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Abstract

Radiology report generation from longitudinal medical data
is critical for assessing disease progression and automat-
ing diagnostic workflows. While recent methods incorpo-
rate longitudinal information, they primarily rely on multi-
modal feature fusion, with limited capacity for explicit dis-
ease evolution modeling and temporal reasoning. To address
this, we propose MARE, an end-to-end framework that for-
mulates longitudinal radiology report generation as a mul-
timodal analogical reasoning task. Inspired by the Abduc-
tion–Mapping–Induction paradigm, MARE models latent re-
lational structures underlying disease evolution by aligning
lesion-level visual features across time and mapping them
to the textual domain for temporally coherent and clinically
meaningful report generation. To mitigate the spatial mis-
alignment caused by patient positioning or imaging variation,
we introduce an Adaptive Region Alignment (ARA) module
for robust temporal correspondence. Additionally, we design
Dual Evolution Consistency (DEC) losses to regularize ana-
logical reasoning by enforcing temporal coherence in both vi-
sual and textual evolution paths. Extensive experiments on the
Longitudinal-MIMIC dataset demonstrate that MARE signif-
icantly outperforms state-of-the-art baselines across both nat-
ural language generation and clinical effectiveness metrics,
highlighting the value of structured analogical reasoning for
disease evolution-aware report generation.

Code — https://github.com/gaoqingqing77/MARE

Introduction
Radiology report generation has emerged as a critical task
for automating diagnostic workflows and alleviating the
reporting burden on radiologists. Existing methods (Chen
et al. 2020; Liu et al. 2021a; Chen et al. 2021; Li et al.
2023a,b; Huang, Zhang, and Zhang 2023; Wang et al. 2023;
Jin et al. 2024; Liu et al. 2024; Shen et al. 2024; Li et al.
2024; Xiao et al. 2025; Huang et al. 2025; Wang et al. 2025;
Zhang et al. 2025) predominantly focus on single-timepoint
image-to-text generation, often overlooking the longitudinal
nature of clinical data that is crucial for assessing disease
progression. Recent advances (Bannur et al. 2023; Zhu et al.
2023; Serra et al. 2023; Hou et al. 2023; Sanjeev et al. 2024;
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Wang, Du, and Yu 2024; Liu et al. 2025) have begun to in-
corporate multimodal longitudinal data, combining current
and historical radiographs and reports to enhance generation
quality.

Despite recent advances, many longitudinal radiology re-
port generation (LRRG) methods still rely on general mul-
timodal fusion strategies, which implicitly expect the model
to capture temporal relations, align heterogeneous visual-
textual patterns, and reason about disease evolution. This
general reasoning paradigm imposes substantial cognitive
loads on the model and often results in clinically inconsis-
tent or incoherent narratives. Fundamentally, the temporal
progression of pathological findings in chest X-rays often
corresponds to changes in how diseases are described in ra-
diology reports. This observation motivates a shift from gen-
eral reasoning to multimodal analogical reasoning (Zhang
et al. 2023), which explicitly models relational structures in
a source domain (image modality) and uses them to analog-
ically infer specific missing information in a target domain
(report modality). Prior works (Holyoak and Thagard 1996;
Reed et al. 2015) have shown that analogical reasoning, by
leveraging relational similarities between analogy pairs, can
reduce reasoning complexity and enhance generalization.

In this context, we propose to frame the task of LRRG as
a multimodal analogical reasoning problem (Mar-LRRG).
As illustrated in Figure 1(a), unlike general reasoning that
rely on multimodal feature fusion, analogical reasoning fun-
damentally focuses on recognizing and mapping relational
structures across domains (Gentner 1983), with its effective-
ness hinging on accurately modeling the relations within the
source domain (Reed et al. 2015). From this perspective, the
core challenge of LRRG can be distilled into a central re-
search question: how can we accurately model the disease
evolution relations embedded in longitudinal medical im-
ages to effectively guide report generation?

