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Abstract
Radiology Report Generation (RRG) aims to automati-
cally generate diagnostic reports from radiology images. To
achieve this, existing methods have leveraged the power-
ful cross-modal generation capabilities of Multimodal Large
Language Models (MLLMs), primarily focusing on opti-
mizing cross-modal alignment between radiographs and re-
ports through Supervised Fine-Tuning (SFT). However, by
only performing instance-level alignment with the image-
text pairs, the standard SFT paradigm fails to establish
anatomically-grounded alignment, where the templated na-
ture of reports often leads to sub-optimal generation qual-
ity. To address this, we propose S2D-ALIGN, a novel SFT
paradigm that establishes anatomically-grounded alignment
by leveraging auxiliary signals of varying granularities.
S2D-ALIGN implements a shallow-to-deep strategy, progres-
sively enriching the alignment process: it begins with the
coarse radiograph-report pairing, then introduces reference
reports for instance-level guidance, and ultimately utilizes
key phrases to ground the generation in specific anatom-
ical details. To bridge the different alignment stages, we
introduce a memory-based adapter that empowers feature
sharing, thereby integrating coarse and fine-grained guid-
ance. For evaluation, we conduct experiments on the pub-
lic MIMIC-CXR and IU X-RAY benchmarks, where S2D-
ALIGN achieves state-of-the-art performance compared to
existing methods. Ablation studies validate the effectiveness
of our multi-stage, auxiliary-guided approach, highlighting a
promising direction for enhancing grounding capabilities in
complex, multi-modal generation tasks.

Introduction
Medical imaging, such as X-rays and Computed Tomogra-
phy (CT), serves as an indispensable non-invasive tool in
modern diagnostics, offering a crucial way to visualize the
internal structures of human body conditions. Following the
interpretation of these images, radiologists are required to
record detailed diagnostic reports that translate complex vi-
sual findings into precise medical language, forming a criti-
cal basis for subsequent clinical decision-making. This man-
ual process, however, is not only time-consuming but also
susceptible to errors and omissions, particularly for less ex-
perienced radiologists, which can potentially degrade the
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quality of patient care. To mitigate these challenges, the task
of Radiology Report Generation (RRG) has been motivated
by recent studies (Jing, Xie, and Xing 2018a; Li et al. 2018;
Chen et al. 2020b; Liu et al. 2021a; Chen et al. 2021a; Qin
and Song 2022a), aiming to develop automatic solutions to
alleviate the workload of radiologists, where this research
direction has raised great attention from the communities of
both artificial intelligence and clinical medicine.

Recent breakthroughs in Large Language Models (LLMs)
(Touvron et al. 2023) have motivated Multimodal Large
Language Models (MLLMs) (Zhu et al. 2023; Liu et al.
2023) as the cornerstone for RRG, effectively overcoming
the alignment challenges inherent in earlier methods (Liu
et al. 2023) trained from scratch on limited datasets. Adapt-
ing these general MLLMs for the medical domain primarily
involves two competing strategies, i.e., In-Context Learn-
ing (ICL) and Supervised Fine-Tuning (SFT). ICL methods
(Yan et al. 2023), which keep the LLM parameters frozen,
typically rely on external annotators like RadGraph (Jain
et al. 2021) to convert visual information into structured text
(e.g., entities and relations), upon which few-shot demon-
strations guide the generation. However, their performance
is highly sensitive to the quality of these text-based repre-
sentations and the choice of demonstration examples, limit-
ing their robustness in complex clinical scenarios. Conse-
quently, SFT has emerged as the dominant paradigm, es-
tablishing end-to-end alignment by directly fine-tuning the
MLLM on radiograph-report pairs (Liu et al. 2024; Wang
et al. 2025; Hyland et al. 2023; Tu et al. 2023). Despite its
prevalence, the standard SFT framework faces a critical bot-
tleneck, where it performs alignment only at a coarse granu-
larity between the entire image and its corresponding report.
This coarse-grained approach, confounded by the templated
and often redundant nature of radiology reports, fails to es-
tablish precise correspondence between specific pathologi-
cal findings and their anatomical locations. This deficiency
in alignment granularity directly undermines the factual cor-
rectness and clinical reliability of the generated reports. Ar-
chitecturally, this limitation is often exacerbated by the use
of simple projection layers that bridge the visual encoder and
the LLM, which are insufficient for learning fine-grained,
region-to-text mappings for RRG. Therefore, developing an
effective method for anatomically-grounded alignment has
become a critical challenge for trustworthy RRG, where this
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pivotal problem motivates our work in this paper.
To address this critical challenge, we introduce S2D-

