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Abstract

Drafting radiology reports is a complex task requiring flex-
ibility, where radiologists tail content to available informa-
tion and particular clinical demands. However, most current
radiology report generation (RRG) models are constrained
to a fixed task paradigm, such as predicting the full “find-
ing” section from a single image, inherently involving a mis-
match between inputs and outputs. The trained models lack
the flexibility for diverse inputs and could generate harm-
ful, input-agnostic hallucinations. To bridge the gap between
current RRG models and the clinical demands in practice,
we first develop a data generation pipeline to create a new
MIMIC-RG4 dataset, which considers four common radiol-
ogy report drafting scenarios and has perfectly corresponded
input and output. Secondly, we propose a novel large lan-
guage model (LLM) based RRG framework, namely LLM-
RG4, which utilizes LLM’s flexible instruction-following ca-
pabilities and extensive general knowledge. We further de-
velop an adaptive token fusion module that offers flexibility
to handle diverse scenarios with different input combinations,
while minimizing the additional computational burden asso-
ciated with increased input volumes. Besides, we propose a
token-level loss weighting strategy to direct the model’s at-
tention towards positive and uncertain descriptions. Exper-
imental results demonstrate that LLM-RG4 achieves state-
of-the-art performance in both clinical efficiency and natural
language generation on the MIMIC-RG4 and MIMIC-CXR
datasets. We quantitatively demonstrate that our model has
minimal input-agnostic hallucinations, whereas current open-
source models commonly suffer from this problem.

Code — https://github.com/zh-Wang-Med/LLM-RG4
Extended version — https://arxiv.org/abs/2412.12001

Introduction
The automatic generation of textual descriptions for radio-
graphs has the potential to reduce clinicians’ workload, en-
hance the efficiency of image interpretation, and support in-
formed treatment decisions. Numerous works have concen-
trated on generating the comprehensive findings section of
the report from a single radiology image (Li et al. 2018;
Chen et al. 2020, 2021; Wang et al. 2022, 2023a; Yan et al.
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Figure 1: (a) Mismatch between image and report in typi-
cal RRG model. Comparisons, procedures, communication
and views are uninferable. (b) A flexible and factual RRG
paradigm, which emphasizes the flexibility of input and the
alignment between input and output.

2024). However, certain information in the report is uninfer-
able within a single image, resulting in a mismatch between
the input and the output, as illustrated in Figure 1(a). Con-
cretely, Nguyen et al. (2023) classify the information in a
report into several key components: positive mentions, neg-
ative mentions, prior comparisons, prior procedures, image
views, doctor communications, and medical recommenda-
tions. Notably, elements such as comparisons, procedures,
communication and views are uninferable within a single
image. Current paradigm amplifies model hallucination, re-
duces model performance, and lowers clinical acceptance.

In response to this phenomenon, several studies have
sought to clean and reconstruct the report content. For in-
stance, Ramesh, Chi, and Rajpurkar (2022) introduced the
GILBERT model, which utilizes token-by-token classifica-
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tion to eliminate comparative descriptions, Thawakar et al.
(2024) and Nguyen et al. (2023) leveraged the large lan-
guage model to delete uninferable descriptions with a single
image. However, such approaches drastically reduce the in-
formation included in the report, potentially undermining its
effectiveness in fulfilling the intended function of radiology
reports (Hartung et al. 2020). Furthermore, several studies
have explored multi-view modeling (Yuan et al. 2019; Miura
et al. 2021; Lee et al. 2023) and longitudinal historical in-
formation modeling (Dalla Serra et al. 2023; Sanjeev et al.
2024) to incorporate addition valid information. However,
their performance deteriorates in the absence of additional
information, and continues to produce hallucinations

In clinical practice, doctors adaptively draft reports based
on available information and clinical requirements (Johnson
et al. 2019). The radiologist compare the current findings
with previous examinations when historical records are ac-
cessible. They integrate information from multiple views if
provided, and concentrate on findings within a single frontal
view if only one is available. Therefore, a more flexible and
factual model for RRG should adapt to diverse input sce-
narios and produce reports inferred from the input within a
unified framework, as illustrated in Figure 1(b). Meanwhile,
it is crucial to identify definitive or potential lesions across
various input scenarios to ensure timely intervention.

