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Abstract
The automatic generation of medical reports has become an essen-
tial technology for optimizing diagnostic processes and mitigating
the increasing workload of radiologists. However, existing meth-
ods face a fundamental trade-off: processing dense visual features
for completeness is computationally prohibitive, while aggressive
compression often sacrifices the fine-grained visual information
necessary for accurate report generation. To address this challenge,
we propose a framework that infuses report-level textual knowl-
edge into compact visual representations. Our approach first ex-
tracts variable-length visual tokens from input images using a BEiT
encoder. A Fixed-size Visual Summarization (FVS) module then
compresses these tokens into a small set of representative features
through learnable attention pooling. Subsequently, a Cross-Modal
knowledge infusion (CMKI) module progressively enriches these
visual summaries with report-level semantic knowledge via gated
blending and residual connections. This process provides the Large
Language Model (LLM) with highly distilled, context-aware repre-
sentations that enable accurate and coherent report generation. We
demonstrate our framework’s effectiveness on two widely-adopted
benchmark datasets, IU-Xray and MIMIC-CXR. Our approach im-
proves BLEU-4 and ROUGE-L over recent baselines. These results
indicate that semantic-guided compression can be an efficient al-
ternative to uniform visual processing for medical VLMs.

CCS Concepts
•Applied computing→Health informatics; •Computingmethod-
ologies→ Artificial intelligence.
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1 Introduction
Generating radiology reports is an essential yet challenging task
where simple image feature extraction is insufficient. The task
also requires aligning those features with report-level semantics
and clinical terminology. As imaging volumes surge, automated
systems can reduce radiologists’ workload and support clinical
decision-making, complementing advances in disease detection
and prognosis [22, 1]. Consequently, it has become a focal topic at
the interface of artificial intelligence and clinical practice.

The field has progressed from general image captioning [24] to
domain-adapted generators such as R2Gen [5], reflecting a shift
toward clinically grounded modeling. Over time, language decoders
evolved from recurrent networks to modern large language models
(LLMs) with stronger priors, and visual encoders advanced from
convolutional neural networks (CNNs) to Transformer backbones.
Since R2Gen, most approaches have followed two principal lines:
adapting large vision–languagemodels [28, 17, 30, 25] and designing
specialized architectures with task-specific modules or knowledge
infusion [4, 7, 32, 26, 12, 20, 31].

Building on these advances, we propose a specialized interface
that functionally decouples expression from content. The LLM
governs linguistic form (“how to say it”), whereas the interface
constrains clinical content by distilling and conditioning visual evi-
dence (“what to say”). This approach strengthens the visual-textual
connection by reliably capturing shared information without rely-
ing on external knowledge bases.

Despite promising results with pretrained Large Vision-Language
Models(LVLMs), practical deployment is hampered by two coupled
issues. First, visual processing is often inefficient, as uniformly
handling all patch tokens in high-resolution studies inflates com-
putation and enforces a flat representation misaligned with expert
reading patterns. Indeed, recent work on VLM scaling laws has
established that for a fixed inference budget, the optimal strategy
is not to shrink the language model but to drastically reduce the
number of visual tokens[15]. Second, cross-modal integration is
frequently shallow, biasing models toward safe, generic statements
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Figure 1: Conceptual overview. Dense visual tokens are com-
pressed into a concise, fixed-size summary and then enriched
with report-level semantics, reducing computational load
while enhancing semantic fidelity.

and hindering fine-grained, context-dependent semantics. This re-
veals a gap wherein efficiency and semantic fidelity are typically
optimized in isolation, motivating a unified approach that reduces
visual complexity while preserving essential clinical meaning.

To implement this approach, we introduce a summarize–then en-
rich framework as shown in Figure 1. First, a Fixed-size Visual Sum-
marization (FVS) module distills dense patch tokens into a compact,
semantically meaningful summary. Second, a Cross-Modal Knowl-
edge Infusion (CMKI) module—inspired by AdaIN-style feature
modulation—adjusts the summarized representation using report-
level semantic context. This framework provides an efficient and
semantically faithful interface for multimodal report generation.

• Fixed-size Visual Summarization (FVS) compresses dense
visual tokens into a compact summary that reduces the LLM
token budget and approaches linear-in-tokens aggregation.
The design reflects radiologists’ global-to-focal reading strat-
egy.