ALIGN, a novel fine-tuning paradigm designed to explic-
itly establish anatomically-grounded alignment. At its core,
we propose Progressive Anatomical Grounding (PAG),
a shallow-to-deep SFT strategy that systematically en-
riches the alignment process by leveraging auxiliary sig-
nals of varying granularities. This multi-stage process be-
gins with coarse-grained radiograph-report alignment, then
incorporates reference reports for enhanced contextual un-
derstanding, and culminates in fine-grained grounding us-
ing clinically-relevant key phrases to connect text to spe-
cific anatomical regions. To unify the learning signals across
the diverse stages of PAG, we introduce the Shallow-to-
Deep Memory Adapter (SMA), a lightweight yet effec-
tive memory-based adapter that facilitates feature sharing
and integrates coarse- and fine-grained guidance into a co-
hesive representation. Our extensive experiments on the
IU X-RAY and MIMIC-CXR benchmarks demonstrate
that S2D-ALIGN achieves new state-of-the-art performance
compared to prevailing methods. Generally speaking, the
contributions of S2D-ALIGN are threefold:

• We propose Progressive Anatomical Grounding
(PAG), an innovative multi-stage SFT framework that
explicitly targets anatomically-grounded RRG;

• We design the Shallow-to-Deep Memory Adapter
(SMA), an effective module that enable multi-grained
feature sharing during the fine-tuning of MLLMs;

• We conduct comprehensive experiments that not only
validate the superiority of S2D-ALIGN, but also high-
light a promising direction for building more factually
reliable and clinically trustworthy generative models.

Related Work
The advent of deep learning has catalyzed a significant
paradigm shift in RRG over the last decade. Founda-
tional approaches (Jing, Xie, and Xing 2018a; Li et al.
2018; Liu et al. 2021a,c; Nicolson, Dowling, and Koop-
man 2022; Huang, Zhang, and Zhang 2023; Tanida et al.
2023; Liu, Tian, and Song 2024; Jin et al. 2024) established
the encoder-decoder framework, typically by training task-
specific neural networks on benchmark datasets (Demner-
Fushman et al. 2016; Johnson et al. 2019). These models
primarily focused on enhancing cross-modal alignment to
improve report quality, employing techniques such as mem-
ory networks (Chen et al. 2020b, 2021a), attention mecha-
nisms (Liu et al. 2021a), reinforcement learning (Qin and
Song 2022a), etc. However, these methods, trained from
scratch on limited-scale medical datasets, were fundamen-
tally constrained in model capacity, limiting their applicabil-
ity to complex, real-world clinical scenarios. The emergence
of Large Language Models (LLMs), pre-trained on massive
text corpora, has introduced powerful text generation capa-
bilities, motivating a new research direction to overcome
the limitations of earlier methods. Consequently, the dom-
inant paradigm has shifted towards adapting these models
for RRG by aligning a visual encoder with an LLM and

performing Supervised Fine-Tuning (SFT) on radiograph-
report pairs (Hyland et al. 2023; Tu et al. 2023; Liu et al.
2024; Wang et al. 2025). Nevertheless, this standard SFT
paradigm conducts at an instance-level of alignment, fail-
ing to establish the fine-grained mappings between spe-
cific visual findings and their textual descriptions necessary
for anatomical grounding. Among the most relevant works,
LLM-RG4 (Wang et al. 2025) attempts to address this by
introducing an adaptive token fusion module and a token-
level loss weighting strategy to prioritize descriptions of
local regions. Yet, its learning process is still fundamen-
tally constrained by instance-level data pairs, lacking ex-
plicit anatomical guidance. In contrast, our proposed S2D-
ALIGN directly tackles this challenge by injecting explicit,
multi-grained anatomical signals—such as key phrases and
their corresponding visual regions—into the SFT process to
progressively achieve anatomically-grounded alignment.

Methodology
In this section, we detail the architecture and training
methodology of S2D-ALIGN. As illustrated in Figure 1, our
framework is built upon three core modules, i.e., a frozen
medical visual encoder (Ev), our proposed Shallow-to-Deep
Memory Adapter (SMA), and a Large Language Model
(LLM) decoder (GLLM ). The fine-tuning of these modules
is organized by our central contribution, the Progressive
Anatomical Grounding (PAG) strategy, which leverages
auxiliary signals to guide the model towards anatomically-
grounded alignment.