Inspired by clinical practices, this work introduces a flex-
ible and factual framework consisting of a new data gener-
ation pipeline and a novel model architecture for RRG. The
data generation pipeline produces the MIMIC-RG4 dataset
from MIMIC-CXR, taking into account four common input
scenarios that involve the integration of multi-view and lon-
gitudinal data. The pipeline comprises a BERT-based dis-
criminator, namely DiscBERT, and a generator, Llama3-70B
(AI@Meta 2024). It utilizes a cyclic generation approach to
ensure that the reconstructed reports closely correspond to
the input while minimizing information loss. Additionally,
DiscBERT, as a byproduct of the pipeline, allows for quan-
titative input-agnostic information evaluation. In terms of
the model architecture, we introduce LLM-RG4, which uti-
lizes LLM’s flexible instruction-following capabilities and
extensive general knowledge. (Li et al. 2023a,b; Guo et al.
2023). To avoid increasing the computational burden with
additional input types, we design an adaptive token fusion
module that accommodates various inputs. The underlying
intuition is that an efficient and high-fidelity information en-
coding for multimodal large language model (MLLM) can
be achieved within specialized medical tasks. Furthermore,
to improve clinical accuracy, we propose a token-level loss
weighting strategy which enhances clinical efficacy directly
at the loss layer, without depending on reinforcement learn-
ing (Miura et al. 2021) or classifier-assisted techniques (Jin
et al. 2024). We validate our framework through experiments
on MIMIC-CXR and MIMIC-RG4. Our contributions are
summarized as follows.

• We present a novel paradigm MIMIC-RG4 for pragmatic
RRG, introduce a new pipeline for data generation and
a product DiscBERT to quantitatively evaluate input-
agnostic hallucinations.

• We develop LLM-RG4, a LLM-based RRG model that
incorporates an adaptive token fusion module to effi-
ciently accommodate different inputs and a token-level
loss weighting strategy to enhance diagnostic accuracy.

• We conduct extensive experiments demonstrating that
LLM-RG4 achieves state-of-the-art performance in CE
and NLG dimensions on both the MIMIC-CXR and
MIMIC-RG4 datasets, while minimizing input-agnostic
hallucinations, thus bridging the gap to clinical practice.

MIMIC-RG4 Paradigm
Problem Formulation
In contrast to the typical report generation paradigm,
MIMIC-RG4 exhibits two notable differences. Firstly, it re-
quires the model to be able to handle different input scenar-
ios. Secondly, regardless of the input case, the model gener-
ates reports corresponding to the inputs.

We define four common clinical input scenarios: sin-
gle view no longitudinal, multi-view no longitudinal, single
view with longitudinal, and multi-view with longitudinal.
Longitudinal refers to previous X-ray examinations and here
we only include previous reports Tp. Single view refers to
frontal image If . Multi-view refers to frontal and lateral im-
ages Il. Meanwhile, the indication Ti or history Th section
is also important for report generation (Miura et al. 2021;
Hyland et al. 2023), thus we incorporate them as inputs if
available. Denote the model as Lg and the current report as
Tc, the entire task is formalized as:

Tc = Lg(If , Il, Tp, Th, Ti) (1)

where Il, Tp, Ti, Th allow for absence and the correspond-
ing Tc will vary accordingly. With respect to the contents
of reports, we follow the definition of Nguyen et al. (2023)
and reconstruct the report to maximize the retention of effec-
tive information. Specifically, for different input scenarios,
the communication and prior procedure are removed. Pos-
itive mentions, negative mentions, and medical recommen-
dations are retained. View and prior comparison are retained
or rewritten depending on the inputs.