• A Cross-modal Knowledge Infusion(CMKI) progressively
enriches the summary with semantic context—using AdaIN-
style gated residual blending—without external knowledge
bases.

• Weachieve state-of-the-art results on the IU-Xray andMIMIC-
CXR benchmarks with exceptional parameter efficiency.

2 Related Work
2.1 Visual Information Compression
To mitigate this computational burden, one major branch of re-
search has focused on adaptive token selection. These methods
dynamically identify and process only a subset of the most infor-
mative tokens often termed expert tokens, at various layers of the
model. By focusing computational resources on semantically cru-
cial patches while down-weighting or pruning redundant ones,
models like DynamicViT[19] and others tailored for specific do-
mains[27] can significantly reduce inference costs. Further exem-
plifying this trend towards task-specific information processing,
specialized fields like medical imaging are also developing methods
to guide LLMs with highly structured visual inputs. For instance,
Diff-RRG [33] moves beyond simple token representation by explic-
itly computing longitudinal disease-wise patch differences to guide
radiology report generation. However, this approach operates on
the principle of selection, carrying an inherent risk of discarding
individually less salient tokens that hold vital context for a compre-
hensive global understanding. This limitation highlights the need

for a mechanism that summarizes the entire visual context, rather
than selecting a partial subset.

To address this, a more holistic paradigm has emerged that uses
a small, fixed set of learnable queries to distill information from
the entire patch sequence. This approach, exemplified by Perceiver
IO [11]and notably the Q-Former in BLIP-2 [14], shifts the para-
digm from token selection to comprehensive information extraction.
The Q-Former, specifically, employs a full transformer architec-
ture where a set of learnable queries interacts with visual features
through cross-attention, and also with each other through self-
attention. However, this intricate, iterative structure introduces
substantial architectural overhead. The inclusion of self-attention
among queries, while enabling complex inter-query reasoning, cre-
ates an indirect and potentially inefficient pathway for visual sum-
marization, as computational resources are spent on query-to-query
interactions rather than purely on distilling from the source visual
features.

The critical importance of this efficiency-oriented distillation is
strongly validated by recent work on VLM scaling laws [15] Their
research establishes that the compute-optimal strategy for VLMs
involves extreme token compression coupled with the largest pos-
sible LLM. Crucially, they also demonstrate that operating in these
high-compression regimes achieves strong performance across al-
most all benchmarks, challenging the conventional notion that a
large number of visual tokens is essential for high fidelity. This
provides a clear impetus for developing architectures that, unlike
Q-Former, are explicitly designed for maximal token reduction.

In contrast to Q-Former’s architectural complexity, we introduce
our Fixed-size Visual Summarization (FVS) module, designed not
merely for compression, but as a high-efficacy semantic interface
for LLM. FVS employs a more direct, single-pass refinement pro-
cess using a sequence of gated cross-attention layers, deliberately
omitting query-side self-attention. This design forces the learnable
summary slots to exclusively distill the most salient information
from the visual patch features provided by BEiT [3] encoder. The
core thesis is that the performance of a vision-language model is
critically dependent on how visual information is "packaged" for the
LLM. By transforming the high-dimensional, spatially redundant
visual features into a concise, fixed-length sequence of semantically
rich summary tokens, FVS produces a representation that is not
only structurally optimal for the LLM’s input architecture, but also
enables more computationally tractable and effective cross-modal
fusion in subsequent layers. This effective interfacing allows the
LLM to ground its reasoning in potent, pre-digested visual evi-
dence, significantly enhancing the model’s overall performance on
complex, multimodal tasks.

2.2 Cross-Modal Fusion and Knowledge
Integration

While effective visual information compression is a necessary first
step, its utility is fundamentally limited without a sophisticated
mechanism to align the resulting representation with the semantic
nuances of the textual report. Effectively bridging this semantic gap
is a central challenge in medical report generation. Early methods
often relied on simple fusion techniques such as concatenation or
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shallow attention, which lack the capacity to capture complex diag-
nostic relationships. To address this, more sophisticated strategies
have emerged, falling into two main categories.

The first category leverages contrastive learning on large-scale
image-text pairs, exemplified by MedCLIP [29]. These models learn
powerful, globally-aligned representations. However, their global
alignment objective is inherently limited in capturing the fine-
grained, localized correspondence required for detailed clinical
reports. This approach struggles to differentiate between reports
with similar overall topics but subtle, diagnostically critical differ-
ences, a gap our work aims to address by directly learning from
report-level semantics.

