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Abstract

Radiology Report Generation (RRG) has bene-
fited from stronger encoder-decoder pipelines
and particularly Large Language Model (LLM)
report generators, but most methods still per-
form training through random mini-batches.
We argue that random sampling pushes re-
port generators toward a frequent-finding short-
cut, where models quickly learn fluent report
narratives and high-frequency disease phrases,
then receive limited pressure to recover rare at-
tributes that contribute little to aggregate cross-
entropy. To address this problem, we propose
PARAC, a pathology-aware replay curriculum
for long-tail RRG. PARAC ranks training re-
ports with pathology labels and structured med-
ical knowledge, expands the training process
from simple reports to complex long-tail cases,
and replays prototype anchors to preserve basic
cross-modal grounding. Extensive experiments
on IU X-RAY and MIMIC-CXR show that
PARAC consistently improves several existing
methods, with dedicated diagnostics and abla-
tions attributing the gains to better coverage of
low-frequency pathological findings.

1 Introduction

Radiology report generation (RRG) aims to trans-
late chest radiographs into clinically faithful free-
text findings. Unlike generic image captioning, a
clinical report is normally long in context and usu-
ally covers multiple pathological attributes. This
domain-specific feature requires automatic RRG
systems to generate both lexically coherent and
clinically accurate reports. Recent studies im-
prove report fluency by moving from task-specific
encoder-decoder models (Jing et al., 2018; Chen
et al., 2020, 2021; Liu et al., 2021b) to LLM-
enhanced pipelines (Wang et al., 2023b; Liu et al.,
2024; Wang et al., 2025), but they still inherit
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(a) Label-prevalence gap with the test set of MIMIC-CXR.

Diagnostic slice Metric Value
All CheXbert labels CEF1 58.8
Common labels Recall 60.4
Rare pathology labels Recall 14.9
Rare pathology labels Omission rate ~ 85.1

(b) Analysis of high-frequency and rare findings.
Figure 1: Statistical analysis of (a) CHEXBERT (Smit

et al., 2020) labels and (b) metrics of the generated
reports by LLM-RG4 (Wang et al., 2025), evaluated
between the generated and ground-truth reports on
MIMIC-CXR (Johnson et al., 2019).

the highly imbalanced report distribution of avail-
able training data in IU X-RAY (Demner-Fushman
et al., 2016) and MIMIC-CXR (Johnson et al.,
2019). In public chest radiology datasets, e.g.,
IU X-RAY (Demner-Fushman et al., 2016) and
MIMIC-CXR (Johnson et al., 2019), a large frac-
tion of reports contain patternized descriptions,
common support-device statements, and frequent
findings, whereas uncommon positive or uncertain
pathological attributes appear sparsely. This im-
balance creates an optimization problem, where
a model can reduce token-level loss by fitting
frequent report patterns while still omitting low-
frequency attributes.

Fig. 1 presents the detailed statistical analysis
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on MIMIC-CXR, where we choose a representa-
tive LLM-based method LLM-RG4 (Wang et al.,
2025) for evaluation. Results in Fig. 1(a) vali-
date our claim of label imbalance, where LLM-
R G4 tends to over-produce frequent attributes such
as enlarged cardiomediastinum, atelectasis, and
edema, while under-generating long-tail labels in-
cluding lung opacity, consolidation, and lung le-
sion. This observation gets more significant when
evaluating its reports under settings of all labels or
the rare ones. While LLM-RG4 reaches an out-
standing recall score of 60.4 on common labels,
its performance under rare pathological labels is
only 14.9, with the omission rate reaching up to
85.1%.! These analyses explain why high lexical
scores measured by BLEU (Papineni et al., 2002),
ROUGE-L (Lin, 2004), and METEOR (Banerjee
and Lavie, 2005) and competitive clinical metrics
do not always lead to reliable reports, as a model
might hack these scores by learning to produce fre-
quent phrases while still missing the rare attributes
that distinguish hard cases. We regard this as a
local optimum induced by random sampling and
cross-entropy. An expected direction is curricu-
lum learning (Bengio et al., 2009), which orders
examples from easy to hard so that the model first
stabilizes basic radiograph-to-report mappings, and
then receives denser updates on complex long-tail
cases. This is especially suitable to address the
issue of long-tail attributes, as it can prevent hard
reports from being diluted by high-frequency tem-
plates throughout training. Notably, the closest
prior method based on this paradigm is CMCL
(Liu et al., 2021a), where it shows that curriculum
learning indeed helps report generation, yet its dif-
ficulty signal does not align well with pathology
imbalance, leaving the issue still open to solve.
Therefore in this paper, we propose PARAC, a
Pathology-Aware Replay Curriculum for RRG.
Specifically to address the long-tail attribute is-
sue, our method considers two granularities of
in-domain auxiliary to offer balance training, in-
cluding medical labels and fine-grained structured
medical knowledge. In details, these two aspects
offer complementary information to build consis-
tent difficulty metric for the curriculum learning
process, where the former measures report-level
pathology polarity and uncertainty; and the latter
builds meticulous entity-relation structure. For op-

'See Appendix B for the rare and high-frequency label
definitions.

timization, we discard the conventional way of con-
ducting randomly sampled training, and instead,
we arrange the optimization process as an easy-
to-hard sequence, which allows the model to first
learn basic cross-modal mappings and then pro-
gressively converge to handle long-tail scenarios
with more complex pathological complexity. Ad-
ditionally in this method, we introduce Prototype
Anchor Replaying (PAR) to leverage a set of an-
chor samples, which stabilizes the overall training
from catastrophic forgetting when proceeding to
harder cases. Extensive experiments on two widely-
adopted benchmarks, i.e., IU X-RAY (Demner-
Fushman et al., 2016) and MIMIC-CXR (Johnson
et al., 2019), show that our design improves mul-
tiple existing methods from different categories.
Further ablations offer more insights on how the
curriculum learning process resolves this issue.