Dataset Generation Pipeline
The overall pipeline is shown in Figure 2. Based on problem
formulation, the prior comparison, prior procedure, view,
and communication sections are of greater importance. We
utilize Llama3-70B model as the generator to reconstruct
reports. However, some challenging cases require multiple
modifications to meet the requirements. Therefore, we adopt
a cyclic process of judgment, rewriting, and re-evaluation
until the report is satisfactory. In iterative modifications, the
previous process is also used to form a dynamic prompt that
fully leverages the model’s chain-of-thought (COT) capabil-
ity. This is a highly time-consuming process. To expedite it,
we train a BERT-based model, DiscBERT, as the discrimi-
nator to perform judgment tasks. DiscBERT is trained with
the Llama3-70B’s judgment results, and exhibits judgement
capabilities comparable to Llama3-70B. To preserve the di-
agnostic information of the report, we employ CheXbert to
compute the disease labels for the impression section before
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Figure 2: The pipeline employs an iterative approach that in-
tegrates a BERT-based discriminator and a LLM-based gen-
erator, ensuring minimal input-agnostic information and ef-
fective information loss. J.: Judgment, R.: Rewrite.

and after processing. If there is any change in labels, the
corresponding example is discarded. We set the maximum
iterations to 3 rounds.

Our integrated approach enables us to leverage the COT
of LLM while accelerating the pipeline by reducing the
reliance on LLM. Moreover, DiscBERT allows for conve-
nient dataset analysis that distinguishes information cate-
gories within the generated reports, offering a tool for evalu-
ating input-agnostic hallucinations. Doctors manually label
200 reports to evaluate the discriminatory performance of
DiscBERT and assess the effectiveness of the pipeline. The
details about DiscBERT, instructions and evaluation are pre-
sented in the supplementary material.

Dataset Statistics
We utilize the MIMIC-CXR dataset (Johnson et al. 2019),
which is the only publicly available dataset that encom-
passes both multi-view and longitudinal information, to gen-
erate the MIMIC-RG4 dataset. We evaluate the propor-
tion of reports containing input-agnostic information in the
MIMIC-CXR and MIMIC-RG4 datasets under the single
view no longitudinal setting, as assessed by DiscBERT. As
shown in Table 1, a few cases in MIMIC-CXR meet the
criterion of single view no longitudinal. However even in
these cases, the reports still include a number of descrip-
tions of prior comparisons and procedures. This indicates
that obtaining the dataset for single view no longitudinal
data directly from MIMIC-CXR is inappropriate. In con-
trast, MIMIC-RG4 minimizes the presence of input-agnostic
information and features a larger dataset scale.

Method
The overall architecture, depicted in Figure 3, consists of
three primary components: modality encoder, adaptive to-
ken fusion module (ATF), and token-level loss weighting
strategy (TLW). The modality encoder utilizes pretrained
encoders to extract features from a range of visual and tex-

Dataset split PC PP View Comm

MIMIC
CXR

Tr/16.9K 39.90 15.99 1.17 4.56
Val/0.1K 38.36 11.28 1.50 3.01
Ts/0.1K 65.63 25.78 3.13 10.16

MIMIC
RG4

Tr/172.6K 0.30 0.30 0.12 0.00
Val/1.4K 0.07 0.07 0.14 0.00
Ts/2.4K 0.42 0.42 0.04 0.04

Table 1: Percentage (%) of reports with single image no lon-
gitudinal setting, that encompass various categories of infor-
mation. PC: Prior Comparison; PP: Prior Procedure; Comm:
Communication; Tr: train; Ts: test.

tual inputs. The adaptive token fusion module subsequently
compresses and integrates these features into a fixed-length
fusion token. This token is then supplied to the LLM along-
side instructions and indications/histories for decoding. The
token-level loss weighting strategy identifies critical diag-
nostic tokens and assigns them higher loss weights, thereby
directing the model to emphasize positive or ambiguous de-
scriptions regardless of the input conditions.

Modality Encoder
Under different input scenarios, the model can access frontal
image If , lateral images Il, and previous examination re-
ports Tp. We utilize frozen image encoder Ev and text en-
coder Et to obtain corresponding features vf , vl, vt.

vf = Ev(If ) (2)
vl = Ev(Il) (3)
vt = Et(Tp) (4)

where vf , vl ∈ RNI×D′
, vt ∈ RNT×D′

, D′ is the dimension
of feature obtained from modality encoder, NI is the number
of visual tokens, NT is the number of text tokens. NI and
NT are generally distinct, with NI frequently being larger
when higher resolution images are employed.