The second category involves the explicit integration of struc-
tured medical knowledge, typically through knowledge graphs [8,
9]. By injecting facts about anatomies and diseases, these methods
can improve clinical accuracy. Nonetheless, they face significant
practical hurdles, as knowledge graphs require extensive, expert-
driven manual curation and face challenges in scalability and main-
tenance.

Our work carves a distinct path that learns to fuse visual infor-
mation with semantic context derived directly from reports during
training, thereby avoiding the limitations of both prior approaches.
The architectural inspiration for this mechanism comes from Adap-
tive Instance Normalization (AdaIN), a technique renowned for
feature modulation in style transfer [10]. AdaIN aligns the channel
wise mean and variance of a content input x to those of a style
input y, as formulated below.

AdaIN(𝑥,𝑦) = 𝜎 (𝑦) 𝑥 − 𝜇 (𝑥)
𝜎 (𝑥) + 𝜇 (𝑦) (1)

While originally used for the intra-modal task of mapping pixel-
level statistics between images, its underlying principle is highly
compelling for our inter-modal alignment problem. Notably, the
AdaIN transformation contains no learnable affine parameters; its
modulation is governed purely by the feature statistics of the style
input. Adopting this concept allows the semantic context from a
given report to directly and dynamically calibrate the visual fea-
tures. This results in a highly adaptive fusion process where the
visual representation is precisely adjusted to align with the specific
nuances of the target text, a mechanism we will detail further in
the Method section.

3 Method
3.1 Overview
We propose a framework, semantic knowledge infused modeling
(SKIM), for medical report generation. The goal of our framework
is to generate a clinically accurate medical report from a given set
of chest X-ray views. As shown in Figure 2, our framework extracts
visual features from each view. These features are then processed
by a learnable visual summarization module, which compresses and
fuses them into a single, fixed-size representation. Subsequently, a
cross-modal knowledge infusion module enriches this visual sum-
mary with textual semantics. Finally, a frozen LLM generates the
report based on the enriched representation. A key aspect of our

approach is that only the intermediate modules are trained, act-
ing as a lightweight and efficient bridge between the large, frozen
models.

Figure 2: The overall architecture of our proposed model
SKIM, which employs frozen foundation models. Fixed-Size
Visual Summarization (FVS) and Cross-Modal Knowledge
Infusion (CMKI) modules bridge a frozen image encoder and
a frozen LLM decoder.

3.2 Visual Feature Extraction
3.2.1 Visual Encoding and Multi-view Aggregation. Our model first
extracts patch-level visual features using a frozen BEiT-Large en-
coder. For a study containing multiple views (e.g., frontal and lat-
eral X-rays), the encoder yields a sequence of patch embeddings
E𝑣 ∈ R𝐿×𝐷𝑣 for each of the 𝑉 views.

To create a single, holistic representation for the entire study, we
aggregate these individual view embeddings into a unified matrix
H by averaging them:

H =
1
𝑉

𝑉∑︁
𝑣=1

E𝑣 (2)

This aggregation strategy produces a final visual representationH ∈
R𝐿×𝐷𝑣 , where the patch sequence length is 𝐿 = 196 and the feature
dimension is 𝐷𝑣 = 1024. By maintaining a fixed-size representation
regardless of the number of views, we ensure a consistent input
structure for the subsequent module. This unified representation H
serves as the input to our Fixed-size Visual Summarization (FVS)
module.

3.2.2 Fixed-Size Visual Summarization. To distill salient informa-
tion from H, as shown in Figure 3, we introduce a summarization
module with 𝑁𝑠 learnable slot embeddings S(0) ∈ R𝑁𝑠×𝐷𝑣 . The
number of slots 𝑁𝑠 is a dataset-dependent hyperparameter, set to
32 for IU-Xray and 3 for MIMIC-CXR. These slots are refined over
𝑁=2 layers. At each layer 𝑛, the slots S(𝑛−1) attend to the visual
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information via a standard Multi-Head Attention (MHA) block with
8 heads:

Ŝ(𝑛) =MHA(Q = S(𝑛−1) ,K = H(𝑛−1) ,V = H(𝑛−1) ) (3)

where H(0) = H and H(𝑛>0) = Ŝ(𝑛) . For the second layer, we
set H(𝑛) = Ŝ(𝑛) . This design choice encourages a hierarchical self-
refinement of the summary slots, allowing them to focus on the
most salient features distilled from the previous layer rather than
repeatedly attending to the full, noisy patch token set. The updated
slots are then combined with the original slots via a gated residual
connection:

g(𝑛) = 𝜎 (Linear( [S(𝑛−1) ; Ŝ(𝑛) ])) (4)

S(𝑛) = LayerNorm(g(𝑛) ⊙ Ŝ(𝑛) + (1 − g(𝑛) ) ⊙ S(𝑛−1) ) (5)

where the Linear block is a single feed-forward layer(FFN). The
final visual summary V𝑠𝑢𝑚𝑚 = S(𝑁 ) provides a condensed repre-
sentation of the input images.

Figure 3: The architecture of Fixed-Size Visual Summariza-
tion (FVS) module

3.3 Cross-Modal Knowledge Infusion
To bridge the modality gap, as illustrated in Figure 4, CMKI enriches
the condensed visual summary V𝑠𝑢𝑚𝑚 with high-level semantic
knowledge derived from the report text. The design of this module
is conceptually inspired by AdaIN, which modulates a content
signal using statistics from a style signal. We adapt this principle
of dynamic feature modulation for a deep and adaptive alignment
between visual and textual modalities.

3.3.1 Knowledge Alignment and Enrichment. First, the visual sum-
mary from the previous stage, denoted as V𝑠𝑢𝑚𝑚 , is projected into
the LLM’s hidden space via a linear layer, resulting in an initial
representation V𝑝𝑟𝑜 𝑗 . Concurrently, we extract a global semantic
vector T by averaging the embeddings of the report tokens, which
is then broadcast to match the shape of V𝑝𝑟𝑜 𝑗 .

Figure 4: The architecture of Cross-Modal Knowledge Infu-
sion (CMKI) module

This module iteratively enriches the visual features over a multi-
layer block (𝑀=2). Let the initial input to this block be Z(0) =

V𝑝𝑟𝑜 𝑗 . For each layer 𝑚, we first apply transformations to get
V′ = Transform𝑣 (Z(𝑚−1) ) and T′ = Transform𝑡 (T).Each of the
transformation blocks is a two-layer MLP with GELU activations.
A dynamic gate 𝜇 (𝑚) is then computed from these features using
a SmoothGating block, which is a separate two-layer MLP with a
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final Sigmoid activation.

𝜇 (𝑚) = SmoothGating( [V′;T′]) (6)

M(𝑚) = (1 − 𝜇 (𝑚) ) ⊙ V′ + 𝜇 (𝑚) ⊙ T′ (7)

This operation allows the visual content V′ to be dynamically
modulated by the semantic style of the text T′-a principle adapted
from AdaIN. The state is then updated via a residual connection
controlled by a learnable scalar weight 𝛼 (𝑚) :

Z(𝑚) = (1 − 𝛼 (𝑚) )Z(𝑚−1) + 𝛼 (𝑚)M(𝑚) (8)

3.3.2 Final Representation. The final representationV𝑓 is produced
by applying a conservative residual connection between the initial
projected summary V𝑝𝑟𝑜 𝑗 and the final enriched state Z(𝑀 ) . Here,
𝜆 is a fixed hyperparameter set to 0.2.

V𝑓 = V𝑝𝑟𝑜 𝑗 + 𝜆(Z(𝑀 ) − V𝑝𝑟𝑜 𝑗 ) (9)

3.3.3 Role of CMKI during Inference. A key design choice in our
framework is to apply CMKI only during training and bypass it at
test time. During training, CMKI uses the ground-truth report’s
semantic vector T to modulate visual features via the gating-and-
blending mechanism (Eq. (6–9)), providing deep semantic super-
vision akin to knowledge distillation. This alignment signal back-
propagates to the upstream visual summarizer (FVS) and the linear
projection, training them to produce visual tokens that are naturally
closer to the textual domain.

At inference, when no ground-truth text is available, CMKI is
disabled. The FVS and projection layers—already shaped by the
training-time supervision—directly output the semantically aware
visual summary Vproj to the LLM, together with a fixed instruction
prompt no ground-truth tokens are ever fed to the LLM. In this
design, CMKI provides a strong supervisory signal during training
that improves the visual frontend without risking leakage, yielding
a lean and robust inference pipeline.

