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Abstract

Automated CT report generation remains chal-
lenging because it requires both fine-grained
grounding of pathological entities in multi-view
volumetric evidence and clinically coherent lan-
guage that reflects diagnostic priors from his-
torical cases. Existing methods often rely on
noisy cross-modal alignment or underutilize
retrieved report knowledge during decoding.
We propose HEMP, which is a Hierarchical
Entity-aligned Memory Prompting framework
for LLM-based CT report generation. HEMP
first performs two-stage entity-visual alignment
where graph-constrained entity-conditioned at-
tention retrieves initial evidence and an opti-
mal transport refinement enforces principled
coupling between entity nodes and visual to-
kens under marginal constraints. To inject case-
conditioned linguistic priors, we design a Con-
ditional Dual-Hopfield Memory module that re-
trieves case-conditioned report priors and inte-
grates them through both implicit feature-level
fusion into entity representations and explicit
memory tokens appended to the prompt. Fi-
nally, we enforce clinical consistency via hier-
archical severity supervision at the entity, re-
gion, and sign-group levels. Comprehensive
experiments demonstrate that our method out-
performs previous methods and achieves state-
of-the-art performance. Our code is available
at https://github.com/WindowsXT/HEMP.

1 Introduction

Radiology reports are the primary interface be-
tween medical imaging and clinical decision-
making. Automating report generation can reduce
workload and improve consistency, but remains dif-
ficult because models must (i) ground fine-grained
pathology entities in complex visual evidence and
(i1) generate clinically coherent language that fol-
lows reporting conventions. These challenges are
amplified for CT, where abnormalities can be sub-
tle, distributed across regions, and often require

integrating multi-view volumetric cues with medi-
cal priors (Shi et al., 2023; Zhang et al., 2023b).
Existing MRG methods improve parts of this
pipeline but leave key gaps. Alignment-centric ap-
proaches enhance entity awareness yet can produce
noisy or unstable entity-token correspondences on
dense volumetric inputs (Yan et al., 2021; Shi et al.,
2023). Memory-augmented and RL-based models
can improve completeness, but retrieved content is
often weakly conditioned on the current case and
underused by the decoder (Chen et al., 2021; Qin
and Song, 2022). LLM adaptations strengthen flu-
ency, but without reliable grounding and clinically
structured supervision they may hallucinate find-
ings or yield inconsistent severity statements (Chen
et al., 2026; Yan et al., 2023; Zhou et al., 2024).

We propose HEMP, a Hierarchical Entity-
aligned Memory Prompting framework designed
to address the complexities of CT report generation
through the integration of three specialized compo-
nents. The architecture utilizes a two-stage entity-
visual alignment that performs graph-constrained
entity-conditioned association followed by an op-
timal transport refinement to enforce principled
coupling under marginal constraints. To enrich
the linguistic output, a Conditional Dual-Hopfield
Memory module retrieves case-conditioned report
priors and injects them into the prompt via both
implicit feature fusion and explicit memory tokens.
Furthermore, the framework incorporates hierarchi-
cal severity supervision to regularize clinical con-
sistency across the entity, region, and sign-group
levels.

Our contributions are:

* A unified hierarchical entity-aligned memory
prompting framework for CT report gener-
ation that jointly improves grounding, case-
conditioned priors, and clinical consistency.

* A robust two-stage entity-visual alignment
strategy combining graph-constrained atten-
tion with OT-based coupling for stable entity-
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grounded representations.

* A dual-form memory injection mechanism
and hierarchical severity objective that
strengthen LLM conditioning and reduce clin-
ically inconsistent generations.

2 Related Work

The rapid development of intelligent healthcare has
established Medical Report Generation (MRG) as
a critical yet challenging task (Zhang et al., 2023a;
Shen et al., 2024; Zheng et al., 2024). Earlier re-
search in this field primarily focused on contrastive
learning to refine visual-textual alignment, aiming
to bridge the semantic gap between medical images
and their corresponding descriptions. For instance,
Yan et al. (Yan et al., 2021) introduced weakly su-
pervised contrastive learning to enhance clinical
correctness. To achieve more precise alignment,
subsequent works such as those by Shi et al. (Shi
et al., 2023) and Li et al. (Li et al., 2023b) incor-
porated pathological or dynamic graphs to align
fine-grained visual features with textual represen-
tations. Further building on these graph-driven
approaches, Shi et al. (Shi et al., 2024) utilized
prior tissue knowledge to ensure anatomically con-
sistent cross-modal feature alignment. While these
methods significantly improve the correlation be-
tween modalities, they often treat image-text pairs
as static entities, struggling to capture the long-term
clinical dependencies and diagnostic logic.

