasoning fail-
ures differ across model families.

Closed-source models (e.g., GPT-5.2, Claude,
Gemini) exhibit a high proportion of Abstention un-
der Uncertainty, reflecting a conservative decision-
making strategy. While this behavior reduces hal-
lucinated or over-confident errors, it also leads to
missed correct answers in cases where interval-
level reasoning is largely correct but final temporal
commitment fails.

Open-source VLMs display a contrasting pattern,
with substantially higher rates of Forced Choice un-
der Insufficient Evidence. These models are more
likely to commit to a specific answer even when
temporal evidence is weak or ambiguous, resulting
in confident but incorrect predictions. This sug-
gests weaker uncertainty calibration during tempo-
ral decision-making.

Medical-specialized VLMs show relatively bal-
anced error profiles across abstention, forced
choice, and global integration failures. Despite
their domain-specific training, these models con-
tinue to exhibit substantial difficulty in composing
temporally distributed evidence into consistent lon-
gitudinal interpretations, particularly for GTS-style
questions.

These results indicate that model specialization

influences how models fail, but does not eliminate
higher-level temporal reasoning breakdowns. No-
tably, these differences reflect distinct temporal
decision strategies rather than differences in visual
perception, reinforcing that higher-level reasoning
failures are strongly task- and structure-dependent.

G.2.1 Distribution across Representative
Models
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Figure 27: Error type distribution across representa-
tive models, illustrating variability in temporal decision-
making strategies.

Figure 27 further decomposes task-aligned rea-
soning failures across representative models within
each family.

Among closed-source models, GPT-5.2 exhibits
the strongest abstention tendency, whereas Gemini
shows a relatively higher proportion of exclusivity-
related failures, reflecting subtle differences in tem-
poral commitment strategies. Open-source mod-
els exhibit greater heterogeneity: for example,
InternVL3.5-38B shows a more balanced distribu-
tion across error types, while QwenVL3-32B and
IDEFICS2-8B display elevated forced-choice er-
rors. Medical-specialized models such as Lingshu-
32B and MedGemma-27B continue to demonstrate
substantial global integration failures, reinforcing
that domain specialization alone does not resolve
long-horizon temporal reasoning challenges.

H Report Generation Pilot Study

H.1 Experimental Setup

We conduct a pilot report generation experiment to
assess whether the temporal reasoning limitations
observed in the multiple-choice setting persist un-
der free-form generation.

30270



H.2 Input Formulation

For each sample, we use the same five-visit lon-
gitudinal CXR sequence (T1-T5) and question
used in the GTS task. All models are prompted
with a unified instruction designed to elicit interval-
based temporal summaries. Specifically, models
are instructed to describe how abnormalities evolve
between consecutive intervals (T1-T2, T2-T3,
T3-T4, T4-T5), rather than providing independent
descriptions of each timepoint. The prompt en-
forces a concise paragraph format and emphasizes
temporal progression across visits. This ensures
consistency across models and isolates temporal
reasoning ability from prompt variation.

H.3 Reference Construction

Ground-truth summaries are derived deterministi-
cally from the structured annotations used in the
MCQA benchmark. Specifically, we use the correct
answer option from the GTS multiple-choice task
as the reference summary, which is constructed
from annotation-grounded temporal changes. This
ensures that evaluation remains fully aligned with
the underlying longitudinal annotations and avoids
introducing additional sources of noise.

H.4 Evaluation Protocol

We evaluate generated summaries using standard
report generation metrics, including ROUGE-L
(Lin, 2004), METEOR (Banerjee and Lavie, 2005),
and CIDEr (Vedantam et al., 2015). All models
are evaluated under identical conditions with de-
terministic decoding where applicable. We use a
unified prompt that enforces interval-based tempo-
ral reasoning across consecutive visits, as shown in
Figure 28.

H.5 Quantitative Results

Model ROUGE-L METEOR CIDEr
GPT-5.2 0.307 0.354 0.358
InternVL3.5-38B 0.341 0.369 0.411
MedGemma-27B 0.326 0.340 0.393

Table 18: Pilot report generation results on GTS-type
longitudinal sequences. All models exhibit modest per-
formance, indicating challenges in multi-interval tem-
poral integration.

As shown in Table 18, all evaluated models
achieve relatively modest performance across stan-
dard report generation metrics. While these mod-
els are known to perform strongly in single-image

Below are five chest X-ray images from the same patient,
labeled T1 through T5 in chronological order.