3.4 Training Objective
The final enriched visual representation, V𝑓 ∈ R𝑁𝑠×𝐷𝐿𝐿𝑀 , serves
as a soft visual prompt that conditions the frozen LLM. Specifically,
these 𝑁𝑠 vectors are prepended to the input embedding sequence
of the report tokens. This effectively steers the language generation
process based on the distilled and semantically enriched visual
evidence.

The trainable parameters of our model are optimized via a stan-
dard auto-regressive training objective. The model’s learning is
guided by an instruction-tuning formatwhere an instruction prompt
P "Generate a concise radiology report focusing on findings only."
is also provided. For a given report 𝑅 consisting of a sequence of to-
kens {𝑟1, ..., 𝑟𝑇 }, the loss function L(𝜃 ) for the trainable parameters
𝜽 is the negative log-likelihood of the target tokens:

L(𝜃 ) = −
𝑇∑︁
𝑡=1

log 𝑝𝜃 (𝑟𝑡 |𝑟<𝑡 ,V𝑓 , P) (10)

where 𝑝𝜃 is the distribution defined by the LLM, and 𝑟<𝑡 denotes
the ground-truth prefix before 𝑟𝑡 .

4 Experiment
4.1 Experimental setup
4.1.1 Datasets. We evaluated our model on twowidely used bench-
mark datasets: IU-Xray dataset [6] and MIMIC-CXR dataset [13], In
IU-Xray, we trained the model for a maximum of 15 epochs with a
learning rate of 1×10-5. The batch size was set to 8 for training and
12 for validation. In MIMIC-CXR dataset, the model was trained
for a maximum of 5 epochs with a learning rate of 1×10-6 and a
gradient clipping value of 1. We followed the widely known data
split provided by R2GenCNN [4], The final data distributions used
for training are shown in Table 1.

Dataset Training Validation Test
IU-Xray 2,070 297 591
MIMIC-CXR 270,746 2,130 3,858

Table 1: Dataset Statistics

4.1.2 Implementation Details. While our experiments employ the
Llama2-7B chat model [23] as the LLM, it is important to note that
the SKIM framework is architecturally decoupled from the spe-
cific LLM. The interface modules (FVS, CMKI) are designed as a
universal bridge, allowing the frozen LLM decoder to be readily
substituted with other foundational models. The experiments were
performed on a single NVIDIA A100 GPU. For report generation
at the inference stage, we feed only the image tokens to the SKIM
model, excluding the ground truth report and any disease classifica-
tion labels. To assess performance, we utilize widely-used natural
language generation (NLG) metrics: BLEU [18], METEOR [2] and
ROUGE-L [16].

4.2 Model Analysis
4.2.1 Comparison with State-of-the-art Methods. As shown in Ta-
ble 2, our model achieves significant improvements on each dataset.
Specifically, our model significantly surpasses previous methods,
achieving top scores in both BLEU-4 and ROUGE-L. This under-
scores our model’s ability to generate reports that are both clinically
accurate and structurally coherent. The superior performance stems
from our novel two-stage architecture. Whereas conventional meth-
ods typically focus on either enhancing visual features through
complex architectures or integrating knowledge using external
priors, our model effectively bridges the modality gap through a
summarization then enrichment process. The FVS module first cre-
ates an efficient, structured summary of visual evidence, which
allows the subsequent CMKI module to perform a more targeted
and effective semantic alignment. This design proves particularly
advantageous, facilitating a more meaningful cross-modal fusion
than directly feeding raw or coarsely processed visual features into
an LLM.

4.2.2 Clinical Efficacy (CE). For Clinical Efficacy (CE), we com-
pute precision, recall, and F1-score across 14 clinical labels. These
labels are automatically extracted from both generated and refer-
ence reports using the CheXbert labeler[21]. The scores shown in
Table 3 are reported as CE, where higher values indicate better
performance.
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Method Ref. Category LLM IU-Xray MIMIC-CXR
B-1 B-2 B-3 B-4 M R-L B-1 B-2 B-3 B-4 M R-L