To answer this question, we analyze the distinctions be-
tween Mar-LRRG (Figure 1(c)) and classical multimodal
analogical reasoning over knowledge graphs (Mar-KG)
(Zhang et al. 2023) (Figure 1(b)), emphasizing the addi-
tional complexity in modeling longitudinal medical data.
First, unlike Mar-KG tasks where the relations between
input pairs are typically predefined, explicit, and single-
labeled, medical images in LRRG often contain multiple le-
sion regions with distinct temporal trajectories. This leads to
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Figure 1: Illustration of (a) general reasoning vs. analogical reasoning, where the bar chart shows that relation modeling im-
proves reasoning effectiveness; and (b) Mar-KG vs. (c) Mar-LRRG, highlighting the unique challenges in modeling disease
evolution relations, including multiple lesion relations, spatial misalignment, and implicit relational patterns.

complex and implicit relational patterns that cannot be ade-
quately captured by a single predefined relation. To tackle
this, we introduce structured relational modeling compo-
nents that weakly explicate the implicit disease evolution
patterns. Specifically, we design dual evolution consistency
losses that constrain relational changes across modalities
and enforce temporal coherence in both vision and lan-
guage streams. Second, longitudinal medical images fre-
quently suffer from spatial misalignment caused by varia-
tions in patient positioning, imaging conditions, or anatom-
ical shifts, making it difficult to track lesion-level changes
consistently across time. To overcome this, we introduce an
adaptive alignment mechanism based on the perceiver re-
sampler (Alayrac et al. 2022), which dynamically extracts
and aligns fine-grained features from key pathological re-
gions across historical and current images.

Building on the above analysis, we propose MARE,
a complete Mar-LRRG pipeline that operationalizes
multimodal analogical reasoning under the Abduc-
tion–Mapping–Induction paradigm (Minnameier 2010).
In the Abduction stage, MARE first hypothesizes la-
tent disease evolution relations by analyzing cross-time
lesion-level changes in medical images. To ensure reliable
correspondence under spatial variation, we propose an
Adaptive Region Alignment (ARA) module that explicitly
aligns salient pathological regions across time, providing
a structurally grounded basis for analogical inference. In
the Mapping stage, these inferred visual evolution patterns
are transferred to the language modality via a cross-modal
mapping mechanism. To enforce relational consistency,
we introduce Dual Evolution Consistency (DEC) losses,
which simultaneously supervise intra-modal progression
paths in both the image and report domains. This dual-view

constraint enables MARE to learn temporally coherent and
clinically faithful analogical mappings. In the Induction
stage, a Large Language Model (LLM) integrates the
aligned relational patterns and historical report context
to generate fluent and diagnostically relevant radiology
reports. The entire reasoning pipeline is implemented in
an end-to-end manner, allowing joint optimization of all
components. Extensive experiments on the Longitudinal-
MIMIC dataset show that MARE consistently outperforms
state-of-the-art methods in both language generation and
clinical metrics. Our main contributions are summarized as
follows:
• We innovatively frame LRRG as a multimodal analog-

ical reasoning task and propose MARE, an end-to-end
pipeline following the Abduction–Mapping–Induction
paradigm.

• We address key challenges in Mar-LRRG by introducing
an Adaptive Region Alignment (ARA) module to han-
dle lesion-level spatial misalignment, and Dual Evolution
Consistency (DEC) losses to enhance relational model-
ing across modalities.

• Extensive experiments demonstrate that our analogical
reasoning framework with disease evolution modeling
strategies achieves substantial improvements over state-
of-the-art methods.

Related Work
Analogical Reasoning
Analogical reasoning facilitates knowledge transfer by map-
ping relational structures from known to novel domains, en-
abling deeper inference beyond surface similarities (Gen-
tner 1983). Minnameier (Minnameier 2010) formalizes this
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process into three stages: Abduction, Mapping, and In-
duction—outlining how relational knowledge is abstracted,
aligned, and generalized. Recent works in deep learning
have explored analogical reasoning to equip models with
human-like inference capabilities (Hu and Clune 2023). In
computer vision, analogical reasoning integrates visual data
with relational structures (Prade and Richard 2021; Hu et al.
2021; Hayes and Kanan 2021; Małkiński and Mańdziuk
2025), while in NLP, it is applied to word and sentence-level
semantic understanding (Mikolov et al. 2013; Pennington,
Socher, and Manning 2014; Chen et al. 2022). Multimodal
approaches further combine structured knowledge and pre-
trained transformers for enhanced reasoning (Zhang et al.
2023; Cai et al. 2025). LLMs have shown emerging analog-
ical abilities (Yasunaga et al. 2023; Webb, Holyoak, and Lu
2023), but applications in medical AI are scarce. In longi-
tudinal radiology, analogical reasoning aids case compari-
son, disease modeling, and consistent reporting. Motivated
by this, we leverage analogical reasoning with LLMs to en-
hance cross-time multimodal understanding in radiology re-
port generation.