To address the limitations of static alignment,
a subsequent paradigm optimizes feature integra-
tion through memory mechanisms and reinforce-
ment learning, focusing on the dynamic storage
of clinical patterns and the direct optimization
of generation quality. Chen et al. (Chen et al.,
2021) proposed a Cross-Modal Memory Network
to record and retrieve historical alignment patterns
for more consistent reports. Building upon this,
Qin et al. (Qin and Song, 2022) combined rein-
forcement learning with cross-modal memory to
align visual and textual features while optimizing
for clinical metrics. XProNet (Wang et al., 2022)
further evolved this concept by utilizing prototype-
driven learning to capture complex cross-modal
patterns. Despite these architectural refinements,
these specialized models are often constrained by
their limited parameter space, making it difficult to
generalize to complex cases that require extensive
medical knowledge.

More recently, the research focus has shifted to-

ward large language model based systems, which
leverage massive pre-trained knowledge to stream-
line report synthesis and reasoning. Frameworks
such as Dia-LLaMA (Chen et al., 2026) fine-tune
LLaMA?2 (Touvron et al., 2023) using disease la-
bels as knowledge prompts to guide the genera-
tive process. To further improve flexibility and
address data imbalance, other LLM-driven ap-
proaches (Yan et al., 2023; Zhou et al., 2024) have
integrated disease-specific prompts with clinical re-
inforcement learning. However, these LLM-based
methods are predominantly designed for 2D im-
ages and often fail to model the fine-grained entity
relationships required for volumetric data explic-
itly.

In contrast to these existing methods, our HEMP
introduces a hierarchical entity-aligned memory
prompting paradigm specifically for CT scans. By
utilizing optimal transport for fine-grained align-
ment and dual-hopfield memories to inject clinical
priors, HEMP activates the inner power of LLMs to
bridge the gap between volumetric visual evidence
and complex diagnostic reasoning.

3 Methods

An overview of HEMP is shown in Fig. 1, which
comprises three modules: (i) Entity-Visual Align-
ment grounds pathology entities in multi-view CT
evidence to produce aligned entity features (see
Section 3.1); (ii) Conditional Dual-Hopfield Mem-
ory retrieves case-conditioned report priors and
injects them as implicit feature fusion and explicit
prompt tokens (see Section 3.2); and (iii) Hierarchi-
cal Severity Modeling adds multi-level supervision
to enforce clinically consistent representations and
generation (see Section 3.3).

3.1 Entity-Visual Alignment

To address fine-grained alignment between pathol-
ogy entities and case specific imaging features
in report generation, we adopt a two-stage align-
ment framework to capture entity relevant visual
evidence from multi-view image representations,
where medical semantic relations among entities
are incorporated via graph constraints. The aligned
entity representations are then used for prompt con-
struction.

Attention-Based Entity-Visual Association As
the first stage of entity—visual alignment, we fol-
low (Zhang et al., 2023b) and utilize a visual en-
coder (fine-tuned ResNet101 (Zhang et al., 2025)
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Figure 1: Architecture of HEMP with entity-visual alignment, memory-augmented prompting, and hierarchical severity modeling.

for brain CT and fine-tuned CT-CLIP (Hamamci
et al., 2026) for chest CT) to obtain scan features
Vi € RN*Pxds for each sample, where N is
the number of views, P is the number of pooled
patches per view, and d is the feature-channel di-
mension. We then use a visual adaptor to map V7
into the LLM word-embedding space of dimension
dy, yielding view-level visual prompt embeddings:

Ve = (ViW,| + by )W, + by, (1)

where W,,, and W, are learnable projection matri-
ces, and b,, and b,, are learnable biases. The re-
sulting visual embeddings V. are inserted into pre-
defined visual slots in a prompt template. Next, We
adopt an attention-based association mechanism
to establish entity conditioned visual representa-
tions. Specifically, to provide an initial correspon-
dence between pathology entities and visual evi-
dence prior to transport-based coupling, we follow
the entity-conditioned prompting routine (Zhang
et al., 2025), which combines entity-to-visual cross-
attention with adjacency-constrained graph propa-
gation over entity nodes. Given multi-view visual
features Vy € RBXNxPxds they are reshaped into
M = N - P visual tokens and mapped to the shared
hidden size:

X, = (Vi) e R, 2

where V]?at € RBxXMxds apd ) : R% — R
denotes a learnable projection applied to each
token, ds denotes the backbone channel dimen-
sion and dj is the shared hidden size used by
the prompting module. A pathology entity set

E = {eg,e1,...,ex} is predefined (Shi et al.,
2023), where ey denotes a global entity and K
is the number of entity removing the global node
eo. Entity textual features Ty € REX(K+1)xdn
are obtained from the text encoder, with pooling
applied for multi-token entity names. To incor-
porate structural priors, an adjacency mask A =
Adj(G,) € RUEHDXEHD s induced from the
pathological graph G, (Shi et al., 2023). Then, the
entity-conditioned visual evidence Ey and graph-
constrained embeddings F; are computed as:

Eo=MHA(T}, X,,, X,) eRPX(E+1xdn (3
B, =MHA(Ey, Ey, Ey; A) e RBX(E+Dxdn (4

In practice, we employ L, stacked graph-
attention layers equipped with position-wise feed-
forward networks and residual connections. The
resulting graph-conditioned entity embeddings are
then passed to the transport-based refinement stage.

Transport-Based Entity-Visual Refinement As
the second alignment stage, we introduce an
optimal-transport (OT) formulation (Monge, 1781)
to explicitly model the coupling between entity
representations and visual tokens under marginal
constraints. Let By . € RP*KXdn denote the en-
tity embeddings after removing the global node
eo from Eq, and let V. € RB*Mxdn denote the
corresponding visual tokens. Both modalities are
projected into a shared OT space of dimension
d, and f-normalized E = Norm(E; JW,),V =
Norm(VW,),, where W,, W, € R%*4o are learn-
able linear projections. A pairwise cost matrix C' €

REXEXM g defined as Cj; ; = HEbfi B f/b’juz’
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Given marginal constraints ; € R¥ and v € RM,
the transport plan 7' € RBXEXM g obtained by
solving the entropy-regularized OT problem:

T = argmin (T,C) — H(T), )
Tel(p,v)

with the feasible set U (p,v) = {T >0 | T1 =
p, TT1 = v}, € is the hyper-parameter and 1
denotes an all-ones vector of compatible dimen-
sion. The resulting objective is solved by iterative
Sinkhorn-Knopp iterations (Sinkhorn and Knopp,
1967),which yields an efficient scheme for entropy
regularized transport (Zhao et al., 2025). Following
this formulation, we instantiate the OT objective
as a training loss by computing the transport cost
together with an entropy regularizer:

K
Lor=(T,C)—e> H(P),  (6)

=1

where P,; = T;;/ S°M_ | T;,, denotes the row-
normalized transport plan. This formulation dis-
courages overly diffuse entity-to-visual assign-
ments during optimization. OT-aligned entity rep-
resentations are derived via barycentric projection:

M
oT _ Z]:l Tbﬂ',]‘/bu] Rdh
O =SS eRh, @)
> =1 Thij
Let EEO) € RB*1Xdn denote the global node em-
bedding. The final entity-visual aligned representa-
tions are formed as:

E, = [E%O); EOT] c RBX(K-&-l)xdh’ (8)

3.2 Conditional Dual-Hopfield Memory

We introduce a Conditional Dual-Hopfield Memory
module to inject case-conditioned linguistic priors
into report generation by retrieving relevant histor-
ical reports based on the current case representa-
tion. Following Modern Hopfield Networks (Ram-
sauer et al., 2020), we pool aligned entity embed-
dings E, to form a case-level query and perform
case-conditioned retrieval from a key-value mem-
ory (Miller et al., 2016). Retrieval occurs in the
case-representation space, while the retrieved re-
port embeddings are aggregated in the linguistic
space to produce memory-enhanced entity features
FE and explicit memory tokens M, for prompt con-
struction.