[Question]

Instructions:

1. Focus only on interval-based temporal changes.

2. Describe how the abnormality evolves between consecutive
intervals (T1-T2, T2-T3, T3-T4, T4-T5).

3. Do not describe each timepoint independently.

4. Provide a concise paragraph.

Example answer formats:

- Between T1 and T2, a left pleural effusion increases; from
T2 to T3 it remains stable; it worsens from T3 to T4 and
partially regresses from T4 to T5.

- Bilateral pleural effusions are absent between T1 and T2;
they newly appear and enlarge from T2 to T3, increase
further from T3 to T4, and slightly improve from T4 to T5.

Return only the interval-based summary.

Figure 28: Prompt for report generation in the pilot
study. Models are instructed to generate interval-based
temporal summaries over five-visit CXR sequences, em-
phasizing evolution across consecutive intervals rather
than independent descriptions.

CXR report generation, their performance degrades
when required to summarize multi-interval tempo-
ral evolution.

This trend is consistent with our observations in
the MCQA setting. Despite generating locally plau-
sible interval-level descriptions, models struggle to
compose these into globally coherent temporal nar-
ratives, resulting in degraded overall performance.
These findings support our claim that the primary
bottleneck lies in longitudinal temporal integration,
rather than the specific output format.

I Prompting Analysis

I.1 Reasoning-style Prompting

We evaluate whether reasoning-style guidance im-
proves performance on longitudinal tasks by adding
explicit instructions such as “Let’s think step by
step” (Kojima et al., 2022) under the same deter-
ministic decoding setting used in the main experi-
ments.

As shown in Table 19, reasoning-style prompt-
ing does not yield consistent improvements across
tasks. While some models exhibit marginal gains
on specific subtasks, overall performance remains
comparable to or only slightly above the zero-shot
baseline.

This suggests that the primary challenge does
not lie in eliciting step-by-step reasoning, but in
the model’s ability to reliably integrate temporal
evidence across multiple intervals. Even when en-
couraged to produce structured reasoning, models
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Category Model TEL ICR GTS Overall
Single (E/R) Multiple (E/R) E—R/R—E - Multi Abnormality  Single Abnormality

Closed GPT-5.2 0.329 0.378 0.442 0.578 0.397 0.412

General  InternVL3.5-38B 0.251 0.304 0.495 0.546 0.453 0.381

Medical MedGemma-27B 0.220 0.325 0.457 0.271 0.222 0.272

Table 19: Performance under reasoning-style prompting (‘“‘Let’s think step by step”).

continue to struggle with enforcing temporal con-
straints and maintaining global consistency.

L2 One-shot Prompting

We further evaluate whether providing a single
demonstration example (1-shot prompting) im-
proves model performance. All experiments are
conducted under deterministic decoding, without
introducing additional system-level role specifica-
tions.

As shown in Table 20, 1-shot prompting does
not consistently improve performance and in sev-
eral cases leads to slight degradation compared to
the zero-shot baseline. This indicates that model
errors are unlikely to stem from misunderstanding
of task format. Instead, longitudinal reasoning over
multi-interval sequences requires case-specific in-
tegration of temporally dependent visual evidence,
which cannot be substantially alleviated by a sin-
gle demonstration example. Moreover, introducing
demonstration examples increases the effective in-
put length by adding additional image sequences,
which may dilute attention and contribute to per-
formance instability, particularly for open-source
models.

Overall, these results suggest that the observed
performance limitations reflect intrinsic challenges
in multi-interval temporal reasoning rather than
prompt design or task-format ambiguity.
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TEL ICR GTS

Category Model Overall
Single (E/R) Multiple (E/R) E—R/R—E - Multi Abnormality  Single Abnormality

Closed GPT-5.2 0.322 0.360 0.350 0.475 0.531 0.385 0.394

General  InternVL3.5-38B 0.285 0.320 0.235 0.589 0.425 0.498 0.366

Medical MedGemma-27B 0.237 0.359 0.257 0.424 0.283 0.242 0.288

Table 20: Performance under 1-shot prompting. All models are evaluated under deterministic decoding without
additional system-level role specification. Performance does not consistently improve compared to zero-shot settings
and may degrade, indicating that few-shot demonstrations do not effectively alleviate multi-interval temporal
reasoning challenges.

30273