Longitudinal Radiology Report Generation
Traditional report generation methods (Chen et al. 2020; Liu
et al. 2021a; Chen et al. 2021; Li et al. 2023a,b; Huang,
Zhang, and Zhang 2023; Wang et al. 2023; Shen et al. 2024;
Li et al. 2024; Jin et al. 2024; Liu et al. 2024; Xiao et al.
2025; Huang et al. 2025; Wang et al. 2025; Zhang et al.
2025), mainly focus on single-time data, overlooking lon-
gitudinal sequences. Recent works (Bannur et al. 2023; Zhu
et al. 2023; Serra et al. 2023; Hou et al. 2023; Sanjeev et al.
2024; Wang, Du, and Yu 2024) incorporate multimodal lon-
gitudinal data, which is essential for assessing disease pro-
gression. Notably, Zhu et al. (Zhu et al. 2023) use longitudi-
nal data to pre-fill report findings; RECAP (Hou et al. 2023)
integrates disease progression graphs; HERGen (Wang, Du,
and Yu 2024) applies group causal transformers with con-
trastive learning; HC-LLM (Liu et al. 2025) captures time-
shared and time-specific features to enhance consistency and
accuracy. Despite these advances, existing methods insuffi-
ciently explore explicit modeling of disease evolution, and
we address this gap by framing LRRG as a structured multi-
modal analogical reasoning task.

Methodology
Problem Definition
Given a radiograph-report pair Dc = {Xc,Yc}, where Xc

is the current radiograph and Yc denotes the correspond-
ing ground-truth report, along with the prior visit record
Dp = {Xp,Yp}, the objective of LRRG is to produce a
diagnostic report Ŷc for Xc that closely approximates Yc.
This is formulated as maximizing the conditional probabil-
ity p(Yc|Xc,Dp) to capture dependencies between current
and prior visits for coherent and accurate report generation.

Owing to the fact that the relational structure between ra-
diographs and reports remains implicit yet consistent over
time, we formalize the LRRG task as a multimodal analog-
ical reasoning problem. Specifically, we consider the his-

torical and current radiographs (Xp,Xc) as the analogy
source, and the corresponding historical and current reports
(Yp,Yc) as the analogy target. The objective of Mar-LRRG
is to model the consistent relational patterns across time to
infer the missing report Yc, thereby enhancing the effec-
tiveness of the reasoning process. Formally, the task can be
expressed as: (Xp,Xc) : (Yp, ?).

Following the Abduction–Mapping–Induction paradigm
of cognitive analogical reasoning (Minnameier 2010), we
propose the MARE framework, as shown in Figure 2. The
three stages form a progressive reasoning flow, with relation
modeling as a core component rather than direct multimodal
fusion or unconstrained LLM inference. Together with the
DEC losses, this design enforces cross-modal semantic con-
sistency and reasoning continuity in an end-to-end manner.
The following sections detail the three-stage process and the
DEC losses.

Abduction: Disease Evolution Relation Modeling
The Abduction stage in analogical reasoning focuses on
identifying the disease evolution relations between the
historical and current radiographs, laying the foundation
for subsequent mapping and induction. Given a histori-
cal–current radiograph pair (Xp,Xc), each image is en-
coded by a shared-weight vision encoder Eimg:

F
[cls]
Xp

,FXp
= Eimg(Xp), F

[cls]
Xc

,FXc
= Eimg(Xc), (1)

where F
[cls]
X∗

∈ Rdv and FX∗ ∈ RN×dv denote global and
local features, with N visual tokens of dimension dv .