2 Related Work

Radiology report generation. The development
of RRG can be broadly divided into the task-
specific encoder-decoder and LLM-adapted meth-
ods. Early encoder-decoder systems mainly adapt
image captioning models to chest radiographs by
pairing convolutional visual features with recur-
rent or attention-based text decoders (Vinyals et al.,
2015; Rennie et al., 2017; Lu et al., 2017; Jing et al.,
2018). Subsequent works enhance the clinical fi-
delity of this pipeline, through knowledge graph
(Li et al., 2019; Zhang et al., 2020), memory mech-
anisms (Chen et al., 2020, 2021), contrastive learn-
ing (Liu et al., 2021c), posterior-prior knowledge
(Liu et al., 2021b; Jin et al., 2024; Bu et al., 2024),
enhanced Transformer architectures (Huang et al.,
2023; Wang et al., 2023a), region-level grounding
(Tanida et al., 2023). Afterwards, RRG systems
increasingly replace task-specific decoders with
pretrained language generators. This line adapts
LLMs through medical instruction tuning and vi-
sual connector learning (Li et al., 2023; Wang et al.,
2023b; Thawakar et al., 2024; Chen et al., 2024;
Tu et al., 2023; Hyland et al., 2023; Bannur et al.,
2024), where later studies leverage bootstrapped
(Liu et al., 2024) or context-augmented supervi-
sion (Wang et al., 2025; Liu et al., 2025b; Gu et al.,
2025; Xiao et al., 2025b,a; Liu et al., 2025a; Gao
et al., 2026), and efficient generation strategies for
long clinical reports (Chen et al., 2026). These stud-
ies mainly improve model capacity or alignment
objectives, whereas our work examines a funda-
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mental failure that neither of them addresses, i.e.,
the long-tail attribute issue in RRG.

Curriculum learning. This typical technique
studies how the order of training examples affects
convergence and generalization. Classical curricu-
lum learning (Bengio et al., 2009), self-paced learn-
ing (Kumar et al., 2010), and self-paced curriculum
learning (Jiang et al., 2015) show that easier exam-
ples can provide a smoother optimization path be-
fore harder examples dominate training. Despite to
it, long-tail learning also rebalances optimization
from different perspectives, e.g., Focal loss (Lin
et al., 2017), class-balanced loss (Cui et al., 2019),
and LDAM (Cao et al., 2019) adjust example con-
tributions or classification margins; Adaptive Gra-
dient Gating (Yu et al., 2022) modifies rare-token
gradients; and Rebalanced Contrastive Loss (Alvis
et al., 2025) requires a supervised contrastive ob-
jective. Specifically for the RRG task, curriculum
learning has been used to organize examples ac-
cording to cross-modal matching difficulty and re-
port semantics (Liu et al., 2021a), and to jointly
adapt label and token imbalance through a hard-to-
easy multi-task schedule (Li et al., 2025).

3 Method

Fig. 2 presents the overall pipeline of PARAC, con-
sisting of three main components, i.e., Clinical Dif-
ficulty Estimation (CDE), Long-Tail Curriculum
Scheduling (LTCS), and Prototype Anchor Replay-
ing (PAR). Specifically, CDE annotates the diffi-
culty metric for each report in the training set based
on its pathology distribution and structured clini-
cal complexity. LTCS serves as the main curricu-
lum learning process, which replaces conventional
random sampling with a re-ordered schedule that
expands from simple reports to complex long-tail
cases. PAR is a vital component to stabilize the cur-
riculum process, where it replays prototype anchors
throughout training to preserve basic cross-modal
grounding. In the following sections, we first illus-
trate the preliminaries of the existing RRG pipeline,
then elaborate the details of CDE, LTCS, and PAR.

3.1 Preliminaries

In existing methods, most RRG methods are funda-
mentally constructed as encoder-decoder pipelines.
Specifically, they normally contain a visual encoder
Eyis (+) and a report decoder Dyeport (), where the
former encode the input radiographs into image
features and the latter convert them to explicit re-

port tokens. Here, the decoder parameterized by
0 can be either a task-specific Transformer de-
coder (Vaswani et al., 2017; Chen et al., 2020,
2021), or an LLM-based decoder adapted from pre-
trained general LLMs (Wang et al., 2023b, 2025).
Given the training set D, standard training on the
aforementioned pipelines randomly samples mini-
batches from D, and optimizes the model along
the resulting training order. We denote this order
by Orand = {Bga“d}le, which is a sequence of S
sampled mini-batches. Under this order, the model
minimizes the autoregressive cross-entropy:

ti

lo(i) = = logpg (vit | yict: Z:), (1)
t=1

Here, /(i) denotes the autoregressive token loss
of example 7; Z; refers to the input context, e.g.,
the radiology image, the LLM prompt, etc. This
objective is statistically simple but clinically biased.
If common normality statements and frequent find-
ings dominate D, Eq. (1) gives them more optimiza-
tion mass than rare positive or uncertain attributes.
The model thus reaches a relative low loss state
by cutting the shortcut and fitting high-frequency
disease phrases, while rare attribute descriptions
remain under-optimized, as is analyzed in Fig. 1.
To resolve this issue, our method draw inspira-
tion from curriculum learning (Bengio et al., 2009),
in order to offer an easy-to-hard training sequence
for the RRG model and allow it reach better con-
vergence to cover the long-tail cases. Before illus-
trating our details, we elaborate the preliminaries
of CL as follows. Specifically, CL replaces the
random order with an easy-to-hard one induced by
a difficulty metric d. Formally, it assigns the i-th
training example a difficulty score d; and sorts the
dataset by d;, where this process is written as:

di = d(X;,Y;)

2
04— argsorticry o (d). 2

Here, smaller values of d; indicate that the i-th
sample appears earlier in the sequence; and Oy
denotes the easy-to-hard curriculum order that re-
places Oyand. The key to address the long-tail issue
is how to design d, so that it can serve as an effec-
tive indicator of pathological complexity, where we
illustrate this in the next section.