Memory Bank Construction and Update The
Conditional Dual-Hopfield Memory is constructed
exclusively from the training split. No random
sampling or diversity-based entry selection is ap-
plied: each training case contributes one memory
entry consisting of a case-level key and the embed-
ding of its complete findings report as the value.
Hence, after an epoch is completed, the memory
bank contains one entry per training case. The bank
is refreshed dynamically during training. At the be-
ginning of each epoch, the memory bank is cleared,
and the key-value representations of training cases
are written using the current model parameters as
training proceeds. When a validation-best check-
point is selected, its corresponding epoch-specific
training-only memory bank is saved together with
the model. The memory bank is fixed during val-
idation and testing, no validation or test report is
written into the bank.

Implicit Memory Injection We inject retrieved
report-level memory into aligned entity features as
continuous auxiliary context, capturing reusable
description patterns and reducing over-reliance on
current visual evidence. Let E,. € RB*Exdn
denote the entity representations after removing
the global node eg from E,, where B is the batch
size and dj, is the hidden dimension. A case-level
query is constructed by mean pooling:

q = Pool(E, ) € RBxdn, 9)

where Pool(-) denotes mean pooling over the
entity dimension. For the n-th training case, the
memory key is computed by normalized mean pool-
ing of its OT-aligned non-global entity represen-
tations, while the memory value is obtained by
attention-mask-aware mean pooling of the final
MedGemma hidden states of its complete findings
report, followed by projection into the memory
space. The resulting memory bank is denoted by
{(kp,rn)yNmem  where ky,, 7, € R%. Given g,
Top-k keys are retrieved by similarity and aggre-
gated as:

a; = Softmax <“m(’”> , (10)
T
k
Mimp = Y _ ary € REX, (11)
i=1

where sim(+, -) denotes cosine similarity and 7
is a temperature parameter. The resulting mimp
represents a case-conditioned report-level prior that
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is implicitly injected into the entity representations.
A gating vector is computed as:

g = o(mimpWy +by) € REX— (12)

and implicit memory injection is realized via gated
residual fusion:

E. = E, + Expand(g ® Mimp), (13)

where Expand(-) denotes broadcasting along the
entity dimension and © represents element-wise
multiplication.

Explicit Memory Injection We introduce ex-
plicit memory prompting to make case-conditioned
linguistic priors visible to the decoder during gen-
eration by injecting retrieved report-level memory
into the decoding input. Given retrieved memory
Mimp € RB*4h we construct memory token em-
beddings via linear projection and reshaping:

Me — R(mlmme+bm) c RBXLmedew’ (14)

where R (-) denotes the reshaping operation, W,,, €
R *(Lmemdw) and p,,, € RLmemdw gre Jearnable
parameters, d,, denotes the word-embedding di-
mension of the language model, and L,ep, is the
number of explicit memory tokens. The resulting
M, is integrated with visual prompts and entity
prompts to form a unified multimodal input em-
bedding sequence, enabling the decoder to directly
attend to retrieved report-level priors during gener-
ation.

3.3 Hierarchical Severity Modeling

To provide structured supervision for the genera-
tion of pathology-related information, we follow
the insights of multi-granularity hierarchical mod-
eling (Wang et al., 2025) to introduce a hierarchi-
cal severity modeling module that represents dis-
ease severity across multiple semantic granulari-
ties. Concretely, we adopt the anatomy-pathology
hierarchy of (Shi et al., 2023) and model severity
at three complementary levels: entity-level (L2)
for localized findings, region-level (L.1) by aggre-
gating entity severities within anatomical regions,
and sign-group-level (L3) for case-level patterns.
Together, these levels form a unified hierarchical
representation to guide report generation.

Hierarchical Score Given F, € REX(K+1)xdp
we exclude the global node to form FE, .. L2 sever-
ity scores are predicted as:
H2 = Ee,CWQ + 627
3L2 = J(Hg) GRBXK,

15)
(16)

where Wy € R%*! and by € R. L1 severity scores
are deterministically derived by aggregating entity-
level scores within predefined anatomical groups.
Let Z, C {1,..., K} denote the entity index set
corresponding to the g-th anatomical region. The
aggregation is defined as:

LT _ 1 L2
Sb,g - |I ‘ sb,i7
9! ez,

(17)

where s and G is the number of anatomical re-
gions. L3 severity scores are predicted from pooled
case-level representations. Specifically, a pooled
feature is obtained as:

ep = Pool(E..) € RE*d — (18)

which is then projected to sign-group severity
scores by:

s = o(ep,Ws +b3) € RS (19)

where W5 € R4 %5 and b3 € RS.