To align spatial regions of disease relevance, we intro-
duce the Adaptive Region Alignment (ARA) mechanism
that adaptively samples semantically aligned tokens from
the local features of historical and current radiographs. ARA
is based on the design of the perceiver resampler (Alayrac
et al. 2022), which maps the input visual features to a fixed
number of output tokens. First, we predefine the learnable
latent input queries Q0 ∈ RM×dv . Then, we apply the fol-
lowing iterative process:

Q̃l = FAtt(Q
l,FX∗) +Ql,

Ql+1 = FFFN(Q̃
l) + Q̃l,

(2)

where FAtt is the cross-attention module, and FFFN is the
feed-forward network. This process is repeated L times,
where l ∈ {1, 2, ..., L} denotes the index of the current in-
teraction layer. Finally, the resampled features are obtained
as F̃X∗ = QL ∈ RM×dv , where M is the number of output
tokens, which equals the number of learned latent queries.
This ARA mechanism ensures that corresponding regions of
interest across different time points are effectively aligned,
providing a more coherent representation for downstream
disease evolution modeling.

We then concatenate the aligned features and feed them
to a relation learner Fevo to model the implicit visual disease
evolution relations:

Rimg = Fevo([F̃Xp ; F̃Xc ]), (3)

yielding Rimg ∈ RM×2dv as the learned inter-image disease
evolution relations. These relations, further regularized by
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Figure 2: Overview of the MARE framework: 1⃝ Abduction stage for disease evolution relation modeling; 2⃝ Mapping stage
for cross-modal relation projection; 3⃝ Induction stage for disease evolution-aware report generation. The Dual-Evolution Con-
sistency Losses, shown on the right, include Image-Evolution Consistency and Report-Evolution Consistency, which constrain
the learning of Inter-Image Relations and Inter-Report Relations, respectively. The four inter-report relations are illustrative
examples; the learned relation space is continuous with implicit features beyond these categories.

the image-evolution component of our DEC losses, capture
implicit yet clinically meaningful progression patterns that
direct multimodal fusion would struggle to disentangle.

Mapping: Cross-modal Disease Evolution Mapping
The Mapping stage in analogical reasoning involves pro-
jecting the relations discovered in the source domain (visual)
to the target domain (text).

We employ a mapping function Fmap, implemented as a
fully connected layer, to project Rimg ∈ RM×2dv into the
report relation space Rtxt ∈ RM×dt :

Rtxt = Fmap(R
img). (4)

The mapped relations are further constrained by the
report-evolution component of our DEC losses, grounding
them in the textual evolution embedding space and provid-
ing evolution-aware cues for the subsequent induction stage.

Induction: Disease Evolution-Aware Generation
In the Induction stage, we generate the current radiology
report Ŷc based on the analogically transferred disease evo-
lution relations Rtxt and the historical report Yp. Rather than
relying on direct multimodal fusion, this process is explicitly
guided by relational patterns derived from visual progres-
sion, ensuring temporally coherent and clinically consistent
outputs.

Unlike typical Mar-KG tasks that focus on single-entity
inference and can be addressed through basic classification

or matching, the Mar-LRRG task requires generating com-
prehensive and detailed radiology reports. This requires not
only effective modeling and integration of disease evolution
patterns but also the production of logically coherent and
clinically accurate narratives.

To meet these requirements, we employ an LLM (Touvron
et al. 2023) as the reasoning engine, leveraging its capacity
for knowledge integration and contextual inference. The in-
puts to the LLM include a predefined prompt, the mapped
relations Rtxt, the historical report Yp, and optionally other
auxiliary information (e.g., FX∗ ):

Ŷc = FLLM(Prompt,FXc ,Yp,R
txt). (5)

During training, we adopt teacher forcing and optimize an
autoregressive language modeling loss:

Lgen = −
T∑

t=1

log p(yt
c | y<t

c ,Xc,Dp), (6)

where yt
c is the t-th token of the ground-truth report and y<t

c
denotes all preceding tokens. As the LLM is adopted as an
analogical reasoning engine guided by disease evolution re-
lations, this process reduces reasoning complexity, improves
semantic grounding, and effectively induces consistent and
coherent information in the analogy target domain.