3.2 Clinical Difficulty Estimation (CDE)

In this section, we illustrate how we design d; in
Eq. (2) via CDE. To better cover long-tail cases in
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Figure 2: Overview of PARAC for radiology report generation, including the encoder-decoder backbone, Clinical
Difficulty Estimation (CDE), Long-Tail Curriculum Scheduling (LTCS), and Prototype Anchor Replaying (PAR).

RRG, the difficulty score d; should jointly reflect
the overall complexity of a free-text report and as-
sign higher difficulty to reports that describe rarer
pathological attributes. Specifically, we first use
a medical classifier to extract report-level discrete
pathology labels. At the classifier level, each report
Y; is converted into a discrete pathology vector
¢ = [cin, ..., cim] € {0,1,u}™ over m clinical
attributes, where 1 denotes positive, u denotes un-
certain, and 0 denotes negative or unmentioned.
Let ny be the number of training reports that con-
tain a positive or uncertain state for attribute ¢. For
each graph-level label g, let n, be the number of
reports that contain this label after graph canonical-
ization. We define inverse-frequency weights in a
compact form as ay = log ((n + €)/(n¢ + €)) and
ry = log ((n +€)/(ng + €)), with € as a smooth-
ing constant’. The final difficulty metric is com-
posed of both classifier- and graph-level scores,
where the classifier-level difficulty of report i is:

ds* = Z ar[I(cie =1) + Auncl(cie =u)]. Q)
=1

This term increases when a report contains more
positive or uncertain findings, especially when
these findings correspond to rare attributes.

The classifier-level difficulty still lacks some
critical task-specific features, e.g., entity spans,
anatomical grounding, or modifier relations. There-
fore, we also apply a knowledge graph annota-
tor to parse ); into a graph G; = (V;,&;). Each
node in V; represents a clinical entity, and each
directed edge in &; is a relation between two enti-
ties. We further canonicalize graph-level labels as
I'G)=A Qi,k}ﬁp where each key encodes a fine-

2For further illustration, a smaller n, or ngy yields a larger
rarity weight; and the resulting weight makes rare attributes
contribute more to the difficulty score.

grained clinical pattern. The graph-level difficulty
is:

Vpbs

7

str __ anat
dz‘ = Wobs + Wanat |Vz ‘

4
+ Wrel |gl‘ + Wrare Z Tg. )

9€l'(Gi)

Here, VZ-ObS and anat denote observation and
anatomy entities; I" (G;) denotes the set of canon-
icalized graph keys; and r, denotes the inverse-
frequency weight of graph key g. Generally, we
define the final difficulty metric as:

di = Bclsdgls + Bstrd?tra

di — minje(1,... n} d;

di =

maXxje{1,...,n} d~J - minje{lw_’n} d~J + 67 (5)

1 n
P = — i <d;).
0 =3 3 H <d)

Here, ch is the unnormalized clinical difficulty;
d; € [0,1] is the min-max normalized difficulty;
and ¢; € (0, 1] is the normalized difficulty rank,
where a larger value means that the report appears
later in the easy-to-hard schedule. After obtaining
d;, CDE substitutes it into Eq. (2) to construct the
training order O 4, where reports with common at-
tributes and simple graph structures appear earlier,
while reports with rare pathological attributes and
complex patterns occur in late training stages.

3.3 Long-Tail Curriculum Scheduling (LTCS)

Once the difficulty metric is defined, the next step
is to construct the progressive training sequence
to enable full convergence for model training. We
achieve this through LTCS, which controls the se-
lections of reports that are eligible for sampling
at training step s. Following the standard process
of curriculum learning, which uses a coefficient to
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control the training, we define this coefficient as:

ps:min<1,po+(1—p0)<s ° > ) (6)

Here, pg is the initial fraction of easiest reports;
Swarm 1S the warm-up length; and x controls the
pacing curve. The active pool is the subset of re-
ports that is allowed to be sampled at step s. It acts
as a curriculum gate, where early steps expose the
model only to simple reports, while later steps grad-
ually unlock harder cases according to ps. A uni-
form distribution over A; = {i | ¢; < ps} would
still under-sample rare labels after they enter the ac-
tive pool. We therefore define a weight to balance
the contribution of rare reports as:

v, =14+ )\lt ZCL@H (Ci,é € {L u}) )
= )
ull(i € As)

Py (i) = :
° EjeAs Vj

Here, v; increases with the total inverse-frequency
mass of the positive or uncertain attributes in re-
port ¢; A, controls how strongly this rarity changes
the sampling probability. The indicator I (i € A;)
keeps the easy-to-hard constraint, so a hard report
receives zero probability before it enters the active
pool. The training distribution by LTCS keeps an
easy-to-hard schedule, but gives more exposure to
under-represented pathology labels.