Visual Enhancement
MeTransformer CVPR’23 Expert Tokens × 0.483 0.322 0.228 0.172 0.192 0.380 0.386 0.250 0.169 0.124 0.152 0.291
Diff-RRG MICCAI’25 Visual Patches ✓ - - - - - - 0.405 0.251 0.169 0.120 0.164 0.276
Modal Fusion
R2Gen EMNLP’20 Memory-driven Trans-

former
× 0.470 0.304 0.219 0.165 0.187 0.371 0.353 0.218 0.145 0.103 0.142 0.277

R2GenCMN ACL’21 Cross-Modal Memory × 0.475 0.309 0.222 0.170 0.191 0.375 0.353 0.218 0.148 0.106 0.142 0.278
MA AAAI’24 Adaptive Fusion × 0.501 0.328 0.230 0.170 0.213 0.386 0.396 0.244 0.162 0.115 0.151 0.274
Knowledge Enhancement
ASGMD ESWA’24 auxiliary signal guided × 0.489 0.326 0.232 0.173 0.206 0.397 0.372 0.233 0.154 0.112 0.152 0.286
PromptMRG AAAI’24 Diagnosis Prompts ✓ 0.401 - - 0.098 0.160 0.281 0.398 - - 0.112 0.157 0.268
LLM-based Decoder
BLIP-2 ICML’23 Q-former ✓ 0.476 0.273 0.210 0.168 0.181 0.372 0.377 0.221 0.125 0.088 0.152 0.274
R2GenGPT(base) Meta-Rad’23 Adapters ✓ 0.466 0.301 0.211 0.156 0.202 0.37 0.365 0.237 0.163 0.117 0.136 0.277

(Ours) Visual Summary
+ Modal alignment

✓ 0.518 0.356 0.260 0.195 0.220 0.405 0.392 0.255 0.175 0.124 0.168 0.293

Table 2: Performance Comparison of Medical Report Generation Models on IU-Xray and MIMIC-CXR Datasets. The best and
second-best results are shown in bold and underlined, respectively. B-n for BLEU-n, M for METEOR and R for ROUGE-L. BLIP-2
values are reported from [7].

Model P R F1

R2Gen 0.333 0.273 0.276
R2GenCMN 0.334 0.275 0.278
MeTransformer 0.364 0.309 0.334
R2GenGPT (base) 0.341 0.312 0.325
(Ours) 0.411 0.399 0.353

Table 3: Results of the CE metrics on the MIMIC-CXR. P is
Precision, R is Recall score.

Model Trainable Params (M)
R2GenCMN 59.10
R2Gen 78.50
MeTransformer 152.00
BLIP-2 188.00
PromptMRG 219.92
(Ours) 132.00
Table 4: Trainable parameters (M)

4.2.3 Efficiency and Parameter Analysis. Our model’s efficiency
gains stem from utilizing a fixed, short token path into the LLM,
rather than from minimizing the total number of trainable parame-
ters. In our framework, the image encoder and LLM remain frozen,
and the trainable parameter count is designed to be essentially
insensitive to the number of summary slots, 𝑁𝑠 . This is because,
apart from the slot embedding matrix itself, all shared projection,
attention, and normalization weights are 𝑁𝑠 -agnostic.

Table 4 compares the trainable parameter counts of our model
against representative methods. The results position our approach

as a compelling trade-off, while not the smallest model in abso-
lute terms, it is significantly more parameter-efficient than power-
ful contemporary baselines such as BLIP-2 and PromptMRG. This
demonstrates a key advantage in balancing high representational
capacity with the architectural efficiency of the trainable interface.

4.3 Ablation Studies
4.3.1 Effect of Modules. To validate our core components, we con-
duct an ablation study as shown in Table 5, incrementally adding
the FVS and CMKI module to a baseline model (A). As shown in
(B), adding the CMKI module substantially boosts performance. For
example, BLEU-4 on IU-Xray improves from 0.167 to 0.183. This val-
idates its effectiveness in bridging the semantic gap by pre-aligning
visual features with textual semantics, thus providing the LLM with
more coherent representations for generation.

The effect of the FVS module (C) is more nuanced and dataset-
dependent. We attribute this diminished effect to the multi-view
structure of the dataset. The mandatory step of averaging view
embeddings acts as a preliminary, coarse summarization. Conse-
quently, applying the FVS module afterward provides limited ad-
ditional benefit, as the critical patterns might have already been
diluted, a problem exacerbated by the dataset’s small size. However,
these limitations are resolved in our Full Model (D). The results
strongly support our central hypothesis: FVS compression, though
potentially lossy in isolation, becomes maximally effective when
its compact representations are enriched by CMKI’s semantic align-
ment. This synergy validates our two-stage design, where FVS first
creates an efficient structure which is then infused with clinically-
aware semantics by CMKI.