Dual-Evolution Consistency Losses
To further regularize the analogical reasoning process and
ensure that disease evolution patterns remain consistent
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Model Year Inputs NLG metrics CE metrics
BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr PREC REC F-1

Transformer 2017 Single 0.294 0.178 0.119 0.085 0.123 0.256 - - - -
AoANet 2019 Single 0.272 0.168 0.112 0.080 0.115 0.249 - - - -
CNN+Trans 2019 Single 0.299 0.186 0.124 0.088 0.120 0.263 - - - -
R2Gen 2020 Single 0.302 0.183 0.122 0.087 0.124 0.259 - - - -
R2CMN 2021 Single 0.305 0.184 0.122 0.085 0.126 0.265 - - - -
CvT2DistilGPT2 2023 Single 0.365 0.226 0.151 0.107 0.143 0.275 - 0.367 0.258 0.261
Prefilling 2023 Longitudinal 0.343 0.210 0.140 0.099 0.137 0.271 - - - -
HERGen 2024 Longitudinal 0.389 0.242 0.163 0.117 0.155 0.282 - 0.421 0.289 0.295
HC-LLM 2025 Longitudinal 0.404 0.260 0.178 0.128 0.160 0.287 - 0.417 0.357 0.357

R2GenGPT 2023 Single 0.365 0.230 0.156 0.111 0.139 0.271 0.180 0.297 0.240 0.247
+ Yp Longitudinal 0.393 0.252 0.174 0.125 0.153 0.284 0.243 0.390 0.336 0.336
+ Xp Longitudinal 0.364 0.229 0.155 0.110 0.140 0.270 0.178 0.293 0.248 0.250
+ Yp & Xp Longitudinal 0.396 0.256 0.176 0.126 0.154 0.285 0.235 0.389 0.320 0.328
MARE (Ours) - Longitudinal 0.409 0.265 0.184 0.133 0.161 0.291 0.271 0.433 0.378 0.375

Table 1: Performance comparison of state-of-the-art baselines across NLG and CE metrics. Upper-part results are cited from
HERGen, as our Longitudinal-MIMIC curation follows their setup for direct comparability. HC-LLM results are cited from
the original publication. Lower-part results for R2GenGPT and its variants are reproduced using official code on Longitudinal-
MIMIC with the same backbone. Xp and Yp denote historical image and report, respectively.

across modalities, we propose DEC losses, comprising both
image-level and report-level constraints. Acting as a weakly-
supervised self-consistency constraint, DEC operates en-
tirely in the feature space, leveraging inherent cross-time
correspondences within the data, without requiring manual
annotations of evolution relations.

Specifically, reliable disease evolution relations should
transform the historical state into the current state within the
same modality. However, these learned relations may devi-
ate from the corresponding entity feature space. To address
this, as shown in Figure 2, we map the relations into the
respective modality feature space and define the two consis-
tency losses therein.

For the Image-Evolution Consistency loss, we first
project the pooled inter-image relations into the image fea-
ture space:

R̃img = F img
proj(Pool(Rimg)), (7)

and define the following loss to ensure that the modeled im-
plicit relations Rimg correctly bridge the global feature evo-
lution from Xp to Xc:

Limg =
∥∥∥F[cls]

Xp
+ R̃img − F

[cls]
Xc

∥∥∥2
2
. (8)

For Report-Evolution Consistency, we first encode re-
ports using a text encoder Etxt to obtain global features:

F
[cls]
Yp

= Etxt(Yp), F
[cls]
Yc

= Etxt(Yc). (9)

Then the loss for report evolution consistency is defined sim-
ilarly as follows:

R̃txt = F txt
proj(Pool(Rtxt)), (10)

Ltxt =
∥∥∥F[cls]

Yp
+ R̃txt − F

[cls]
Yc

∥∥∥2
2
. (11)

By constraining both the visual and textual evolution
spaces, DEC losses ensure that the analogically modeled
relations are aligned across modalities, improving semantic
grounding and temporal coherence.

Overall Objective
The total loss function for training the MARE model is:

Ltotal = Lgen + λ1Limg + λ2Ltxt, (12)

where λ1 and λ2 are hyperparameters controlling the
strength of dual-evolution regularization. The entire process
is implemented in an end-to-end manner.

