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Abstract. Radiology report generation (RRG) increasingly relies on
rich evidence, most commonly retrieved similar reports from other pa-
tients and longitudinal history from the same patient. Prior approaches
often concatenate evidence into a long prompt, which can degrade perfor-
mance. Such long contexts are typically noisy and only partially relevant,
making it challenging for the backbone decoder to reliably select the
most relevant evidence for the current query. We propose HM-RRG,
a hierarchical-memory framework that organizes and selects evidence
instead of treating all context as a flat sequence. HM-RRG builds an
image-conditioned retrieval memory bank by compressing each retrieved
report into a compact memory vector grounded on the current image.
It then processes the patient’s prior reports as a chronological stream,
maintains segment-level longitudinal memories, and performs hierarchical
retrieval over the union of cross-patient and within-patient memories to
form an evidence prompt for each segment during decoding. This design
enables selective recall of relevant information while suppressing irrelevant
or conflicting details under long contexts. Experiments on MIMIC-CXR
with Longitudinal-MIMIC show that HM-RRG improves both text quality
and clinical accuracy. In particular, HM-RRG achieves the best factuality
metrics among state-of-the-art RRG models, demonstrating that struc-
tured memory is effective for radiology report generation. Our code is
available at https://github.com/QingyueJ-nd/HM-RRG.
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1 Introduction

Automated radiology report generation with large language models (LLMs) has
been extensively studied [16], and recent systems increasingly rely on external
evidence to improve factuality and clinical completeness. In practice, two evidence
sources are used most often: (i) retrieved similar reports from other patients
and (ii) longitudinal history from the same patient. Retrieval-augmented ap-
proaches mainly improve the retriever and filtering stage, then condition the
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decoder on a small set of retrieved evidence. For example, Prefilling [23] integrates
multimodal history with cross-attention and a memory-driven transformer to
reduce hallucinations, while Diff-RRG [20] uses disease-wise patch differences to
guide change-aware generation. MLRG [9] further models longitudinal disease
progression by fusing current multi-view chest X-rays with prior-visit informa-
tion in a multi-view longitudinal fusion network and pretraining via multi-view
longitudinal contrastive learning aligned to the corresponding report.

However, despite these advancements, a key gap remains: how to use both
evidence sources together during decoding. Cross-patient retrieval can provide
strong priors for rare findings, but it may miss patient-specific trends without
longitudinal context. Longitudinal history is often most relevant to the current
patient, as temporal information in radiology reports captures disease progression
across examinations and supports clinical decision-making [18], yet it can bias
the model toward copying prior statements and overlooking new changes. To the
best of our knowledge, there is still no unified report-generation pipeline that
effectively leverages both retrieved similar reports and longitudinal history within
a single, evidence-driven decoding framework.

Motivated by real clinical workflows, we aim to combine both evidence sources
in a way that remains robust in long and noisy contexts. Radiologists do not treat
prior notes and similar cases as a flat sequence of text; instead, they organize,
retain, and recall information selectively: they consult a patient’s history to
identify changes, and they draw on similar cases to resolve uncertainty and
refine the diagnosis. In contrast, most LLM-based report-generation systems use
external resources as a single flat, concatenated prompt, forcing the backbone
to perform evidence selection implicitly. This “flat-memory” setup is brittle: as
context grows, models are more likely to overlook critical evidence, over-weight
irrelevant snippets, or fail to resolve conflicts.

To address this, we propose Hierarchical Memory Radiology Report Genera-
tion (HM-RRG), a rich-context framework that explicitly structures retrieved
evidence and longitudinal history into a hierarchical memory. Our method is
inspired by the Hierarchical Memory Transformer (HMT) [2], which improves
long-context processing by maintaining segment-level memory recurrence and
enabling selective recall of previously seen information. Concretely, we segment
input evidence into manageable units, construct memory-augmented representa-
tions that persist across segments, and condition memory formation and retrieval
on the current image so that the model can prioritize clinically relevant content
while suppressing noise and contradictions. This design enables HM-RRG to
leverage large evidence sets without relying on the backbone to solve long-context
selection purely through prompt concatenation. Our contributions are:

1. We propose HM-RRG, a rich-context radiology report generation framework
that mirrors real clinical reasoning by integrating both cross-patient retrieved
reports and longitudinal patient history to generate more fact-grounded
reports.
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Fig. 1. Overall architecture of HM-RRG. The upper-left panel provides an overview
of the HM-RRG workflow. The upper-right panel illustrates long-term memory con-
struction, and the bottom panel depicts short-term longitudinal memory and evidence-
augmented decoding.