The PAG strategy formalizes the fine-tuning as a three-
stage curriculum. At each stage i, the model is conditioned
on a progressively enriched multi-modal context C(i). Let I
be the input radiograph, Rref be the reference report, and K
be the set of key phrases. We define the contexts as follows:
• Stage 1 (Coarse Alignment): The context contains only

the visual information distilled by the SMA.

C(1) ≜ SMAv(Ev(I)) (1)

• Stage 2 (Contextual Enhancement): The context is
augmented with features from the reference report.

C(2) ≜ concat
(
C(1), SMAt(Etext(Rref ))

)
(2)

• Stage 3 (Fine-grained Grounding): The context is fur-
ther enriched with key phrase features.

C(3) ≜ concat
(
C(2), SMAp(Etext(K))

)
(3)

where SMAv , SMAt, and SMAp are the memory-based
adapter modules for vision, reference reports, and key
phrases, respectively, and concat(·) denotes the operation
of concatenation along the channel dimension. Given this
formulation, the training objective for the i-th stage of PAG
is to minimize the auto-regressive cross-entropy loss over
the ground-truth report Rgt:

Li
PAG = −

|Rgt|∑
t=1

log pΘi

(
wt|w<t, C

(i)
)

(4)
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Figure 1: Overview of S2D-ALIGN, with the Progressive Anatomical Grounding (PAG) and Shallow-to-Deep Memory Adapter
(SMA) modules as its core components. Herein, we use the same medical text encoders to convert reference reports or key
phrases into embeddings, and adopt a shared memory bank inherited from earlier stages to later ones throughout PAG.

where wt is the t-th token of Rgt, and pΘi
is the probabil-

ity predicted by the model with parameters Θi trainable at
stage i. During inference, we discard the auxiliary signals
(C(i), i ≥ 2) and generate the report R conditioned solely
on the visual context C(1), which is formally expressed as:

R = GLLM

(
·|C(1)

)
(5)

This training-inference asymmetry is a key design principle
in this work, enabling the model to learn from a multi-modal
context while maintaining the efficiency of a standard RRG
pipeline. In the subsequent sections, we first introduce the
visual feature extraction process, then illustrate the architec-
ture of the SMA, and finally detail the PAG strategy.

Visual Encoder
The visual backbone of our framework is a pre-trained med-
ical visual encoder, Ev , which aims to encode an input radi-
ology image I ∈ RH×W×C into a sequence of feature em-
beddings. We adopt the Vision Transformer (ViT) architec-
ture (Dosovitskiy et al. 2021), which processes the image by
partitioning it into a sequence of non-overlapping patches.
Latter, these patches are then embedded, incorporating posi-
tional information, to produce a sequence of patch-level fea-
ture vectors V = {v1, v2, . . . , vN}, which are then adopted
different stages throughout the entire process of PAG.

Shallow-to-Deep Memory Adapter (SMA)
As is noted above, a pivotal component in standard MLLMs
is the connector module that bridges the visual encoder and
the LLM. Existing MLLMs typically employ simple con-
nector designs like an MLP or with a further integration of
Q-Former (Li et al. 2023), to project visual features into the

embedding space of the LLM. However, these approaches
are insufficient for establishing the anatomically-grounded
alignment in the context of RRG, due to two main reasons,
where the insufficient capabilities of MLPs and failure of
feature sharing across modalities to capture complex rela-
tionships and complementary information. To address these
shortcomings, we introduce the Shallow-to-Deep Memory
Adapter (SMA), a novel and efficient module designed
to foster deep and interactive cross-modal alignment. Un-
like conventional connectors, the SMA operates based on a
multi-head cross-attention mechanism, along with a memory
bank as a collection of Nmem learnable query vectors, de-
noted as Qmem ∈ RNmem×Dv . During training, these memory
queries dynamically interact with V from the encoder, adap-
tively attending to and distilling the most salient visual infor-
mation into a compact representation. More importantly, the
same memory bank is shared across all distinct alignment
stages of PAG, enabling implicit feature sharing and com-
pelling the adapter to learn a holistic and highly informative
representation. Given the feature Faux of the auxiliary sig-
nals (such as features of radiograph, reference report, and
key phrases), this process is formally expressed as:

Fmem = CrossAttn(Qmem, Faux, Faux; ΘSMA) (6)

where Fmem ∈ RNmem×Daux is the resulting memory-
enhanced feature that is fed to the LLM, and Daux varies
according to different modalities.