3.4 Prototype Anchor Replaying (PAR)

In real practice, we observe that pure curriculum
learning might cause potential catastrophic forget-
ting issue, where the model tends to overfit the
patterns in harder cases and discards the basic cross-
modal alignment that is learnt earlier, eventually
leading to obvious performance drop in the final
stages (Tab. 1). Thus, we introduce a replay mech-
anism, i.e., PAR, to prevent a strict easy-to-hard
schedule from forgetting prototype reports when
the model enters complex schedules. To conduct
this, we select the first p,p percentage of the whole
easy-to-hard schedule as the prototype anchor set,
written as Sane = {7 | ¢i < panc}. These anchors
correspond to reports from the earliest curriculum
stages, where they provide a promising reference
distribution for basic cross-modal grounding, pre-
venting the decoder from overwriting simple report
patterns when later stages emphasize rare and com-
plex cases. Formally, PAR forms the final sampling

distribution as a mixture of active sampling, pro-
totype anchor replaying, and global exploration:

1
7s(8) = AactP§™ (1) + Aanep™ (i) + Aglob — (8)

Here, p?"¢ is uniform over Sanc; Aact> Aanc, and

Aglob are mixture weights that sum to 1; and the
three terms define active sampling, prototype an-
chor replaying, and global exploration. Based
on Eq. 1, we train the report decoder with the
curriculum-aware objective, formulated by:

t

LparaC = ~Einr, Zlogpe Wit | Yiy<ts Zi) . (9)

t=1

4 Experiments

We keep the main section focused on result analy-
sis and provide the detailed experimental settings
separately.’

4.1 Comparison to Baselines

Tab. 1 reports different baseline variants im-
plemented on three representative existing
methods, i.e., R2GEN (Chen et al., 2020),
R2GENGPT (Wang et al., 2023b), and LLM-
RG4 (Wang et al., 2025), evaluated on IU
X-RAY (Demner-Fushman et al.,, 2016) and
MIMIC-CXR (Johnson et al., 2019). Yet, a
counterintuitive comparison is observed in this
experiment, where only adding curriculum learning
causes performance drop in LLM-based methods.
The reason behind this might be that LLMs contain
more model parameters than task-specific models
and are thus more prone to overfit the medical
SFT data, whose scale is relatively smaller than
their pre-training corpora (Wang et al., 2023b,
2025). This is also why the replaying mechanism
is vital in our method, where it helps to stabilize
the model training from catastrophic forgetting,
especially for the LLM-based methods. Methods
equipped with both curriculum learning and replay
show significant improvements. All improvements
of the complete method over the corresponding
random-sampling backbones satisfy p < 0.05.
LTCS provides an easy-to-hard sequence, whereas
PAR preserves basic cross-modal alignment by
replaying prototype anchors throughout training.
In addition to Tab. 1, we analyze the label-
prevalence gap between generated reports by dif-
ferent methods and the test set of MIMIC-CXR

3See Appendix A for complete experimental settings.
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IU X-RAY

MIMIC-CXR

METHODS & TRAINING SETTINGS A (%)t
B@1t B@41 R-LT B@lt B@4t R-LT F17

R2GEN (Random Sampling) (Chen et al., 2020) 0.470 0.165 0.371 0.353 0.103 0.277  0.300 0.0
+CDE+LTCS 0.462 0.158 0.366 0.345 0.099 0274 0.294 -2.0
+CDE+LTCS+PAR 0.487 0.176 0.383 0.371 0.116 0.290 0.327 +5.4
R2GENGPT (Random Sampling) (Wang et al., 2023b) 0.489 0.180 0.392 0.396 0.113 0.273  0.456 0.0
+CDE+LTCS 0.483 0.177 0.389 0.390 0.111 0.270  0.450 -1.3
+CDE+LTCS+PAR 0.511 0.195 0.409 0.418 0.135 0.313  0.548 +10.0
LLM-RG4 (Random Sampling) (Wang et al., 2025) 0.377 0.144 0.318  0.588 0.0
+CDE+LTCS 0.373 0.142 0.315 0.581 1.1
+CDE+LTCS+PAR 0.431 0.154 0.339  0.619 +8.1

Table 1: Quantitative comparison of curriculum baselines implemented on three typical existing studies, i.e.,
R2GEN (Chen et al., 2020), R2ZGENGPT (Wang et al., 2023b), and LLM-RG4 (Wang et al., 2025), evaluated on
IU X-RAY (Demner-Fushman et al., 2016) and MIMIC-CXR (Johnson et al., 2019). Results are measured by
BLEU-{1, 4} (Papineni et al., 2002), ROUGE-L (Lin, 2004), and the F1 score of CHEXBERT labels (Smit et al.,
2020). Best and second-best results within each group are highlighted in boldface and underlined. A reports the
percentage improvements relative to the random-sampling baseline under the same backbone.

(Johnson et al., 2019), where this result is presented
in Fig. 3. This figure shows an additional supple-
ment to Fig. 1, with R2ZGEN and R2GENGPT fur-
ther investigated, where results show that either
task-specific or other LLM-based methods suffer
from similar label imbalance issue. Compared to
the real statistics of the test set, results reveal that
the substantial performance gains of these method
come from overfitting the common descriptive pat-
terns and high-frequency pathologies, while leav-
ing the diagnoses of rare medical labels largely ne-
glected. Notably, even only introducing the curricu-
lum learning (+CDE+LTCS) causes slight perfor-
mance degradation in lexical quality and clinical ac-
curacy, the imbalance issue essentially starts to get
alleviated as in shown in Fig. 3. This observation
validates our motivation to address the long-tail
label issue of RRG with the design of curriculum
learning. With the enhancement of the replaying
mechanism (+CDE+LTCS+PAR), it is observed
that either rare or high-frequency labels are equally
generated, indicating that the performance gains
in Tab. 1 derive from generating reports with more
balanced pathology label distribution.