Adaptive Token Fusion Module
Our objective is to maintain a consistent number of feature
tokens across different inputs. For instance, with If , Il and
Tp present, we hope to produce a fused feature with dimen-
sions equivalent to those of If alone. We first employ per-
ceiver pf , pl, pt (Jaegle et al. 2021) and linear layers to fur-
ther extract and compress modality feature to a consistent
dimension hf , hl, ht ∈ RN×D as follows:

hf = Linear(pf (vf , V
′)) (5)

hl = Linear(pl(vl, pf (vf , V
′))) (6)

ht = Linear(pt(vt, pf (vf , V
′))) (7)

where N is the compressed number of feature tokens and
considerably smaller than NI , D is the feature dimension
in LLM. Query tokens in pf are learnable variables V ′ ∈
RN×D′

, whereas the query tokens in pl, pt are pf (vf , V
′))

derived from frontal image. This approach leverages the
frontal image as the primary feature for modality integra-
tion, underscoring its critical role across different scenarios.
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Figure 3: The LLM-RG4 architecture consists of a modality encoder, an adaptive token fusion module, and a token-level loss
weighting strategy. The modality encoder extracts features from various modalities. The adaptive token fusion module combines
different feature tokens into a fixed length, minimizing computational burden. The token-level loss weighting strategy identifies
key diagnoses and adjusts token loss weights, enhancing the model’s clinical efficacy across diverse input scenarios.

Typical visual instruction tuning can be viewed as stack-
ing modality features along the token dimension, and esca-
lates computational complexity with increasing input vol-
umes. Given that instruction tuning enables a LLM to un-
derstand unseen visual tokens, it is also feasible to train it to
comprehend mixed visual-linguistic tokens similarly. There-
fore, we consider compressing information along the feature
dimensions of each token. Specifically, we first concatenate
hf , hl, ht ∈ RN×D along the feature dimensions and get
ho ∈ RN×3D, formulated as:

h0 = concat(hf , hl, ht, dim = 1) (8)
If hl or ht are not available, we replace it with zeros. To
avoid confusion between different modalities, the concate-
nation order is fixed. A linear projection layer is utilized to
maintain the feature dimensions, resulting in the final fea-
tures h′

o, which are then input into the LLM. This approach
guarantees that the number of feature tokens remains con-
stant while efficiently encoding modality information across
varying input scenarios.

Token-Level Loss Weighting Strategy
We denote the logit computation function as f(θ), where θ
is the parameter of LLM, denote the current report with a
length L as T = [t1, t2, t3, . . . , tL], and denote the instruc-
tion as P . The predicted logit o is depicted as:

oj = fθ(P, ho, T
<j) (9)

where T<j represents previous tokens before position j in
the current report. The loss at token tj is depicted as:

L
(tj)
MLE = −cj logsoftmax(o

j) (10)

where cj = 1, for j = 1, 2, . . . , L, if all tokens are treated
equally. To identify key diagnostic tokens in each report and
subsequently adjust the coefficient cj for each token loss, we
utilize CheXbert (Smit et al. 2020) and Integrated Gradients
(IG) (Sundararajan, Taly, and Yan 2017). CheXbert conducts
multi-label categorization to identify diagnostic labels Y =
[y1, y2, y3, . . . , y14] for 14 distinct diseases in reports. yi ∈
{−1, 0, 1, 2}, −1 indicates uncertainty, 0 indicates negative,
1 indicates positive, 2 indicates not mentioned.

Given that the 14th category in CheXbert is “NO FIND-
ING”, we focus solely on the attribution maps of the first 13
categories. The detailed algorithm is depicted in Algorithm
1. We use CheXbert to identify uncertain or positive diag-
nostic labels in the report and apply Integrated Gradients to
generate attribution maps for each label. We then maximize
these maps and smooth them with a Gaussian kernel to mit-
igate token anomaly. If a token’s attribution score exceeds a
threshold, the weight of each token in the whole sentence is
increased to λ. Otherwise, it remains unchanged. Through
this approach, we emphasize entire sentences with positive
or uncertain diagnoses, minimizing the impact of minor dis-
crepancies between tokens and attribution scores resulting
from different tokenizers.
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Model CE Metrics Clean NLG Original NLG hall.
P R F1 B@1 B@4 R-L B@1 B@4 R-L