Experiments
Experimental Setting
Dataset. We conduct experiments on the Longitudinal-
MIMIC dataset, derived from MIMIC-CXR (Johnson et al.
2019), which contains 377,110 chest X-rays and 227,835 re-
ports from 65,379 patients. Following Zhu et al. (Zhu et al.
2023), a subset of 26,625 patients with ≥2 visits was ex-
tracted, yielding 94,169 visit pairs with CXR images and
reports from consecutive visits, covering 14 common abnor-
malities. The dataset is split into 92,374 training, 737 valida-
tion, and 2,058 test samples, ensuring temporal consistency
via patient-wise, time-ordered splits based on ’StudyDate’.
Evaluation Metrics. We evaluate report quality using
both natural language generation (NLG) and clinical ef-
fectiveness (CE) metrics. NLG metrics include BLEU (Pa-
pineni et al. 2002), METEOR (Denkowski and Lavie
2011), ROUGE-L (Lin 2004), and CIDEr (Vedantam,
Lawrence Zitnick, and Parikh 2015), assessing generation
fluency, and relevance. For clinical validity, we compute pre-
cision, recall, and F1-score over 14 CheXpert disease cate-
gories, using the CheXbert framework (Smit et al. 2020) to
automatically map generated text to disease labels, enabling
systematic evaluation of clinical consistency and accuracy.
Implementation Details. We implement our model in Py-
Torch and perform experiments on a single NVIDIA A800
GPU. The visual encoder uses Swin Transformer (Liu et al.
2021b), the text encoder (Eq. 9) adopts CLIP (Radford et al.
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Model BLEU-4 METEOR ROUGE-L CIDEr F-1

w/o ARA 0.129 0.155 0.286 0.243 0.353
w/ ARA 0.133 0.160 0.291 0.271 0.375

Table 2: Ablation study on the effect of ARA module.

Example 1 Example 2

(a) w/o ARA 
  Prior Image

(b) w/o ARA 
  Current Image

(c) w ARA 
  Prior Image

(d) w ARA 
  Current Image

(a) w/o ARA 
  Prior Image

(b) w/o ARA 
  Current Image

(c) w ARA 
  Prior Image

(d) w ARA 
  Current Image

Figure 3: Visualization of attention heatmaps before and af-
ter applying ARA on prior and current chest X-ray images
for two examples.

2021), and LLaMA2-7B (Touvron et al. 2023) is applied
during the induction stage. ARA is configured with L = 2
layers and M = 32 queries, with DEC weights λ1 = λ2 =
1. We use AdamW with an initial learning rate of 1× 10−4,
a CosineAnnealing scheduler, batch size 8, and 5 epochs.
Inference uses beam search with size 3 to balance diversity
and quality.

Comparison with State-of-the-Art Methods

We compare our method with a range of state-of-the-art
baselines for radiology report generation, including single
time-point approaches (e.g., Transformer, AoANet (Huang
et al. 2019), CNN+Trans, R2Gen (Chen et al. 2020),
R2CMN (Chen et al. 2021), CvT2DistilGPT2 (Nicolson,
Dowling, and Koopman 2023)) and longitudinal models
(e.g., Prefilling (Zhu et al. 2023), HERGen (Wang, Du, and
Yu 2024), HC-LLM (Liu et al. 2025), R2GenGPT (Wang
et al. 2023)). As shown in Table 1, our method consis-
tently outperforms all baselines. Longitudinal models gen-
erally surpass single-time methods, highlighting the benefit
of incorporating historical context; however, Prefilling un-
derperforms CvT2DistilGPT2 due to its conventional archi-
tecture. Notably, our method outperforms strong longitudi-
nal baselines such as HERGen and HC-LLM. In particular,
when compared to R2GenGPT, which shares the same back-
bone as ours, we achieve relative improvements of 15.3%
in CIDEr and 14.3% in F1, owing to our explicit modeling
of disease evolution rather than merely stacking multimodal
inputs. These results underscore the effectiveness of multi-
modal analogical reasoning for capturing temporal dynam-
ics in longitudinal report generation.

Limg Ltxt BLEU-4 METEOR ROUGE-L CIDEr F-1

✗ ✗ 0.118 0.151 0.278 0.251 0.330
✗ ✓ 0.125 0.153 0.283 0.253 0.345
✓ ✗ 0.129 0.158 0.290 0.265 0.362
✓ ✓ 0.133 0.160 0.291 0.271 0.375

Table 3: Ablation results on DEC losses. Limg and Ltxt de-
note the image-evolution and report-evolution consistency
losses, respectively.
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Figure 4: Ablation results on the number of learnable queries
in the ARA module.