2. We introduce current-image-conditioned hierarchical memory tokens over
retrieved evidence and longitudinal context, enabling robust evidence selection
under long contexts.

3. We evaluate HM-RRG on the Longitudinal-MIMIC dataset, demonstrating
consistent improvements in report quality over state-of-the-art methods when
leveraging rich context.

2 Method

In this section, we present the overall workflow of HM-RRG@G, a hierarchical-
memory framework for radiology report generation that integrates retrieved
evidence from other patients and longitudinal history from the same patient.
Our design is motivated by the observation that these two information sources
exhibit fundamentally different structures: retrieved reports form an unordered
and often noisy set, whereas longitudinal priors constitute an ordered temporal
stream. Treating both sources with a single uniform context mechanism can waste
context budget on irrelevant retrieved details and dilute the clinically meaningful
temporal signal.

HM-RRG decomposes report generation into two stages. The first stage
is the construction of long-term retrieval memory. Given the current image
I.urr, we use a domain retriever to obtain the top-K similar reports {Rre“}zK_l.
We then transform each retrieved report into an image-conditioned memory
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representation, forming a retrieval memory bank that distills “what is similar
to the current case” while filtering irrelevant content. The second stage is short-
term longitudinal memory processing. We process the patient’s prior reports

. NT—1
{Rf“or} in chronological order as a sequential stream, and at each step
t=1

construct compact segment representations that are adaptively augmented by
both the retrieval memory bank and recent longitudinal context. The resulting
hierarchical memory state conditions the decoder to generate the current report
Reyrr for Ieyrr, with an explicit mechanism to focus on clinically salient evidence
and temporal changes.

Long-term Retrieval Memory Given the current study image ¢y, we first
construct an image-conditioned long-term retrieval memory bank that summarizes
evidence from similar cases. This design explicitly addresses two challenges of
retrieval-augmented report generation: retrieved reports form an unordered set
and often contain irrelevant details, and injecting the full retrieved text into the
generation context is costly and can dilute clinically salient signals. Instead, we
compress each retrieved report into a compact memory vector in the decoder’s
hidden embedding space, conditioned on I ., yielding a lightweight evidence
block that can be queried repeatedly during longitudinal decoding.

We employ a domain-specific chest X-ray retriever CXR-CLIP [19] to retrieve
the top-K most similar reports based on the current image I.,,,. We denote the
retrieved reports as { RI°*}5 . We then encode the input image I, with a pre-
trained frozen vision encoder to obtain patch features V(Icurr) = VisionEnc(Leyyy).
We then project them to the language space via V (Ioyy) = Proj(V(Icurr)). We
adopt the CXR-CLIP vision encoder and train a lightweight projector to match
the decoder’s hidden size d.

For each retrieved report R, we obtain its token embeddings via the lan-
guage embedding layer F(R}**). We then summarize the retrieved report condi-
tioned on the current image by soft prompt tuning [10]. We augment the retrieved
report embedding with ¢, & summarization prompt embedding. Specifically, it
is a learnable parameter embedding to prompt the backbone decoder to summa-
rize the current embedding. We input the report embedding with ¢,,ey, into the

backbone decoder, denoted as LM: H; = LM (tmem |V Teurr) || E(RE™) || tmcm)

The long-term memory representation for the i-th retrieved report is taken
as the hidden state at the memory token position: M**" = H,[—1]. Finally,
we stack all retrieved memories to form the long-term retrieval memory bank
Mretr = [Myet; . MEE™], which provides a compact, image-grounded represen-
tation of retrieved evidence that can be efficiently queried during longitudinal
decoding.

Short-term Longitudinal Memory Next, HM-RRG processes a patient’s
longitudinal history as a short-term, temporally ordered memory stream and
integrates it with the long-term retrieval memory bank. The core adaptation
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from HMT [2] for radiology report generation is to preserve chronological struc-
ture in prior reports and enable selective access to retrieved evidence without
concatenating full retrieved text into the decoder context.