R2Gen(Chen et al. 2020) 0.456 0.306 0.366 0.363 0.090 0.269 0.356 0.097 0.267 0.779
R2GenCMN(Chen et al. 2021) 0.486 0.400 0.439 0.385 0.102 0.278 0.349 0.094 0.270 0.695
CVT2Dis.(Nicolson, Dowling, and Koopman 2023a) 0.498 0.414 0.452 0.374 0.103 0.272 0.390 0.123 0.282 0.875
KiUT†(Huang, Zhang, and Zhang 2023) 0.371 0.318 0.321 - - - 0.391 0.113 0.285 -
RGRG†(Tanida et al. 2023) 0.461 0.475 0.447 - - - 0.373 0.126 0.264 -
EKAGen†(Bu et al. 2024) 0.517 0.483 0.499 - - - 0.419 0.117 0.287 -
Promptmrg(Jin et al. 2024) 0.618 0.491 0.548 0.326 0.080 0.261 0.381 0.096 0.258 0.896
R2GenGPT(7B)(Wang et al. 2023b) 0.506 0.414 0.456 0.401 0.118 0.277 0.396 0.113 0.273 0.917
CheXagent(7B)(Chen et al. 2024) 0.506 0.306 0.381 0.265 0.058 0.239 0.189 0.040 0.208 0.549
MAIRA-1(7B)†(Hyland et al. 2023) - - 0.553 - - - 0.392 0.142 0.289 -
Med-PaLM(562B)†(Tu et al. 2024) - - 0.516 - - - 0.317 0.115 0.275 -
R2-LLM(14.2B)†(Liu et al. 2024a) 0.465 0.482 0.473 - - - 0.402 0.128 0.291 -
InVERGe(7B)†(Deria et al. 2024) - - - - - - 0.425 0.100 0.309 -

Ours 0.583 0.593 0.588 0.498 0.203 0.387 0.377 0.144 0.318 0.015

Table 2: Comparison with SOTA methods for the setting of sn. † indicates the results are quoted from the published literature. Clean NLG
refers to using the cleaned reports from MIMIC-RG4 as ground truth, while Original NLG denotes using the original reports from MIMIC-
CXR as ground truth. hall. means the percentage of reports containing input-agnostic information. The best results are in bold.

Experimental Setup
Datasets and Metrics
We train LLM-RG4 on MIMIC-RG4 consisting of four input
scenarios: single view no longitudinal, multi-view no longi-
tudinal, single view with longitudinal, and multi-view with
longitudinal (denoted as sn, sw, mn, mw below). We include
the indication/history section as input when available.

Model performance is assessed across three dimensions:
natural language generation (NLG), clinical efficacy (CE),
and hallucination (hall.). For NLG, we use BLEU (B@n)
(Papineni et al. 2002), METEOR (MTR) (Banerjee and
Lavie 2005) and ROUGE-L (R-L) (Lin 2004). For CE,
we adopt CheXbert to extract category labels and calculate

Algorithm 1: Detailed Procedure of Token Weight C
Input: Report T = [t1, t2, t3, . . . , tL], CheXbert fc
Output: C = [c1, c2, c3, . . . , cL]

1: Initialize ci = −1
2: Get Y = [y1, y2, y3, . . . , y13] = fc(T )
3: For yj in G:
4: if yj = −1 or 1: then
5: c′i = IGi(x)
6: ci = max(ci, c

′
i)

7: Define gk = 1√
2πσ2

e−
k2

2σ2

8: Split C into M sentences Cs = [c1, c2, c3, . . . , cM ],
cn is the nth sentence’s weights with length Ln, cn =
[cn1 , c

n
2 , c

n
3 , . . . , c

n
Ln

].
9: if cni > threshold then

10: cn = λ and λ > 1
11: else
12: cn = 1
13: end if
14: return C

micro-averaged precision (P), recall (R), and F1-score (F1),
following established settings (Jin et al. 2024). For halluci-
nations, we emphasize input-agnostic hallucinations (hall.)
and employ DiscBERT to measure the proportion of gener-
ated reports containing input-agnostic information. A lower
value of hall. reflects a diminished occurrence of input-
agnostic hallucination. Additionally, we use the Wilcoxon
Signed-Rank Test (Woolson 2005) to assess performance
improvements over baselines. All reports are kept untrun-
cated during testing.