Ablation Study
Effect of Adaptive Region Alignment. We evaluate the
contribution of the ARA module by comparing the model
with and without it. As shown in Table 2, removing ARA
consistently degrades performance, highlighting the impor-
tance of spatial alignment. Figure 3 further illustrates this ef-
fect through attention heatmaps on prior and current chest X-
ray images. Before applying ARA (Figures (a)–(b)), which
depict the attention maps from the last layer of the vision
encoder, the attention is scattered and often covers irrelevant
regions, reflecting weak spatial alignment and noisy cross-
time focus. After applying ARA (Figures (c)–(d)), which
show the attention from the ARA latent queries to all im-
age patches, the attention concentrates on clinically mean-
ingful areas (e.g., lesion regions, lung fields) and maintains
better consistency across longitudinal image pairs. Notably,
in Example 2, effective alignment is achieved even between
images from different views, demonstrating ARA’s robust-
ness. These results confirm that ARA effectively guides the
model to align visual focus across time, thereby enhancing
relation modeling and report generation.
Effect of Dual Evolution Consistency Losses. To assess
the effectiveness of the proposed DEC losses, we perform
an ablation study on its two components: Limg (image-
evolution consistency) and Ltxt (report-evolution consis-
tency). As shown in Table 3, removing both yields the weak-
est performance, highlighting the importance of evolution-
aware relation learning. Adding either loss improves results,
with Limg outperforming Ltxt. This is likely because vi-
sual evolution captures changes more completely, whereas
follow-up reports in MIMIC-CXR often omit unchanged
findings and describe only variations, making textual evo-
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Figure 5: An illustration of reports generated by different methods. We feed longitudinal chest X-rays and historical reports into
R2GenGPT as a baseline. Bold fonts indicate important symptoms mentioned in the ground truth report. Green fonts indicate
correctly generated content. Purple fonts indicate common errors across different methods. Red fonts indicate important recent
progressions that were not correctly generated.

R2GenGPT
Ground Truth

MARE(Ours)
Ground Truth

Figure 6: Visualization of feature distributions using t-SNE
for the R2GenGPT and MARE (Ours) models.

lution a less complete indicator. Combining both achieves
the best performance, indicating that enforcing consistency
in both visual and textual spaces can complementarily yield
semantically grounded and robust evolution relations, lead-
ing to more coherent reports.
Effect of the Number of Learnable Queries in ARA. We
analyze the impact of the number of learnable queries, which
determines the tokens retained after ARA. As shown in Fig-
ure 4, increasing the token number from 16 to 32 yields
consistent gains across all metrics, with CIDEr showing the
largest improvement. Further increasing the number beyond
32 offers no substantial benefit and slightly reduces perfor-
mance, suggesting that too few tokens may discard essen-
tial lesion cues, while too many may reintroduce noise or
misaligned background. Empirically, we set the number of
learnable queries to 32 to achieve a favorable trade-off be-
tween retaining rich lesion details and minimizing irrelevant
spatial noise.

Qualitative Analysis
We visualize predicted reports generated by different meth-
ods using the same longitudinal inputs for comparative anal-

ysis. As shown in Figure 5, R2GenGPT (Wang et al. 2023)
captures stable findings (e.g., pacemaker positions) but fails
to reflect disease progression and key changes such as intu-
bation or pulmonary edema. In contrast, our method, with
disease evolution modeling, accurately identifies core find-
ings like intubation and tube positions. Nonetheless, both
methods fail to identify pulmonary edema and atelectasis,
likely due to the subtle nature of these pathologies and the
visual encoder’s difficulty in capturing them. To further in-
tuitively demonstrate the impact of our framework, we vi-
sualize latent feature distributions using t-SNE (Figure 6).
Compared to R2GenGPT, our MARE model produces fea-
tures more closely aligned with ground truth clusters. This
demonstrates that our analogical reasoning framework im-
proves not only textual coherence but also semantic align-
ment in latent space.

Conclusions
In this paper, we introduced MARE, which offers a new
perspective on LRRG by reformulating it as a multi-
modal analogical reasoning task within a unified Abduc-
tion–Mapping–Induction framework. MARE performs ab-
duction to infer disease-evolution relations from longitu-
dinal images, maps these relations into the report feature
space, and induces the current report with an LLM reason-
ing engine, conditioned on the mapped relations and the his-
torical report. To more accurately capture disease evolution
relations, we designed an ARA mechanism to address spa-
tial misalignment and introduced DEC losses to explicitly
supervise the learning of inter-image and inter-report rela-
tions. Extensive experiments demonstrate that MARE effec-
tively models disease evolution and achieves state-of-the-art
performance in generating clinically meaningful reports.
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