Stream Construction and Segmentation Given the current image .y, and the
set of prior reports {R}"*"} ordered by time, we form a single textual stream
X = [Instr || RY™" || -+ || R% ], where Instr denotes the instruction prompt. We
tokenize X and map token IDs to embeddings using the language embedding layer,
then partition the resulting embedding sequence into NV fixed-length segments
of L tokens Hiy,...,Hy. To avoid splitting visual tokens across segments, we
treat image embeddings as segment-level conditioning (prefixed during decoding)
rather than inserting them into the segmented text stream.

Segment Representation for Evidence Querying For each segment H,,, we compute
a compact segment representation S, that serves as a query for selecting relevant
evidence. Concretely, we attach a small learnable summary token ¢y, to the
segment prefix and use the decoder to produce a summary vector, similar to
the long-term memory construction, with S,, extracted from the summary-token
position. This design provides a stable, fixed-size descriptor of the current local
context, even when segments cut across report boundaries.

Hierarchical Memory Retrieval In addition to the long-term retrieval memory
bank M, we maintain a cache of segment-level longitudinal memories produced
from earlier segments of the same patient, { M, ..., M % }. At segment n, we
form a unified hierarchical memory set by concatenating cross-patient evidence
and within-patient summaries: M2 = [ M™"; M77% | ]. We then compute an
evidence prompt Ppem by attention over M2 using the segment query S,:

.
Qn = S Wy, Ky = MW, ay = softmax(Q;%n ) and Prem = a, M2, This
construction yields a single, compact prompt vector that adaptively mixes cross-
patient evidence distilled from retrieved reports and salient cues accumulated

from earlier longitudinal segments.

Local Sensory Memory Longitudinal narratives often span several segments.
To preserve local information, we carry a short-range contextual tail from the
previous segment. We denote the last k token embeddings of segment n—1 as
Cy, = Hp_1[L — k : L] with C; initialized to zeros. In all experiments we set
k=32, which provides local continuity while keeping overhead small [2].

Evidence-augmented Decoding and Memory Update For segment n, the decoder
receives an augmented input that combines the evidence prompt Ppem, the
sensory memory C,, the current text segment H,,, and the current-image con-
ditioning tokens V(Icurr): Xn = [V(Icurr) || -Pmem H Cn H Hn || Pmem ] Compared
with flat concatenation, this formulation avoids feeding all retrieved and lon-
gitudinal reports into the decoder as one long sequence. Instead, the decoder
processes the current segment together with compact memory prompts, while
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evidence selection is performed over the compressed memory set, reducing the
self-attention cost of long-context evidence. The decoder produces hidden states
Y,,, from which we compute logits for the current segment and extract a compact
segment memory M3°8. We cache {M5°8} as short-term longitudinal memory for
subsequent segments, enabling the model to keep clinically relevant information as
generation progresses. Unlike the original HMT formulation, which is designed for
a long (over 30k tokens) and potentially infinite input stream and thus employs a
fixed-size sliding window over memory states, we have a bounded clinical setting
with a capped number of longitudinal reports and retrieved cases. Therefore, we
retain all segment memories within each example by default to avoid removing
clinically important temporal changes and to simplify training and evaluation.
Importantly, this is an implementation choice rather than a limitation: the same
retrieval formulation naturally supports an optional sliding-window cache when
scaling to substantially longer histories.

3 Experiments

Datasets and Implementation We conduct experiments on MIMIC-CXR-
JPG [5] and Longitudinal-MIMIC [23]. The MIMIC-CXR dataset contains 377,110
chest X-ray images corresponding to 227,835 radiographic reports from 65,379
patients. Longitudinal-MIMIC is derived from MIMIC-CXR and includes 26,625
patients and 94,169 samples with at least two visits. We use MIMIC-CXR as
the retrieval source and Longitudinal-MIMIC to construct longitudinal report
generation samples with prior visits. We follow the official train, validation, and
test splits as Longitudinal-MIMIC and ensure patient-level separation across
splits to prevent leakage. For retrieval augmentation, we additionally restrict the
retrieval source to the training split only. Each Longitudinal-MIMIC example
provides a current study and its most recent prior. To better reflect realistic
clinical history, we aggregate all available prior studies for the same patient
within the split, order them chronologically, and form a single training instance
per current study. The model input includes the current image, an instruction
prompt, and longitudinal prior reports. The target is the current report.