Baselines
Comparative experiments are performed on the traditional
sn task and the multi-task MIMIC-RG4. For traditional sn,
we adopt frontal images and focus solely on the findings
section in MIMIC-CXR following (Chen et al. 2020). For
MIMIC-RG4, both finding and impression are evaluated.
We retrain the encoder-decoder model CXRMate (Nicolson,
Dowling, and Koopman 2023b), which handles four input
scenarios and is trained with reinforcement learning. Ad-
ditionally, we compare LLM-RG4 with RadFM (Wu et al.
2023), a 14B radiology multimodal large language model
capable of processing interleaved text and image inputs.

Implementation Details
We adopt RAD-DINO (Pérez-Garcı́a et al. 2024) as the im-
age encoder and BiomedVLP-CXRBERT (Boecking et al.
2022) as the text encoder, with Vicuna 7B v1.5 (Chiang et al.
2023) as the text decoder. The number of learnable variable
tokens in the perceiver is set to 128, threshold is set to 0.4
and λ is set to 1.75. Following LLAVA (Liu et al. 2024b),
we employ a two-stage training strategy. Initially, we only
train the ATF with sn data to achieve modality alignment.
Subsequently, we conduct instruction tuning on the MIMIC-
RG4 dataset, training the ATF, and applying LoRA (Hu et al.
2021) for fine-tuning Vicuna.
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Dataset Model CE Metrics NLG Metrics hall.
P R F1 B@1 B@2 B@3 B@4 R-L MTR

RG4
sn

cxrmate∗ 0.572‡ 0.560‡ 0.566‡ 0.421‡ 0.271‡ 0.179‡ 0.122‡ 0.311‡ 0.174‡ 0.010
RadFM 0.413‡ 0.303‡ 0.350‡ 0.188‡ 0.090‡ 0.048‡ 0.028‡ 0.190‡ 0.094‡ 0.737‡

Ours 0.588 0.632 0.609 0.479 0.343 0.255 0.196 0.384 0.209 0.014

RG4
sw

cxrmate∗ 0.573‡ 0.549‡ 0.561‡ 0.361‡ 0.220‡ 0.139‡ 0.093‡ 0.284‡ 0.153‡ 0.009
RadFM 0.508‡ 0.365‡ 0.425‡ 0.211‡ 0.103‡ 0.056‡ 0.033‡ 0.183‡ 0.105‡ 0.092‡

Ours 0.599 0.622 0.610 0.455 0.321 0.239 0.186 0.382 0.199 0.021

RG4
mn

cxrmate∗ 0.544 0.522‡ 0.533‡ 0.437‡ 0.289‡ 0.199‡ 0.141‡ 0.332‡ 0.179‡ 0.009
RadFM 0.323‡ 0.187‡ 0.237‡ 0.246‡ 0.113‡ 0.060‡ 0.034‡ 0.194‡ 0.104‡ 0.140‡

Ours 0.541 0.578 0.559 0.491 0.359 0.274 0.216 0.405 0.214 0.008

RG4
mw

cxrmate∗ 0.548‡ 0.499‡ 0.523‡ 0.379‡ 0.241‡ 0.158‡ 0.110‡ 0.305‡ 0.159‡ 0.007
RadFM 0.456‡ 0.297‡ 0.360‡ 0.191‡ 0.095‡ 0.054‡ 0.034‡ 0.178‡ 0.095‡ 0.052‡

Ours 0.560 0.565 0.563 0.461 0.331 0.250 0.197 0.401 0.204 0.002

Table 3: Comparison with SOTA methods supporting MIMIC-RG4 across four settings. ∗ indicates the model is retrained on MIMIC-RG4.
‡ denotes statistical significance in paired comparisons with LLM-RG4 based on the Wilcoxon signed-rank test. hall. means the percentage
of reports containing input-agnostic information. The best results are in bold.