Joint Supervision Objective The three severity
predictions are jointly optimized during training.
Let the corresponding supervision targets be de-
noted as y™? € [0, 1]B*K, 41 € [0,1]B*C, and
y"3 € [0,1]P*5. The L2 targets are obtained from
the label resources described in the cited dataset
references. Specifically, L1 targets are constructed
by averaging the L2 labels of entities assigned to
each predefined anatomical region, while L3 tar-
gets are obtained by mapping each pathological
sign to its corresponding L2 entity label accord-
ing to the predefined clinical-sign taxonomy. The
severity-related training objective is formulated as:

Lsey = 22 + Ap121 + Ar323, (20)

where 2o = Lr2(s"2,y"2), 21 = Lp1(s™,y"h)
and z3 = L13(s"3,y"3). We implement Ly and
Lr1,3 as BCE losses and L1,; as an MSE loss, where
Ar1 and A3 control the contributions of the region-

and sign-level objectives.

bl

3.4 Model Training

We integrate the visual token embeddings V., entity
prompt embeddings £}, and explicit memory to-
ken embeddings M. into a multi-modal prompt fu-
sion M p.The template of our multi-modal prompt
is shown in Figure 2, where V¢, E),, and M, are
denoted as {scan}, {entity_embedding}, and {mem-
ory_embedding}, respectively. We also add special
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[Img]{scan} {scan}...{scan}[/Img]

[MRG] Describe multiple brain CT images in detail

and generate a comprehensive brain CT report.

You should refer to the embedding of

the following {K} medical terms:

{entity K} {entity embedding} {memory_embedding}
Visual Tokens
Embeddings

Entity Prompt
Embeddings

Explict Memory
Tokens Embeddings

Figure 2: Template of the multi-modal prompt. Different
colors are utilized to represent distinct components..

tokens, e.g. [Img] and [/Img] for visual input iden-
tification, and /MRG] for task identification.

We finetune LLM by LoRA and use cross-
entropy loss for optimization:

M
L=~ log P(y | yre—1, Mp;0), (21)
t=1

where P(y;|*) denotes the probability condi-
tioned on multi-modal prompt M p and the embed-
dings of previous words y1, y2, . . ., y+—1. 6 denotes
the trainable parameters in LLM. In addition, the
OT based alignment objective Aot and the hierar-
chical severity objective Agey are jointly optimized:

ﬁ = £g + )\OTEOT + )\sevﬁsev- (22)

where A\oT, Asev are weighting coefficients.

4 Experiments

4.1 Dataset

We validate our model on the public CT report
datasets (Tang et al., 2024), comprising CTRG-
Brain (160,336 images, 6,000 reports) and CTRG-
Chest (548,696 images, 1,804 reports). To ensure
a fair comparison with baseline models, for CTRG-
Brain, we follow (Shi et al., 2023) and partition
the data into train, validation, and test sets with a
7 : 1 : 2 ratio, for CTRG-Chest, we adhere to the
partition defined in (Deng et al., 2025). Regard-
ing preprocessing, we implement a standardized
data-cleaning pipeline (Zhang et al., 2023b) for
both datasets, this process removes redundant scans
to ensure each sample contains exactly 24 scans,
thereby aligning the data with clinical standards.

4.2 Evaluation Metrics

We use both Natural Language Generation (NLG)
metrics and Clinical Evaluation (CE) metrics to
assess model performance, including BLEU (Pap-
ineni et al., 2002), METEOR (Lavie and Agarwal,

2007), ROUGE-L (Lin, 2004), and CIDEr (Vedan-
tam et al., 2015), denoted as B1-B4, M, RL, and
C, respectively. To evaluate pathological accuracy,
We follow (Shi et al., 2023) and employ 24 curated
brain CT clinical keywords (e.g., “basal ganglia
region”, “cerebral sulcus”, and “stagnant blood”)
to compute the F1 score, defined as the harmonic
mean of precision and recall.