Progressive Anatomical Grounding (PAG)
The core contribution of our approach is the Progressive
Anatomical Grounding (PAG) strategy, which addresses the
limitations of standard instance-level SFT. PAG is conceptu-
ally motivated by Curriculum Learning (CL) (Bengio et al.
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2009), a training paradigm that advocates for presenting
easier examples to a model before progressively introduc-
ing more complex ones, thereby improving convergence and
generalization. However, a direct application of CL to RRG
is challenging, as defining a meaningful difficulty metric for
radiograph-report pairs is non-trivial, yet simple heuristics,
such as report length or the number of findings, often fail
to capture trustworthy clinical complexity and the required
level of grounding. To circumvent this challenge, PAG re-
defines the notion of difficulty not at the level of individual
data samples, but the alignment task itself, which naturally
fits the SFT nature of existing MLLMs. In doing so, it per-
forms a multi-stage curriculum that progressively increases
the required alignment granularity, guiding the model from
learning instance-level semantics to anatomically-grounded
descriptions. This is achieved by gradually introducing aux-
iliary textual signals of varying granularities across three in-
dividual stages, as detailed subsequently.

Stage 1: Coarse-Grained Image-Report Alignment.
This initial stage of PAG establishes the basic alignment be-
tween the visual and textual modalities. Given an input ra-
diograph I ∈ RH×W×C and its ground-truth report Rgt =
{w1, w2, . . . , w|Rgt|}, the forward pass proceeds as follows.
First, the frozen medical visual encoder Ev processes the im-
age to extract a sequence of patch-level feature embeddings
V ∈ RN×Dv . Next, these visual features V are fed into our
lightweight SMA, whose parameters ΘSMA are the sole tar-
get to update in this stage. The SMA comprises a series of
learnable memory vectors, denoted as Qmem ∈ RNmem×Dv ,
and levearges Qmem to adaptively distill the visual represen-
tation V into a memory-enhanced one Vmem ∈ RNmem×Dv

via a cross-attention mechanism, written as:

Vmem = SMAv(Qmem, V, V ; ΘSMAv
) (7)

Vmem is then concatenated with the token embedding E<t =
Embed(w<t) of Rgt along the sequence dimension, with the
resulting representation serving as the visual context for the
LLM GLLM, which eventually predicts the probability dis-
tribution over the vocabulary for the next token wt, condi-
tioned on Vmem and w<t, written as:

p(wt|w<t, V ; ΘSMAv
) = GLLM (w<t, Vmem) (8)

The training objective is to minimize the standard auto-
regressive Cross-Entropy loss (CE), which maximizes the
likelihood of the ground-truth report, written as:

L1
PAG = −

|Rgt|∑
t=1

log p(wt|w<t, V ; ΘSMAv
) (9)

By optimizing this objective, we exclusively update the pa-
rameters ΘSMAv

, effectively aligning the feature space of the
visual encoder with that of the LLM at an instance-level.

Stage 2: Instance-level Contextual Enhancement. To
mitigate the ambiguity caused by the templated nature of
radiology reports, this stage further introduces a reference
report to enhance the instance-level context. To implement
this, we leverage the inherent longitudinal nature of the
MIMIC-CXR dataset. For a given radiograph-report pair

(I,Rgt) from a specific patient study, we select the reference
report Rref from a different study of the same patient. This
strategy is clinically motivated, where serial radiographs of
the same individual normally share a high degree of anatom-
ical correspondence, yet their reports often differ based on
subtle but diagnostically critical interval changes. Therefore
in this stage, the overall pipeline is then tasked to generate
the correct report Rgt conditioned on both I and Rref, forc-
ing it to discover case-specific visual cues. To bridge Rref
with the input of I , we adopts an BERT-based text encoder
model to convert Rref into the corresponding representation
Eref ∈ R|Rref|×Dt , and utilizes a lightweight text adapter, ar-
chitecturally identical to our SMA but with separate param-
eters (ΘSMAt

), to project the text embedding Eref into the
shared feature space. Crucially, while the parameters of the
text adapter are distinct, the concatenated features are even-
tually processed in the context of the same memory queries
Qmem, ensuring consistent feature integration. Then, the re-
sulting representation is concatenated with Vmem to form the
input of the LLM GLLM, which eventually predicts the prob-
ability distribution similar to that of Eq. 9, with the training
objective L2

PAG formulated by:

L2
PAG = −

|Rgt|∑
t=1

log p(wt|w<t, V, Rref; ΘSMAv ,ΘSMAt)

(10)
Note that both SMA modules share the same memory vec-
tors Qmem in this stage, where the additional reference report
guides the model to develop a more robust instance-level un-
derstanding by contrasting against similar cases.