We use CXR-CLIP [19] as the domain retriever to retrieve top-K similar
reports from other patients, with K =5 in all experiments. We follow Diff-RRG [20]
by using the same metrics and the BioMistral-7B decoder backbone [6], paired
with the CXR-CLIP vision encoder [19]. We train a lightweight projector that
maps CXR-CLIP vision features into the decoder embedding space, and fine-tune
the decoder using LoRA [3] with rank 16 and a=16. We train using an AdamW
optimizer [11] with peak learning rate 2 x 10~%, linear decay, warmup ratio 0.03,
and gradient clipping with max grad norm 1.0. Unless otherwise stated, we use
gradient accumulation to reach an effective batch size of 16 per GPU. To train the
hierarchical memory, we adopt a two-stage training. We set the segment length
L = 128, the segment-summary prefix length j = L/2 = 64, and the sensory
memory length k = 32. In Stage 1, we train the long-term memory construction
for 2,000 steps with a learning rate of 5 x 1076. In Stage 2, we initialize from the
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Table 1. Evaluation results on the MIMIC-CXR dataset. Baseline evaluations are cited
from the original publications and MLRG [9]. Bold and underlined values indicate the
highest and second-highest scores, respectively. The last row reports the percentage
difference between HM-RRG and the best prior method.

Input Method NLG Metricst CE Metricst
BLEU MTR R-L RG P R F1
SI R2GenGPT [17] 0.191 0.125 0.240 - 0.331 0.253 0.287
SI B-LLM [§] 0.243 0.175 0.291 - 0.465 0.482 0.473
SI LLaVA-Rad [21] 0.168 - 0.292 0.208 - - 0.475
Long  Prefilling [23] 0.198 0.137 0.274 - 0.506 0.364 0.423
Long  HERGen [15] 0.234 0.156 0.285 - 0.421 0.289 0.343

Long Diff-RRG [20] 0.236 0.164 0.276 - 0.528 0.430 0.474
MVL MLRG [9] 0.262 0.176 0.320 0.291 0.549 0.468 0.505

R&L HM-RRG 0.263 0.177 0.292 0.299 0.561 0.600 0.580
- A (%)t +04 +0.6 -8.8 +2.7 +2.2 +244 +149

Stage-1 checkpoint and continue training with hierarchical retrieval enabled. The
decoder LoRA weights, image projector, learnable memory and summary tokens,
and memory-retrieval projections are trainable, while the base BioMistral-7B
decoder and CXR-CLIP vision encoder remain frozen. We train Stage 2 with
backpropagation through time (BPTT) [12] to a depth of 2, use a micro-batch
size of 1, and optimize the hierarchical-memory parameters for 8,000 steps with
a learning rate of 5 x 107%. All hierarchical-memory-related hyperparameters
follow the sensitivity analysis in [2], unless otherwise noted. All experiments are
run on a single NVIDIA A10 GPU.

We report natural language generation (NLG) similarity and clinical efficacy
(CE) metrics. For the main comparison, we report average BLEU [13], ROUGE-
L [7], and METEOR [1] between generated and reference reports. For clinical
accuracy, we compute the micro-average of Precision (P), Recall (R), and F1-score
(F1) of CheXbert labelling [14], F1-score of RadGraph [4], which is the overlap
in radiological entities and clinical relations.