4.3 Implementation Details

Our baseline follows encoder-decoder architecture.
For brain CT, we employ a ResNet101 (Zhang et al.,
2025) fine-tuned for hemorrhage classification on
the CQ500 dataset (Chilamkurthy et al., 2018). For
chest CT, we utilize CT-CLIP pre-trained on its
associated large-scale CT-RATE dataset (Hamamci
et al., 2026). For the brain entities, we strictly ad-
here to the 32 brain pathological entities defined by
(Shi et al., 2023), which encompass critical anatom-
ical structures and relevant pathological descriptors.
For the chest entities, we synthesize the taxonomies
proposed by (Tang et al., 2024) and (Zhang et al.,
2020) to curate a comprehensive set of 32 chest-
related entities. For text generation, we employ
MedGemma-4B (Sellergren et al., 2025) as the au-
toregressive decoder with 4-bit quantization. We
further apply LoRA (Hu et al., 2022) with rank
64 for parameter-efficient fine-tuning, resulting in
0.59% trainable parameters in the LLM (25.8M).
We set the feature dimensions dj,, ds, d,, to 512,
2048, 2560. For optimal transport (OT), the en-
tropic regularization coefficient is ¢ = 0.1, and
the number of OT iterations is 100. For memory
augmentation, we retrieve Top-k = 5 historical
samples and use Lyen = 4 explicit memory to-
kens. The loss weights A\ot, Asevs AL1, ALg are set
to 0.05, 0.2, 0.05, 0.05, respectively. We train the
model for 10 epochs on two RTX 4090 GPUs us-
ing AdamW with a learning rate of 8 x 107° and a
batch size of 4.

4.4 Comparison Studies

We compare our proposed model with state-of-
the-art methods for CT report generation. These
methods are categorized into four groups based
on their technical emphases: contrastive learning
(LHR-RFL (Yi et al., 2025), ), cross-modal inte-
gration (PGCA (Shi et al., 2023), PCRL (Zheng
et al.,, 2024), CAMANet (Wang et al., 2024),
CT2Rep (Hamamci et al., 2024), HILT (Liu et al.,
2024), MvKeTR (Deng et al., 2025)), entity-
focused optimization (MEPNet (Zhang et al.,
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Dataset | Methods | Publication | BI B2 B3 B4 M RL C Fl
PGCA (Shi et al., 2023)T EMNLP 2023 [50.2 37.8 30.7 26.5 32.5 43.0 34.0 69.2
LLaVA-med (Li et al., 2023a)f | NIPS2023 |50.0 39.3 32.0 26.3 31.4 46.7 38.6 64.3
PromptMRG (Jin et al., 2024)T | AAAI2024 |48.1 383 31.6 26.5 31.0 47.4 50.3 69.2

CTRG-Brain | PCRL (Zheng et al., 2024) EMNLP 2024 |62.0 54.7 49.4 45.3 33.1 57.7 96.4 70.6
HILT (Liu et al., 2024) ACL 2025 |50.7 39.9 33.1 27.9 30.8 46.1 43.7 68.4
MEPNet (Zhang et al., 2025)" | AAAI2025 |56.7 46.9 40.7 34.4 34.6 50.4 86.6 67.8
| HEMP | Ours 65.1 57.4 52.1 47.8 35.6 61.1 97.9 71.9
CAMANet (Wang et al., 2024)" | IJBHI2024 [54.2 452 39.4 353 264 542 - -
CT2Rep (Hamamci et al., 2024)" | MICCAI 2024 |49.8 40.7 35.1 31.2 248 51.1 - -
Dia-LLAMA (Chen et al., 2026)" [MICCAT 2025|51.1 - - 29.6 262 421 - -

CTRG-Chest | LHR-RFL (Yi et al., 2025)f TMI 2025 |55.5 44.7 37.6 32.6 254 47.7 - -
Reg2RG (Chen et al., 2025)f TMI 2025 |49.6 41.4 359 32.0 49.7 47.7 - -
MvKeTR (Deng et al., 2025)1 IJBHI 2025 |58.3 48.7 42.4 37.8 283 542 - -
HEMP | Ours  |58.6 52.5 48.5 453 33.8 65.0 - -

Table 1: The performance of our model compared with previous state-of-the-art models on the CT report generation dataset. The
best result is highlighted in bold, and the second-best result is underlined. T marks the results that are cited from reference paper,
while - indicates that the corresponding metric was not reported in the cited references.

2025)), and large language model adaptation
(LLaVA-Med (Li et al., 2023a), PromptMRG (Jin
et al., 2024), Dia-LLAMA (Chen et al., 2026),
Reg2RG (Chen et al., 2025)).