Stage 3: Fine-grained Key Phrase Grounding. With
solid instance-level visual understanding, this final stage
aims to explicitly steer the model towards anatomically-
grounded alignment. We first extract a set of clinically-
relevant key phrases K = {k1, k2, . . . , km} from the
ground-truth report Rgt using an entity extraction tool Rad-
Graph (Jain et al. 2021). To ensure the grammatical coher-
ence of the extracted entities, we first compose them into
a short description if its corresponding relation is positive,
then adopt an LLM to refine it into a more natural and
clinically-relevant phrase.

With all training samples annotated, we randomly sample
l key phrases from K and feed them to the LLM GLLM for
anotminal grounding. Particularly, we use the same medical
text encoder as that in last stage to convert the key phrases
into the corresponding representation Ekey ∈ Rl×Dt and use
another SMA (SMAp with parameters ΘSMAp

) to map Ekey
into the same feature space as V and Eref. Finally, we send
the concatenation of Vmem, Eref, and Ekey to the LLM GLLM,
with the training objective L3

PAG formulated by:

L3
PAG =−

|Rgt|∑
t=1

log p(wt|w<t, Vmem, Eref, Ekey;

ΘSMAv
,ΘSMAt

,ΘSMAp
)

(11)

By conducting this stage, the model is enforced to estab-
lish a more precise correspondence between visual regions

30783



Model NLG Metrics CE Metrics

B@1 B@2 B@3 B@4 R-L Precision Recall F1

Early Image Captioning Methods

ST (Vinyals et al. 2015) 0.299 0.184 0.121 0.084 0.263 0.249 0.203 0.204
Att2In (Rennie et al. 2017) 0.325 0.203 0.136 0.096 0.276 0.322 0.239 0.249
AdaAtt (Lu et al. 2017) 0.299 0.185 0.124 0.088 0.266 0.268 0.186 0.181
TopDown (Anderson et al. 2018) 0.317 0.195 0.130 0.092 0.267 0.320 0.231 0.238

From-Scratch RRG Methods

R2Gen (Chen et al. 2020b) 0.353 0.218 0.145 0.103 0.277 0.333 0.273 0.276
CA (Liu et al. 2021a) 0.350 0.219 0.152 0.109 0.283 - - -
CMCL (Liu et al. 2021c) 0.344 0.217 0.140 0.097 0.281 - - -
PPKED (Liu et al. 2021b) 0.360 0.224 0.149 0.106 0.284 - - -
R2GenCMN (Chen et al. 2021a) 0.353 0.218 0.148 0.106 0.278 0.334 0.275 0.278
R2GenRL (Qin and Song 2022a) 0.381 0.232 0.155 0.109 0.287 0.342 0.294 0.292
ITA (Wang et al. 2022) 0.395 0.253 0.170 0.121 0.284 - - -
WarmStart (Nicolson, Dowling, and Koopman 2022) 0.392 0.245 0.169 0.124 0.285 0.359 0.412 0.384
KiUT (Huang, Zhang, and Zhang 2023) 0.393 0.243 0.159 0.113 0.285 0.371 0.318 0.321
PromptMRG (Jin et al. 2024) 0.398 - - 0.112 0.258 0.501 0.509 0.476
RGRG (Tanida et al. 2023) 0.373 0.249 0.175 0.126 0.264 0.461 0.475 0.447

Large Language Model-based RRG Methods

XrayGPT (Thawkar et al. 2023) 0.128 0.045 0.014 0.004 0.111 - - -
Med-PaLM (Tu et al. 2023) 0.317 - - 0.115 0.275 - - 0.378
R2GenGPT (Wang et al. 2023) 0.396 - - 0.113 0.273 0.506 0.414 0.456
EKAGen (Bu et al. 2024) 0.419 0.258 0.170 0.119 0.287 0.517 0.483 0.499
CheXAgent (Chen et al. 2024) 0.189 - - 0.040 0.208 0.506 0.306 0.381
MAIRA-1 (Hyland et al. 2023) 0.392 - - 0.142 0.289 - - 0.553
R2-LLM (Liu et al. 2024) 0.402 - - 0.128 0.291 0.465 0.482 0.473
InVERGe (Deria et al. 2024) 0.425 0.240 0.132 0.100 0.309 - - -
LLM-RG4 (Wang et al. 2025) 0.377 - - 0.144 0.318 0.583 0.593 0.588