4.2 Comparison to Existing Methods

Tab. 2 compares the models equipped with PARAC
to existing state-of-the-art methods on IU X-
RAY (Demner-Fushman et al., 2016) and MIMIC-
CXR (Johnson et al., 2019). Note that most meth-
ods in this table use randomly sampled batches
for training, while CMCL (Liu et al., 2021a) is
a curriculum-based method. Equipping existing
methods with PARAC brings performance gains
on most metrics, suggesting similar effectiveness
as that in Tab. 1, where introducing our curricu-
lum learning- and replaying-based mechanisms en-

o 3 >
S AN e e C"‘L ﬁ\b
& & o SR,
Methoa ° ¢ v e o®
R2GEN [Z0010%] -0.066 -0.054 +0.071 +0.074 30088 6.8
+CDE+LTCS 005 031 0,026 +0.035 40.038 40043 38
+CDE+LTCS+PAR 00 10008 0,012 +0014 -0006 40018 14
R2GENGPT ™ 58 059 0.047 70058 +0.064 /0088 5.6
+CDE+LTCS 5000 008 0,022 +0.031 40.034 4003 32
+CDE+LTCS+PAR 7 001 10006 -0009 +0012 -0004 20016 1.1
LLM-RG4 ™ 55600 0 044 0036 +0.043 +0.045 40061 44
+CDE+LTCS 500 0023 -0.019 40026 +0.028 40034 2.6
+CDE+LTCS+PAR 1515 10005 -0007 +0010 0003 +0013 | 09
m Under-Generated = Over-Generated
Figure 3: Label-prevalence gap analysis of

R2GEN (Chen et al., 2020), R2ZGENGPT (Wang et al.,
2023b), and LLM-RG4 (Wang et al., 2025), following
the same settings as Tab. 1. Here, labels in blue and red
indicate rare and high-frequency labels, respectively.

hances both task-specific and LLM-based methods.
It is worth noting that these performance gains par-
ticularly focus on the CE metrics, where the reason
behind this points to a more balanced label dis-
tribution in the final generated reports, as is also
supported by Fig. 3.

Tab. 3 further supplements the aforementioned
comparison with a direct long-tail diagnostic on
extracted labels of the generated reports.* Across
all three backbones, +CDE+LTCS reduces rare-
label omissions and label-prevalence gaps, while
+CDE+LTCS+PAR gives the strongest rare-label
recall after replaying simple anchors. This obser-
vation aligns well with the experimental trends as
that in Fig. 3 and offers further supplementary to
the results reported in Tab. 2, where PARAC brings
substantial performance gain through alleviating
the label imbalance issue. Notably, we notice that
PARAC functions more effectively on LLM-based
methods than task-specific ones, where we attribute

*See Appendix B for the label groups used in Tab. 3.
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METHOD PARAMS (B) B@1t B@2{ B@3t B@41f MTRT R-Lt P{ R FIp
ST (Vinyals et al., 2015) <1 0216  0.124 0087  0.066 - 0306 - -
G ADAATT (Luetal., 2017) <1 0220 0127  0.089  0.068 0.308
S ATT2IN (Rennie etal., 2017) <1 0224 0129  0.089  0.068 0.308
. COATT (Jing etal., 2018) <1 0455 0288 0205  0.154 0.369
= R2GEN (Chen et al., 2020) <1 0470 0304 0219  0.165 - 0371 - - -
5 R2GENCMN (Chen et al., 2021) <1 0475 0309 0222 0.170 0191 0375 - - -
£ CMCL (Liuetal, 2021a) <1 0473 0305 0217 0.162 018 0378 - - -
£ PPKED (Liu et al., 2021b) <1 0483 0315 0224  0.168 - 0376 - -
2 CA (Liuetal,2021c) <1 0492 0314 0222 0.169 0193 0381 - -
£ HRGR (Lietal, 2018) <1 0438 0298 0208  0.151 0.322
E CMAS-RL (Jingetal, 2019) <1 0464 0301 0210  0.154 0.362
5 R2GENRL (Qin and Song, 2022) <1 0494 0321 0235 0.81 0201 0384 - - -
2 R2-LLM (Liu et al., 2024) 14.2 0499 0323 0238  0.184 0208 0390 - -
% XRAYGPT (Thawakar et al., 2024) 7 0.177  0.104 0047 0007 0105 0203 - - -
®  S2D-ALIGN (Gao et al., 2026) 7 0.512 - - 0.195 - 0407 - -
]
5 R2GEN+PARAC <1 0487 0316 0229 0176 0198 0383
™~  R2GENGPT+PARAC 7 0511 0329 0240 0195 0209  0.409
MAIRA-1 (Hyland et al., 2023) 7 0.392 - - 0.142 - 0289 - ~ 0553
MED-PALM (Tu et al., 2023) 562 0.317 - - 0.115 - 0275 - ~ 0378
R2GENGPT (Wang et al., 2023b) 7 0.396 - - 0.113 - 0273 0550 0389 0.456
CHEXAGENT (Chen et al., 2024) 7 0.189 0.040 0208 0552 0291 0381
INVERGE (Deria et al., 2024) 7 0425 0240  0.32  0.100 0.309
R2-LLM (Liu et al., 2024) 14.2 0402 0262 0.180 0.28 0175 0291 0540 0421 0473
XRAYGPT (Thawakar et al., 2024) 7 0.128 0045 0014 0004 0079 0111 - - -
& LLM-RG4 (Wang et al., 2025) 7 0.377 - - 0.144 - 0318 0.670 0.524 0.588
S S2D-ALIGN (Gao et al., 2026) 7 0422 0263 0183  0.149 - 0332 0.690 0.543 0.608
= ST (Vinyals et al., 2015) <1 0299  0.184 0121 0084 0.124 0263 0280 0.187 0224
% ADAATT (Lu etal., 2017) <1 0299 0.185  0.124 008 0118 0266 0290 0.177 0220
£  ATT2IN (Rennie et al., 2017) <1 0325 0203 0.36 0096 0134 0276 0345 0227 0274
£ R2GEN (Chen et al., 2020) <1 0353 0218 0.145 0.103 0142 0277 0380 0248 0300
5 R2GENCMN (Chen et al., 2021) <1 0353 0218 0148  0.106 0142 0278 0382 0250 0302
~ CA (Liuetal,2021c) <1 0350 0219 0152 0.109 0151 0283 - - -
& CMCL (Liu et al.,, 2021a) <1 0344 0217 0140 0097 0133 0281 - -
U PPKED (Liu et al., 2021b) <1 0360 0224 0149  0.106  0.149 0284 - -
O KIUT (Huang et al., 2023) <1 0393 0243 0159  0.113 0285 0410 0293 0.342
S RGRG (Tanida et al., 2023) <1 0373 0249  0.75 0.26 0168 0264 0530 0419 0468
S EKAGEN (Buetal., 2024) <1 0419 0258  0.170  0.119 - 0287 0570 0444 0.499
PROMPTMRG (Jin et al., 2024) <1 0.398 - - 0.112 - 0258 0590 0441 0505
ITA (Wang et al., 2022) <1 0395 0253 0170 0.121 0147 0284 - - -
R2GENRL (Qin and Song, 2022) <1 0381 0232 0155 0.109 0151 0287 0385 0268 0316
ToPDOWN (Anderson et al., 2018) <1 0317  0.195 0130 0092 0128 0267 0335 0223 0268
WARMSTART (Nicolson et al., <1 0392 0245 0169 0.124 0153 0285 0470 0325 0384
2023)
R2GEN+PARAC <1 0371 0229 0.56 0.116 0154 0290 0405 0274 0.327
R2GENGPT+PARAC 7 0418 0259 0179  0.35 0170 0313 0.650 0474 0.548
LLM-RG4+PARAC 7 0431 0271 0190 0.154 0181 0339 0710 0.549 0.619