As illustrated in Table 1, our model achieves the
best results on CTRG-Brain across all metrics, indi-
cating higher report quality and stronger clinically
relevant content coverage. Specifically, improve-
ments in BLEU and ROUGE-L reflect better lexical
fidelity, while gains in CIDEr and F1 scores sug-
gest more accurate and comprehensive reporting of
salient findings. Furthermore, HEMP demonstrates
consistent performance advantages on the CTRG-
Chest dataset. Although Reg2RG remains com-
petitive in the METEOR metric, HEMP maintains
its leadership in capturing structured diagnostic in-
formation, as evidenced by its superior BLEU and
ROUGE-L scores. These advantages are attributed
to refined entity representations, case-conditioned
report-memory prompting, and hierarchical sever-
ity supervision. Compared with baselines such
as contrastive learning, cross-modal integration,
entity-focused, and LLM adaptation methods, our
design provides stronger case-specific conditioning
and improved long-range coherence.

4.5 Ablation Studies

Table 2 presents a macro-to-micro ablation analy-
sis of our framework, isolating the contributions
of entity-visual alignment, hopfield retrieval mem-
ory, and hierarchical severity supervision. Starting
from a plain encoder-decoder baseline, each com-
ponent yields consistent gains, and the full model

achieves the best overall performance across both
NLG metrics and clinical fidelity, indicating modu-
lar complementarity.

Our systematic ablation experiments validate
that each proposed component addresses specific
modes including visual-semantic misalignment,
narrative impoverishment, and clinical logical in-
consistency. Concretely, The Entity-Visual Align-
ment module establishes the fundamental mapping
between visual features and clinical entities. (a)
initiates evidence grounding to yield a 2.0% im-
provement in F1, (b) enforces structural constraints
to minimize spatial ambiguity, thereby enhancing
BLEU-4 and CIDEr metrics through more align-
ment. The Hopfield Memory module significantly
enriches the professional quality and content of the
generated reports. (c) augments latent semantic
representations to drive notable gains in METEOR,
ROUGE-L, and CIDEr. Conversely, (d) serves as
a structural prompt that refines linguistic quality
while providing a specialized boost to the F1, in-
dicating that exemplar-based prompting helps the
model recover more accurate clinical labels in the
text. The Hierarchical Severity module remains
the primary contributor to diagnostic fidelity. (f)
achieves a substantial leap of 2.6% in F1, demon-
strating that explicit severity classification effec-
tively calibrates the model’s diagnostic judgment.
Furthermore, (g) incorporates anatomical priors to
ensure logical coherence between localized find-
ings and global regional status, further stabilizing
the clinical correctness.
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Entity-Visual Alignment Hopfield Memory Hierarchical Severity

Method B4 M RL C Fl
Attention  Transport Implicit Explicit L2 LI1L3
Baseline 39.0 30.2 55.5 78.8 62.2
(a) v 40.5 31.5 56.8 80.8 64.2
(b) v v 41.6 32.1 57.1 81.4 64.5
(c) v v v 45.8 34.4 57.2 88.0 66.2
(d) v v v 459 342 57.1 87.7 66.6
(e v v v v 46.3 34.5 57.3 90.2 66.8
() v v v 44.0 33.3 57.0 83.2 67.1
(2) v v v v 44.2 33.5 57.0 83.5 67.3
(h) v v v v v 46.5 35.1 57.8 94.8 69.1
@) v v v v v 46.6 34.8 57.6 94.6 69.7
Ours v v v v v v 47.8 35.6 61.1 979 71.9

Table 2: Ablation studies of our proposed method on the CTRG-Brain. The Baseline model is an encoder-decoder framework.
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5 los5 We further investigate the effect of the iteration
count in the OT alignment module. As illustrated
in Fig. 4, increasing the number of iterations consis-
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Figure 4: The Impact of Iteration Counts on the OT Module.
4.6 Qualitative Studies

We further assess our two-stage Entity—Visual
Alignment in Fig. 3. Raw visual tokens are highly
scattered and heavily mixed, indicating that the
vision encoder alone does not produce entity-
discriminative structure. After Attention-Based
Entity-Visual Association, embeddings become
more organized with local aggregation, suggest-
ing that cross-attention retrieves entity-conditioned
evidence and graph propagation injects medical
semantic relations. With transport-based entity-
visual refinement, clusters become more compact
with clearer inter-class separation, implying that

tently reduces the OT distance, from 0.98 without
iterative refinement to 0.51, 0.36, and 0.33 at 50,
100, and 150 iterations, respectively. This trend in-
dicates progressively improved alignment between
the visual entity representations and the clinical
graph prior. In particular, B4, METEOR, ROUGE-
L, and CIDEr increase from 38.1, 30.5, 55.3, and
79.2 at O iterations to 40.6, 32.1, 57.1, and 81.0
at 100 iterations, respectively. Beyond this point,
all NLG metrics slightly decrease. Therefore, we
set the OT iteration count to 100, which provides
the best observed generation performance and a
favorable alignment-efficiency trade-off.