S2D-ALIGN (Ours) 0.422 0.263 0.183 0.149 0.332 0.613 0.606 0.608

Table 1: Comparison with state-of-the-art methods on the MIMIC-CXR benchmark (Johnson et al. 2019) with respect to
standard NLG and CE metrics. The best and second best results are highlighted in bold and underlined, respectively.

and their textual descriptions, which is the cornerstone of
trustworthy RRG. In inference, we discard all aforemen-
tioned auxiliary signals and perform RRG similar to stan-
dard MLLMs, resulting in the generated report R, where our
experiments below demonstrate such paradigm effectively
assists single radiograph-to-report generation without anno-
tational guidance.

Experimental Setup
Datasets
We conduct our primary experiments on two benchmark
datasets, i.e., IU X-RAY and MIMIC-CXR. IU X-RAY
(Demner-Fushman et al. 2016) is collected by the Indiana
University, where it serves one of the most widely adopted
benchmarks for RRG, containing 7, 470 chest X-ray im-
ages and 3, 955 corresponding radiology reports. MIMIC-
CXR (Johnson et al. 2019) is the largest publicly available
dataset of chest X-ray radiographs and their correspond-
ing free-text radiology reports, collected from the Beth Is-
rael Deaconess Medical Center (BIDMC), where it con-
tains 377, 110 image-report pairs from 65, 379 patients. Fol-
lowing the pre-processing pipeline of conventional studies
(Chen et al. 2020b, 2021a; Liu et al. 2024; Wang et al. 2025),
we extract the “Findings” section from each report for our
analysis. We adhere to the official data split, consisting of

270, 790 training, 2, 130 validation, and 3, 858 testing sam-
ples. For data samples on MIMIC-CXR, we exclude sam-
ples lacking RadGraph annotations (Jain et al. 2021) to en-
sure that all key phrases are properly annotated.

Evaluation Metrics
Following standard practice (Li et al. 2018; Chen et al.
2020a, 2021b; Qin and Song 2022b), we first evaluate the
generated reports using metrics like Natural Language Gen-
eration (NLG) and Clinical Efficacy (CE). Specifically, we
employ BLEU-n (Papineni et al. 2002) (B@n, n ∈ {1, 4})
and ROUGE-L (Lin 2004) (R-L) for NLG assessment, and
report precision, recall, and F1 scores for CE evaluation.

Implementation Details
For our implementation of the visual encoder Ev , we lever-
age the pre-trained Rad-DINO (Pérez-Garcı́a et al. 2024),
and keep its parameters frozen throughout the fine-tuning
process, in order to preserve its domain-specific visual
representations learned from large-scale medical data. For
the LLM decoder, we initialize the first stage of PAG
with Vicuna-7B-v1.5, whose parameters are fixed dur-
ing the first PAG stage, and fine-tuned via Low-Rank
Adaptation (LoRA) (Hu et al. 2021). Herein, we ap-
ply LoRA to all linear layers of the transformer blocks
with a rank of 16, a scaling factor of 16, and a dropout
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Figure 2: A case study selected from MIMIC-CXR, with medical concepts shared by the ground-truth and generated outputs
highlighted in the same color. The categories and optimized parameters for the LLM-based methods are detailed in parentheses.

Methods B@1 B@4 R-L

Early Image Captioning Methods

ST (Vinyals et al. 2015) 0.216 0.066 0.306
Att2In (Rennie et al. 2017) 0.224 0.068 0.308
ADAATT (Lu et al. 2017) 0.220 0.068 0.308
CoATT (Jing, Xie, and Xing 2018b) 0.455 0.154 0.369
HRGR (Li et al. 2018) 0.438 0.151 0.322
CMAS-RL (Jing, Wang, and Xing 2019) 0.464 0.154 0.362