Results and Analysis
Overall Results
Table 1 presents the experimental results on the conven-
tional sn task. Benefiting from the token-level loss weight-
ing strategy, LLM-RG4 shows a 4.0% and a 3.5% absolute
improvement respectively in F1 score over best classifier-
assisted model Promptmrg and MAIRA-1 of the same 7B
size using 1369 visual tokens. In clean NLG, where ground
truth reports get 2.3% hall. score, LLM-RG4 has a 24.2%
relative improvement in BLEU-4 and a 39.2% relative im-
provement in ROUGE-L, attributed to training on a cleaner
dataset. Regarding hallucination, we find most open-source
models suffer from hallucination problems. Even a multi-
tasking model CheXagent also gets a 54.9% hall. score.
However, LLM-RG4 achieves only a 1.5% hall. score, indi-
cating that it exhibits minimal input-agnostic hallucinations.
Finally, we compute the original-NLG metrics with MIMIC-
CXR reports for comparsion with powerful closed-source
models. Surprisingly, although the ground truth reports at-
tain a 88.5% hall. score, our model remains competitive with
SOTA models. Both BLEU-4 score and ROUGE-L score of
LLM-RG4 are comparable to or slightly exceed the SOTA
specialised large multimodal model MAIRA-1. The mini-
mal hall. suggests a substantial number of valid descriptions
matching the ground truth. This result likely arises from our
model being trained on a mixture of four kinds of clean re-
ports, which enhance its learning of valid descriptions.

Under the MIMIC-RG4 setting, LLM-RG4 outperforms
all existing models supporting MIMIC-RG4. Although cxr-
mate utilized reinforcement learning to enhance clinical ac-
curacy, we still achieve an average absolute F1 improve-
ment of 3.8% across four tasks. LLM-RG4’s superior perfor-
mance on NLG metrics further demonstrates that the MLLM
architecture is well-suited for multi-tasks featuring flexible
language generaion. While RadFM can support interleaved

text and image inputs, it performs unsatisfactorily and ex-
hibits a significant input-agnostic hallucination issue on the
sn setting likely due to overfitting.

Ablation Analysis
We conduct ablation experiments of alternative model de-
signs, as shown in Table 4. The adaptive token fusion mod-
ule helps reduce feature tokens by approximately 60% when
both multi-view and longitudinal information are available,
offering similar or slightly better performance than original
interleaved inputs. This supports our hypothesis that, effi-
cient and high-fidelity encoding for MLLM can be achieved
within specialized medical tasks. TLW benefits CE results
on both ATF architecture and interleaved inputs architec-
ture, suggesting that assigning higher loss weights to pos-
itive and uncertain descriptions during training can effec-
tively enhance the model’s focus on underlying lesions. This
phenomenon is evident in both the first and second stages.
Further analyses about the ATF module and TLW module
are provided in the supplementary materials.

stage ATF TLW N. F1 Score NLG

F-14 F-5 B@1 B@4

1 - ✘ 128 0.519 0.563 0.388 0.126
1 - ✔ 128 0.580 0.619 0.400 0.129

2 ✘ ✘ 502 0.551 0.582 0.468 0.201
2 ✘ ✔ 502 0.577 0.603 0.469 0.197
2 ✔ ✘ 204 0.556 0.580 0.467 0.205
2 ✔ ✔ 204 0.585 0.610 0.472 0.199

Table 4: Ablation study of each module on MIMIC-RG4.
Stage2 results are the average scores across four settings. N.
means the max input token numbers.
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Figure 4: An illustration of a challenging case featuring five positive or uncertain diagnoses across four different settings, where
the gold standard is also presented for reference. Diagnosis shared by the gold standard and model outputs are highlighted in
the same color. LLM-RG4 identifies nearly all diagnoses, whereas the absence of TLW leads to the missing of two diagnoses.

Influence of Mixed Training
To further investigate whether mixed training across the four
settings yields improvement, we train each setting individu-
ally for the same number of epochs, shown in Table 5. We
find that mixed training lead to varying degrees of improve-
ment across different scenarios, particularly in challenging
settings (mn, mw). We hypothesize that such mixed training
can be regarded as a form of data augmentation, effectively
increasing the diversity of the training data. It explicitly en-
ables the model to learn the varying demands across differ-
ent settings during training.