We evaluate memory retrieval using an entity-
level semantic coverage metric, which measures
entity overlap between retrieved reports and the tar-
get case. Entities are extracted from the reference

35257



Test Cases
o
2
S

o
)
S

Retrieval Weight

—0.006

Top-1 Top-2 Top-3 Top-4 Top-5 0.16

(b)Smooth Weighting in Memory Fusion

L eee————
Top-1Top-2Top-3Top-4 Top-5
(a)Retrieval Ranking Discriminability

Figure 6: Reliability and Stability of Memory Retrieval and
Fusion on the CTRG-Brain.

/ 0.28
—&— GT-Mention
—&— GT-Affirmed 0.24

—— Pred-Mention
Pred-Affirmed

°

P —— e R

—&— GT-Affirmed
—&— Pred-Mention
% Pred-Affirmed

—e
0.16 / .
o ) &8
b $
/ﬁ 0.12

Top-1 Top-2 Top3 Top4 Top-5
(a)Frequency-weighted Performencde

o
%

o
>

Frequency-weighted Hit Rate
Entity-averaged Hit Rate
2
S

o
=

Top-1 Top2 Top-3 Top-4 Top-5
(b)Entity-averaged Performance

Figure 7: Top-k Memory Retrieval Performance on the CTRG-
Brain.

report, and Top-k hit rates are computed to form
an entity heatmap. As shown in Fig 5, coverage
increases with k, indicating that retrieval returns
topic-relevant reports that support generation. A
stricter entity-level faithfulness analysis is provided
in the supplementary material.

As illustrated in Fig. 6, the cosine similarity ex-
hibits a robust monotonic decrease from Top-1 to
Top-5, confirming the retrieval mechanism’s ability
to precisely rank cases according to their relevance.
Crucially, the fusion weights are distributed uni-
formly and decay smoothly rather than collapsing
into a single-memory dominance. Simultaneously,
evaluation results in Fig. 7 reveal that both Micro-
F1 and Macro-F1 scores increase significantly as k
grows from 1 to 5, reaching a plateau near k = 5.
The consistent margin of Micro-F1 over Macro-F1
reflects that the retrieval-driven gains are primar-
ily propelled by high-frequency clinical entities,
whereas the enhancement for long-tail entities re-

mains relatively constrained. Consequently, kK = 5
is adopted as the retrieval size for subsequent ex-
periments to strike an optimal balance between
information richness and computational efficiency.

5 Limitations

While HEMP demonstrates promising performance
in brain and chest CT report generation, its entity-
visual alignment module relies on pre-defined clin-
ical graph structures, which partially limits the
model’s generalization capability when encounter-
ing unseen anatomical structures.

6 Acknowledgments

This work was supported by the National Nat-
ural Science of China(No. 62362023), the
State Key Programof National Natural Sci-
ence of China (No. 2023YFB4502400), and
the Key Research and Development Project
of Hainan Province (No.ZDYF2024GXJS313,
No.ZDYF2024GXJS262).

7 Conclusion

We present HEMP, a hierarchical entity-aligned
memory prompting framework for LLM-based CT
report generation. HEMP integrates two-stage
cross-modal alignment, a case-conditioned Con-
ditional Dual-Hopfield Memory module, and hier-
archical severity supervision to resolve key failure
modes of prior MRG systems. Extensive evalua-
tions on the CTRG-Brain and CTRG-Chest bench-
marks demonstrate that HEMP outperforms state-
of-the-art methods, while ablations validate the
complementary benefits of its core components.
Although the current graph branch is designed
for a predefined clinical entity vocabulary, future
work will investigate open-set entity discovery and
frequency-aware memory retrieval to better support
unsupported and long-tail findings.
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