From-Scratch RRG Methods

R2Gen (Chen et al. 2020b) 0.470 0.165 0.371
CA (Liu et al. 2021a) 0.492 0.169 0.381
CMCL (Liu et al. 2021c) 0.473 0.162 0.378
PPKED (Liu et al. 2021b) 0.483 0.168 0.376
R2GenCMN (Chen et al. 2021a) 0.475 0.170 0.375
R2GenRL (Qin and Song 2022a) 0.494 0.181 0.384

Large Language Model-based RRG Methods

XrayGPT (7B) (Thawkar et al. 2023) 0.177 0.007 0.203
R2-LLM (14.2B)† (Liu et al. 2024) 0.499 0.184 0.390

Ours (7B) 0.512 0.195 0.407

Table 2: Comparison with state-of-the-art methods on IU X-
RAY (Demner-Fushman et al. 2016) w.r.t. NLG metrics.

rate of 0.1, where the original LLM parameters are kept
frozen, with only the LoRA adapter weights being up-
dated during training. For the text encoder Etext, we use
BiomedVLP-CXR-BERT-specialized to encode the
reference report and key phrases. For the SMA in different
stages of PAG, it consists of a 8-head cross-attention layer
followed by a 3-layer MLP and Layer Normalization (LN).
The hyperparameters for S2D-ALIGN were tuned on the
validation set, where we performed a grid search over key
parameters to identify the optimal configuration

Results and Analysis
Comparison with State-of-the-Art Methods. As pre-
sented in the quantitative comparison of Table 1 and 2, we
conduct a comprehensive comparison of our proposed S2D-
ALIGN with a wide range of state-of-the-art methods on both
the IU X-RAY (Demner-Fushman et al. 2016) and MIMIC-
CXR (Johnson et al. 2019). Our proposed S2D-ALIGN es-
tablishes a new state-of-the-art on both benchmarks, achiev-
ing a F1 score of 0.608 on the CE metric. This superiority
stems directly from our PAG strategy to progressively guide
the model towards fine-grained radiograph-report alignment,
which shows significantly lower performance on factual
correctness (i.e., CE and RadGraph-based metrics) and re-
veals their failure to precisely map visual findings to precise
textual descriptions. In contrast, the leading performance
demonstrated by S2D-ALIGN provide direct evidence that
it establishes anatomically-grounded alignment crucial for
clinical reliability. Furthermore, our end-to-end paradigm,
unified by the SMA design, overcomes the limitations of
ICL (e.g., Yan et al. (Yan et al. 2023)) by avoiding re-
liance on potentially noisy intermediate textual representa-
tions, meanwhile enabling the models to discover more po-
tential complementary information through feature sharing
across modalities. These results validate that S2D-ALIGN
is a more robust and factually reliable direction.

Case Study. We present a qualitative case study to in-
tuitively compare the capabilities of representative RRG
methods in Figure 2, with models from three categories,
i.e., a from-scratch RRG method (R2GenCMN), an SFT-
based MLLM with only the projector trained (XrayGPT),
and an SFT-based MLLM that updates parameters of the
LLM (LLM-RG4). As presented, R2GenCMN fails to cap-
ture key abnormalities like “atelectasis” and hallucinates
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Method B@1 B@4 R-L F1
Evaluating the progressive nature of PAG

Single-Stage (S1 only) 0.369 0.092 0.271 0.449
Joint Training (S1+S2+S3) 0.371 0.102 0.295 0.470
Reversed Order (S1→S3→S2) 0.355 0.077 0.301 0.527

Evaluating the contribution of each PAG stage

w/o Fine-grained Grounding (S1→S2) 0.386 0.112 0.303 0.513
w/o Contextual Enhancement (S1→S3) 0.415 0.145 0.318 0.565

S2D-Align (Full, S1→S2→S3) 0.422 0.149 0.332 0.608

Table 3: Evaluation scores for the ablation studies of PAG on
MIMIC-CXR, where “Si” denotes Stage i, “→” indicates
progressive training, and “+” indicates joint training.

non-existent findings such as a “prosthetic valve”, showcas-
ing the limitations of training without leveraging pre-trained
knowledge. XrayGPT produces a coarse-grained report with
facutally incorrect diagnosis, i.e., “no abnormalities visi-
ble”, and misses most pathological findings, since the sim-
ple MLP project fails to model the complex visual-textual
mapping. While updating the LLM parameters allows LLM-
RG4 to correctly identify more findings like “atelectasis”,
the fundamental issue of standard SFT leads to its coarse-
grained alignment, which explicitly denies the presence of
“pleural effusion” that is clearly visible in the image. All
aforementioned issues are alleviated by S2D-ALIGN with
comprehensive findings, meanwhile maintaining high de-
scriptive quality. This vividly demonstrates that simply fine-
tuning the LLM is insufficient to obtain an anatomically-
grounded alignment, where PAG is crucial to empower the
model to move beyond coarse pattern matching and perform
factually-correct clinical reasoning.