Table 2: Quantitative comparisons with existing methods on U X-RAY (Demner-Fushman et al., 2016) and
MIMIC-CXR (Johnson et al., 2019) w.r.t. the NLG and CE metrics.

METHOD CE F117 HEAD Rt RARE RT RARE OMIT| GAP MAE]

R2GEN 30.0 449 7.8 92.2 6.8
+CDE+LTCS 29.4 4.7 16.5 83.5 3.8
+CDE+LTCS+PAR 32.7 47.8 28.4 28.6 14
R2GENGPT 45.6 51.8 10.7 89.3 5.6
+CDE+LTCS 46.8 51.2 24.6 75.4 32
+CDE+LTCS+PAR 54.8 56.5 38.7 24.7 11
LLM-RG4 58.8 60.4 14.9 85.1 4.4
+CDE+LTCS 60.4 59.6 32.7 67.3 2.6
+CDE+LTCS+PAR 61.9 61.7 43.1 21.8 0.9

Table 3: Analysis of high-frequency and rare findings
on MIMIC-CXR (Johnson et al., 2019).

this observation as the overfitting-prone nature of
LLMs.

Tab. 4 visualizes a selected case study from
MIMIC-CXR with rare labels. It is observed
that although reports generated by baselines pre-
serve high-frequency findings, but they particularly
under-specify the rare ones, e.g., “edema’” and “bi-
lateral pleural effusions”. This confirms the obser-
vation in Fig. 1 again from the aspect of qualitative

results, where training with random sampling leads
to high-frequency label hacking in existing meth-
ods. The case also explains why aggregate lexical
overlap and fitting common clinical labels might
reach high overall performance in Tab. 2, where
a generated report might repeat frequent observa-
tions, and still miss the rare findings. With the
assistance of our curriculum learning, these rare
findings are produced more accurately, showing
that it changes the optimization paradigm to allow
rare attributes receive equal weights in training.

4.3 Ablation Studies

Effect of the Difficulty Metrics. Difficulty met-
ric is a vital factor to reflect the curriculum sched-
ule and impact whether it could address the label
imbalance issue. To explore its effect, we try sev-
eral variants in Tab. 5. It is observed that using
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RADIOGRAPH AND METHOD REPORT COMPARISON
CASE
Ground-truth Report Right-base pneumonia is seen. Right-upper reticulonodular opacity suggesting asymmetric edema or
multifocal pneumonia. There is small bilateral effusions and no pneumothorax.
R2GEN Reports bilateral airspace opacities compatible with pneumonia, but does not describe asymmetric edema
. or bilateral pleural effusions.
Rare Labels: . R2GEN+PARAC Recovers right-base pneumonia, right-upper opacity suggesting asymmetric edema, small bilateral
mulufocal.pncumoma, effusions, and no pneumothorax.
asymmetric edema,
bilateral effusions. R2GENGPT Bilateral opacities compatible with pneumonia. Heart size is mildly enlarged. No pleural effusion is seen.
R2GENGPT+PARAC There is multifocal pneumonia with right-upper reticulonodular opacity. Asymmetric edema and small
bilateral effusions are present.
LLM-RG4 Lungs are clear. Heart size is normal. There is no pneumonia and pleural effusion. Vascular congestion and

misses asymmetric edema is present.

LLM-RG4+PARAC
pneumothorax is seen.

Right-base pneumonia is present. There is asymmetric edema and small bilateral effusions. Absence of

Table 4: A selected case study from MIMIC-CXR (Johnson et al., 2019) with rare labels, compared to the same
baselines of Tab. 1. Here, we highlight rare findings with bold colored texts and shade the PARAC rows in light gray.