4.3.2 Qualitative Analysis. To qualitatively assess our model’s per-
formance, we conducted a case study comparing our model against
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Models Modules IU-Xray MIMIC-CXR

FVS CMKI B-1 B-2 B-3 B-4 M R-L B-1 B-2 B-3 B-4 M R-L

(A) - - 0.480 0.312 0.223 0.167 0.217 0.379 0.383 0.233 0.155 0.108 0.150 0.268
(B) - ✓ 0.501 0.335 0.244 0.183 0.213 0.382 0.400 0.243 0.160 0.112 0.148 0.268
(C) ✓ - 0.477 0.302 0.217 0.165 0.198 0.386 0.403 0.250 0.166 0.117 0.147 0.269

(D) ✓ ✓ 0.518 0.356 0.260 0.195 0.220 0.405 0.392 0.255 0.175 0.124 0.168 0.293

Table 5: Ablation study of each module on each dataset. The ✓ indicates which modules are added to the baseline.

the baseline. As illustrated in Figure 5, our model demonstrates
superior clinical reliability. For this case, the ground truth report
indicates a normal heart size. Our model accurately generates a
report stating the heart is "within normal limits," correctly reflect-
ing the ground truth. In contrast, the baseline model incorrectly
reports that "the heart is enlarged," committing a significant False
Positive error. This type of hallucination could lead to unnecessary
clinical follow-ups and patient anxiety, highlighting our model’s en-
hanced safety and trustworthiness in a clinical setting. Overall, our
model exhibits a lower propensity for hallucinating non-existent
pathologies, leading to more consistent and reliable diagnostic re-
port generation.

4.3.3 Effect of Slot numbers. We conducted an ablation study to
determine the optimal number of slots 𝑁𝑠 for our FVS module, with
results presented in Table 6. The study reveals a clear trend where
performance improves as 𝑁𝑠 increases from a small value, suggest-
ing a larger capacity is needed to effectively summarize complex
visual features. Notably, the model achieves its peak performance at
𝑁𝑠=32, reaching the best scores on key metrics like Bleu-4 0.195 and
ROUGE-L 0.405. As 𝑁𝑠 increases further to 64 and 128, performance
begins to decline, likely due to feature redundancy.

Number of
Slots (𝑁𝑠 )

B-1 B-2 B-3 B-4 M R-L

2 0.466 0.322 0.235 0.174 0.215 0.389
16 0.495 0.319 0.219 0.155 0.208 0.390
32 0.518 0.356 0.260 0.195 0.220 0.405
64 0.498 0.315 0.222 0.163 0.195 0.336
128 0.464 0.300 0.212 0.155 0.204 0.338

Table 6: Ablation study on the effect of the number of slots
(𝑁𝑠 ) on the IU-Xray dataset.

5 Conclusion and Future Work
In this paper, we proposed SKIM, a framework that effectively
bridges a frozen visual encoder and an LLM for medical report gen-
eration. Our core contribution is a summarized alignment process,
composed of a Fixed-Size Visual Summarization (FVS) module and
a Cross-Modal Knowledge Infusion (CMKI) module. Experimental
results show that our model achieves state-of-the-art performance
on both the MIMIC-CXR and IU-Xray datasets.

Despite its strong performance, our model’s ability to detect
complex abnormal findings is constrained by the inherent class

imbalance of the training data. The dataset is predominantly com-
posed of normal cases, which can limit the model’s sensitivity for
less frequent, yet clinically significant, pathologies. Future work
will address this data imbalance using techniques like advanced
data augmentation to increase the weight of minority classes during
training. This approach aims to enhance the model’s sensitivity to
a wider range of pathologies while maintaining its high specificity
for normal findings, thereby maximizing its overall clinical utility.

However, relying on a frozen, general-domain LLM introduces
challenges. A key advantage of the SKIM framework is its LLM-
agnostic design, which allows for the future adoption of more ad-
vanced models. To address the more fundamental challenge of
ensuring clinical validity regardless of the underlying LLM, our key
future direction is making the summary slots interactive. This will
allow clinicians to directly query, validate, and refine the visual
findings captured by the model.
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