Ablation Studies
Effect of PAG
To validate the design of PAG, we conduct extensive ab-
lation studies by exploring different training paradigms,
with results detailed in Table 3. We consider three vari-
ants of training paradigms, i.e., training with only the
coarse-grained stage (“Single-Stage”), mixing all data for
“Joint Training”, and training in a “Reversed Order”
(S1→S3→S2), along with two baselines ablating the second
and third training stages of PAG. It is observed that “Single-
Stage” and “Joint Training” result in substantially lower per-
formance, particularly on the F1 score that reflects the fac-
tual correctness, indicating that standard SFT (radiograph-
report alignment) is insufficient while mixed training strug-
gles to guide the model to learn a coarse-to-fine alignment
process. Similar results are seen in “S1 → S2” where fine-
grained grounding is removed, showing that injecting key
phrases as an auxiliary signal is crucial for the shallow-
to-deep learning. Interestingly, by comparing “S1 → S3”
and “S1 → S3 → S2”, we observe that fine-tuning in a re-
versed order might harm the performance of directly align-
ing with key phrases, which underscores a potential impact
of PAG similar to that of curriculum learning, with the best
results demonstrated by our full model. This suggests that a

Connector Module B@1 B@4 R-L F1

MLP 0.387 0.104 0.283 0.473
MLP + Q-Former 0.368 0.098 0.264 0.394
SMA (MLP + MSA) 0.407 0.119 0.311 0.523
SMA (w/o Shared Memory) 0.401 0.136 0.320 0.559

SMA (Ours) 0.422 0.149 0.332 0.608

Table 4: Evaluation scores for the ablation studies of SMA
on MIMIC-CXR, where “MLP” and “MLP + Q-Former”
denote the linear projection and its combination with Q-
Former (Li et al. 2023). “SMA (MLP + MSA)” and “SMA
(w/o Shared Memory)” indicate the architecture without the
memory bank and the sharing mechanism, respectively.

carefully structured curriculum for domain-specific MLLM,
which first establishes a foundational understanding, and
then refines it with increasingly granular supervision, is a
more effective than simply exposing it to massive data.

Effect of SMA
To investigate the effect of SMA, we replace it with other
variants of connector modules, and ablate the SMA design,
with results summarized in Table 4. Both the MLP and
the MLP with a Q-Former yield drastically lower scores
across all metrics, particularly on F1 score, which indi-
cate that conventional connectors struggle to model com-
plex and fine-grained visual-textual mappings for the pur-
pose of RRG. Notably in this comparison, the integration of
Q-Former causes further performance degradation, since Q-
Former might lead to possible information loss due to fea-
ture compression, where this conclusion is consistent with
some up-to-date MLLM studies (Lin et al. 2023). While the
basic SMA architecture improves the performance owing to
increased model parameters (MLP + MSA) or the memory
mechanism (SMA w/o Shared Memory), the lack of fea-
ture sharing still prevents the model from achieving further
anatomically-grounded alignment, where the best results are
achieved by our full SMA design, confirming the effective-
ness of the feature sharing across different stages of PAG.

Conclusion
In this paper, we addressed the critical challenge of fac-
tual correctness in RRG, which is undermined by the
coarse-grained alignment in standard SFT-based fine-tuning
methods. To this end, we introduced S2D-ALIGN, a
novel paradigm centered on our PAG strategy, which em-
ploys a shallow-to-deep curriculum to explicitly establish
anatomically-grounded alignment. This multi-stage process
is effectively unified by our lightweight SMA, designed to
integrate multi-granularity guidance and overcome the lim-
itations of simple projection layers. Our comprehensive ex-
periments demonstrate that S2D-ALIGN sets a new state-
of-the-art on IU X-RAY and MIMIC-CXR, significantly
enhancing the factual reliability and clinical utility of gen-
erated reports. Ultimately, this work validates that pursu-
ing anatomically-grounded learning is a pivotal direction
for building more trustworthy generative models, where we
wish it can serve as a reference work for follow-up studies.
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