DIFFICULTY METRIC B@41 CEF11T RARE REC.T
random sampling 0.144  0.588 0.342
report length 0.143 0.586 0.339
medical labels 0.150  0.606 0.386
structured knowledge 0.151 0.608 0.397
full model 0.154  0.619 0.431

Table 5: Quantitative results under the curriculum learn-
ing with different difficulty metric designs.

a naive proxy such as report length obtains sim-
ilar results to the random-order baseline, indicat-
ing that longer reports do not always cover more
rare pathologies, as they might contain patternized
descriptive texts that commonly occur. Medical
labels and structured knowledge graphs offer infor-
mation for the curriculum from different aspects.
On one hand, they have several overlapped patho-
logical attributes, and thus both contribute posi-
tively compared to the baseline. On the other hand,
structured knowledge not only indicates pathologi-
cal entities via its nodes (which overlaps with the
medical labels), but also illustrates the relations
between them, while medical labels contain pre-
defined aspects such as device state that structured
knowledge lacks. Our full method reaches the best
performance, where using both representations give
the curriculum a synergistic effect.

Effect of the anchor set size. The prototype
anchor set serves as a crucial role in stabilizing
the training schedule. Fig. 4 presents the perfor-
mance curve with respect to different anchor set
size. There appears to be an optimal interval where
anchor set functions the best for each method. In-
creasing the anchor ratio first improves the score by
replaying stable prototype reports, but performance
drops rapidly after the optimal region, since too
many anchors dilute the training of harder cases.
The optimal ratio is larger for R2ZGEN, whereas
R2GENGPT and LLM-RG4 show a narrower
high-performing region.

—— R2GEN —— R2GENGPT — LLM-RG4

0.160

S TT—

0.140

BLEU-4

0.120

- /’—\

0 5 10 20 30 40
Anchor set ratio (%)

Figure 4: BLEU-4 score curves with respect to different
anchor set ratio. Here, we report the results of the origi-
nal baselines (highlighted in dash lines) for reference.

5 Conclusion

In this paper, we present PARAC, a pathology-
aware replay curriculum to address the label im-
balance issue in RRG. We investigate the long-tail
failures as a distribution-related problem and use
clinically ordered exposure and prototype anchor
replaying to give rare attributes more effective opti-
mization. Experimental results on IU X-RAY and
MIMIC-CXR support the performance gains and
attribute coverage.

Limitations

In this section, we would like to illustrate the limi-
tations of this work. First, statistical rarity is an op-
timization criterion in this work. ParaC gives low-
frequency attributes more effective supervision, but
our results do not establish that every rare finding
is more consequential than a frequent one. Sec-
ond, we observe that the proposed CDE depends
on automatic report annotators, i.e., CheXbert and
RadGraph, which might introduce annotation noise
and affect the precision. Nevertheless, experi-
ments with perturbation and alternative labelers
show that the training benefit persists with imper-
fect signals. Third, the experiments cover chest
radiography only due to the limitation of available
open-source data, where we will extend this work
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to more modalities when data is available.
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DATASET TRAIN VAL. TEST
IU X-RAY (Demner- 2,069 296 590
Fushman et al., 2016;

Jing et al., 2018; Chen

et al., 2020)

MIMIC- 270,790 2,130 3,858
CXR (Johnson et al.,

2019)

Table 6: Dataset statistics of U X-RAY (Demner-
Fushman et al., 2016; Jing et al., 2018; Chen et al.,
2020) and MIMIC-CXR (Johnson et al., 2019).

GROUP LABEL ATTRIBUTES

Rare labels Lung Opacity; Consolidation; Lung
Lesion
Edema; Atelectasis; Enlarged

Cardiomediastinum

High-frequency
labels

Table 7: Label groups used by the long-tail diagnostic
in Tab. 3 on MIMIC-CXR (Johnson et al., 2019). No
ranking highlight is used because the table defines diag-
nostic label groups only.

A Experimental Settings

Datasets. We select two widely adopted bench-
marks, IU X-RAY (Demner-Fushman et al., 2016)
and MIMIC-CXR (Johnson et al., 2019), to con-
duct all experiments. Specifically, IU X-RAY con-
tains 7,470 images and 3,955 reports, where we
follow the splits of conventional studies, resulting
in 2,069, 296, and 590 cases in the training, val-
idation, and testing sets, respectively (Jing et al.,
2018; Chen et al., 2020). MIMIC-CXR comprises
377,110 images from 227,835 studies, where we
follow its official splits, consisting of 270,790,
2,130, and 3,858 cases in the training, validation,
and testing sets, respectively (Johnson et al., 2019).
Tab. 6 summarizes these dataset statistics.

Baselines. To evaluate the proposed curriculum
strategy, we implement PARAC on three repre-
sentative methods, R2GEN (Chen et al., 2020),
R2GENGPT (Wang et al., 2023b), and LLM-RG4
(Wang et al., 2025), covering both task-specific and
LILM-based decoders. For the baseline variants, we
consider 3 settings in Tab. 1: the standard training
strategy with randomly sampled batches, adding
CDE and LTCS on top of each method, and further
equipping PAR. For existing RRG methods, we
compare with 28 studies in Tab. 2.

Evaluation metrics. Following previous studies,
we measure the report quality from two aspects,

lexical coherence and clinical accuracy, with Natu-
ral Language Generation (NLG) and Clinical Effi-
cacy (CE) metrics. For NLG metrics, we include
BLEU-{1,2,3,4} (Papineni et al., 2002), ME-
TEOR (Banerjee and Lavie, 2005), and ROUGE-L
(Lin, 2004). For CE metrics, we use CheXbert
(Smit et al., 2020) to extract medical labels from
both generated and ground-truth reports, and com-
pute precision, recall, and F1 scores as the final CE
measurements.