Results We compare HM-RRG with recent MIMIC-CXR report generation meth-
ods across three input types: single-image (SI), longitudinal history (Long), and
multi-view longitudinal (MVL). Our HM-RRG models use both retrieved reports
and longitudinal history (R&L). As shown in Table 1, HM-RRG outperforms prior
methods across these input settings on clinical accuracy metrics, demonstrating
its ability to generate clinically meaningful reports by effectively leveraging both
retrieved and longitudinal context via hierarchical memory. Figure 2 shows the
HM-RRG generated report with one prior report and one retrieved report used as
evidence. This example demonstrates that HM-RRG captures disease progression
from the prior report and selectively extracts relevant information while filtering
noise from the retrieved report.
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Prior Image

Reference Report
Compared with the most recent
radiograph, left lower lobe opacity
compatible with infection is grossly

HM-RRG
Compared to the most recent prior
radiograph, the left lower lobe opacity
compatible with infection is grossly

There is minimal right basilar
atelectasis. L contour il

ged. There is minimal right basilar
is. No is

the aortic arch and projecting over the
AP window is compatible with thoracic
aortic aneurysm and prior dissection.
Intact median sternotomy wires. No
pneumothorax. Tiny, if any, right pleural

identified. Tiny, if any, right pleural
effusion. The lobulated mediastinal
contour abutting the aortic arch window is
again seen, compatible with the
patient’s known thoracic aortic

effusion. aneurysm with prior dissection, without
appreciable change. Median sternotomy
wires are intact.

Prior Report Retrieved Report

Current Image
There is new left lower lobe opacity
compatible with infection. Elsewhere,
lungs are clear. Lobulated contour
abutting the aortic arch and projecting
over the AP window on the frontal view
is compatible with thoracic aortic

i aneurysm with prior dissection. No
acute osseous abnormalities.

as before, the patient is status post
median sternotomy and cabg. the right
lung is clear. there is increased opacity at
the base of the left lung suggesting
atelectasis and a small pleural effusion. a
left apical pneumothorax has resolved.

Fig. 2. HM-RRG generated report. Matching findings between the reference and gener-
ated reports are indicated with the same colors and text styles. Relevant and irrelevant
evidence are marked in bold and underlined, respectively.

Table 2. Ablation results on the MIMIC-CXR dataset.

Model BLEU ROUGE-L BERTScore F1-RadGraph F1-CheXbert
Baseline 0.175 0.215 0.399 0.214 0.463
+ Prior Reports 0.227 0.267 0.434 0.225 0.507
+ top-1 Retr. 0.171 0.221 0.413 0.217 0.539
+ top-5 Retr. 0.176 0.224 0.415 0.242 0.500
+ Prior & top-5 Retr.  0.177 0.220 0.416 0.211 0.483
w/ HM-RRG 0.263 0.292 0.521 0.299 0.580

Ablation Results To test whether hierarchical memory is necessary for using
rich context, we conduct ablation studies and report the results in Table 2. For
the ablation study, we additionally report BERTScore [22] to assess semantic
similarity between generated and reference reports. We compare a baseline that
uses only the current image with an instruction prompt, adding longitudinal
context, adding top-1 or top-5 retrieved reports, a flat combination of priors and
retrieval, and the full HM-RRG. Adding prior reports consistently improves NLG
and clinical accuracy, demonstrating that longitudinal history provides useful cues
for disease progression. In contrast, retrieval-only inputs may introduce irrelevant
clinical context, leading to mixed results across metrics. A key finding is that
simply concatenating longitudinal and retrieved context does not reliably improve
performance. This suggests that when the context becomes long and noisy, the
model struggles to focus on the right evidence, and important signals can be
diluted. HM-RRG resolves this issue by converting unordered retrieved reports
into current-image-conditioned memory vectors and allowing each longitudinal
segment to query a compact unified memory, making evidence selection explicit
rather than relying on the decoder to resolve a long, noisy sequence. Overall,
these results confirm the need for hierarchical memory: when both longitudinal
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and retrieved contexts are available, hierarchical memory can selectively leverage
useful evidence while suppressing irrelevant content.

4 Conclusion

In this paper, we propose HM-RRG, a hierarchical memory framework for ra-
diology report generation that stores, organizes, and selects key evidence from
both cross-patient retrieval and within-patient longitudinal history. Unlike prior
approaches that rely on flat context concatenation, HM-RRG leverages structured
memory and adaptive evidence selection to better leverage rich clinical context
and generate clinically meaningful reports. The hierarchical memory structure
and decoding mechanism are model-independent and can be readily applied to
other LLM and VLM decoders with lightweight training overhead. Future work
can extend HM-RRG to richer retrieval settings, longer longitudinal histories,
external clinical datasets, and additional decoder backbones, further expanding
its applicability to diverse medical settings.
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