Implementation details. To obtain the medical
labels and structured medical knowledge in PARAC,
we use CHEXBERT (Smit et al., 2020) and RAD-
GRAPH (Jain et al.,, 2021) in our experiments.
For the hyper-parameter settings in the curriculum
learning, we try various experiments on the valida-
tion set and select the best-performing one as the
final setup. Specifically, we set the initial accessi-
ble ratio pg to 0.2, the warm-up epoch to 1, and use
(Aacts Aanc, Aglob) = (0.7,0.2,0.1) for PAR. For
optimization, we follow the implementation set-
tings reported in the official papers, and re-train the
methods equipped with PARAC. All experiments
are conducted on one NVIDIA A40 GPU.

Protocol of Statistical Testing. For all reported
experiments in this paper, we apply paired signif-
icance tests to measure their contributions from
matched test studies. Consequently, we observe
that all reported improvements satisfy p < 0.05.

Computational Cost of CDE. In our method,
CDE is constructed once before training, so that it
introduces extra computational cost in an offline
manner. Tab. 11 presents the corresponding re-
sults. One can see that it takes 1,245 seconds for
the medical label extraction procedure, and costs
3,862 seconds for structured knowledge extraction,
and eventually, consumes 18 seconds for sorting,
resulting in approximately 0.019 seconds per train-
ing report in total.

B Long-Tail Diagnostic Label Groups

Tab. 7 lists the rare and high-frequency labels used
in the corresponding experiments.

C More Results and Analyses

We offer more detailed analyses to validate our
design. Specifically, to explore the effect of resam-
pling strategies, Tab. 8 compares ParaC with direct
alternatives to address the label imbalance issue.
Tab. 9 investigates the effect of noisy labels under
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METHOD B@41 CEF17 RARERT RARE OMIT, GAPMAE]

REPORT-LEVEL

LLM-RG4 0.144 58.8 14.9 85.1 4.4
+RARE-LABEL REPLICATION 0.146 594 24.6 59.8 29
+INVERSE-FREQUENCY 0.147 598 273 55.6 25
RE-SAMPLING

+L0SS RE-WEIGHTING 0.145 59.7 24.8 60.7 3.0
+PARAC 0.154 61.9 43.1 21.8 0.9
LOSS-LEVEL

LLM-RG4 0.144 58.8 14.9 85.1 4.4
+RARE-LABEL 0.143 58.5 16.1 83.6 42
OVERSAMPLING

+INVERSE-FREQUENCY 0.145  59.0 174 82.8 4.1
BATCH SAMPLER

+TOKEN-LEVEL CE 0.144 58.7 14.2 86.0 4.6
RE-WEIGHTING

+FoCAL Loss 0.142 58.4 15.7 84.0 43
+PARAC 0.154 61.9 43.1 21.8 0.9

Table 8: Comparison of LLM-RG4 (Wang et al., 2025)
with report- and loss-level alternatives on MIMIC-
CXR (Johnson et al., 2019), measured by BLEU-4,
CE F1, rare-label recall and omission, and Gap MAE.
Best and second-best results within each block are high-
lighted in boldface and underlined.

CDE SIGNAL / LABEL SOURCE CE F11 RARE RT RARE OMIT| GAP MAE|

NOISE PERTURBATION

clean CDE (0%) 61.9 43.1 21.8

perturbed labels/graphs (10%) 613 40.8 252 11
perturbed labels/graphs (20%) 60.6 372 30.6 1.5
perturbed labels/graphs (30%) 59.8 33.6 36.9 2.0
random sampling 58.8 14.9 85.1 4.4
ANNOTATOR TYPE

random sampling 58.8 14.9 85.1 4.4
rule-based labels (word frequency)  60.7 38.8 31.9 1.7
CheXbert (noise ratio 20%) 60.6 37.2 30.6 1.5
CheXbert (noise ratio 10%) 613 40.8 252 11
CheXbert (noise ratio 0%) 61.9 43.1 21.8 0.!

Table 9: Robustness of PARAC to CDE-signal pertur-
bations and annotator type on MIMIC-CXR (Johnson
et al., 2019), measured by CE F1, rare-label recall and
omission, and Gap MAE. Best and second-best results
are highlighted in boldface and underlined.

(Mact, Aancs Aglob) B@47 CEF17 RARERT GApMAE]
(1.0, 0.0, 0.0) 0.142 604 327 26
(0.8,0.1,0.1) 0.150  61.1 392 14
(0.7,0.2,0.1) 0.154 619 43.1 0.9
(0.6,0.3,0.1) 0.151  61.2 41.0 12
(0.7,0.1,0.2) 0.149 608 384 15

Table 10: Sensitivity analysis of PAR to the ac-
tive, anchor, and global mixture weights on MIMIC-
CXR (Johnson et al., 2019), measured by BLEU-4 and
long-tail clinical metrics. Best and second-best results
are highlighted in boldface and underlined.

STAGE TIME COST (S) TIME/REPORT (S)
medical label extraction 1,245 0.0046
structured knowledge extraction 3,862 0.0143
difficulty sorting 18 0.0001

Table 11: Computational cost for constructing the cur-
riculum signals on MIMIC-CXR (Johnson et al., 2019).

different magnitudes of perturbations and the anno-
tator type. Tab. 10 provides a sensitivity analysis
of three hyper-parameters in PAR. Tab. 11 reports
the computational cost of our label extraction.
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