Setting T.S. CE Metrics NLG Metrics

P R F1 B@1 B@4 R-L

sn S 0.589 0.609 0.599 0.456 0.186 0.384
M 0.588 0.632 0.609 0.479 0.196 0.384

sw S 0.596 0.588 0.592 0.427 0.173 0.376
M 0.599 0.622 0.610 0.455 0.186 0.382

mn S 0.526 0.531 0.528 0.464 0.202 0.384
M 0.541 0.578 0.559 0.491 0.216 0.405

mw S 0.519 0.544 0.531 0.446 0.179 0.384
M 0.560 0.565 0.563 0.461 0.197 0.401

Table 5: Influence of mixed training across four settings. T.S.
represents the training strategy, M represents mixed training,
S represents training on the specific setting.

Case study
We present a qualitative example to illustrate LLM-RG4’s
flexibility of diverse inputs and investigate the impact of the
TLW module on the model’s capabilities, as shown in Fig-
ure 3. We select a challenging case involving a patient with

confirmed or suspected diagnoses of five different diseases.
In the context of multi-view X-ray inputs and longitudinal
data, the reports generated by LLM-RG4 accurately cover
all five diseases, demonstrating its clinical diagnostic accu-
racy. In the absence of the token-level loss weighting strat-
egy (TLW), the generated reports lack two diagnostic infor-
mation. Additionally, the comparative description appears
only when longitudinal data is included (sw, mw), indicat-
ing consistency between model inputs and outputs. For the
limitations of LLM-RG4, while it provides four types of di-
agnostic descriptions under scenarios such as sn, sw, and
mn, it does not mention the need to consider pneumonia. In
the mn scenario, it suspects the presence of a small pneu-
mothorax. Future work should further constrain LLM-RG4
to ensure the consistency across different input scenarios.
Such enhancement would be beneficial for clinical practice.

Conclusion

In this work, we introduce MIMIC-RG4, a novel paradigm
for radiology report generation that adapts to varying input
scenarios, aligning more closely with clinical report writ-
ing practices. We further propose ATF and TLW to enhance
the flexibility and accuracy of large language models in han-
dling diverse inputs, with a consistent emphasis on identi-
fying pathological findings across different settings. Experi-
ments conducted on two datasets illustrate the effectiveness
of our method, highlighting that MLLM can achieve more
compact information encoding for specific medical tasks.
Additionally, the emphasis on key semantic tokens at the
loss layer is crucial for enhancing clinical efficacy. We hope
these efforts will provide new insights into radiology report
generation and the application of large language models in
biomedical domains.
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jit, M.; Schwaighofer, A.; Pérez-Garcı́a, F.; Salvatelli, V.;
Srivastav, S.; Thieme, A.; et al. 2023. Maira-1: A spe-
cialised large multimodal model for radiology report gen-
eration. arXiv preprint arXiv:2311.13668.
Jaegle, A.; Gimeno, F.; Brock, A.; Vinyals, O.; Zisserman,
A.; and Carreira, J. 2021. Perceiver: General perception with
iterative attention. In International conference on machine
learning, 4651–4664. PMLR.
Jin, H.; Che, H.; Lin, Y.; and Chen, H. 2024. Promptmrg:
Diagnosis-driven prompts for medical report generation. In
Proceedings of the AAAI Conference on Artificial Intelli-
gence, volume 38, 2607–2615.
Johnson, A. E.; Pollard, T. J.; Berkowitz, S. J.; Greenbaum,
N. R.; Lungren, M. P.; Deng, C.-y.; Mark, R. G.; and Horng,
S. 2019. MIMIC-CXR, a de-identified publicly available
database of chest radiographs with free-text reports. Scien-
tific data, 6(1): 317.
Lee, H.; Kim, W.; Kim, J.-H.; Kim, T.; Kim, J.; Sunwoo,
L.; and Choi, E. 2023. Unified chest x-ray and radiology
report generation model with multi-view chest x-rays. arXiv
preprint arXiv:2302.12172, 3(7): 8.
Li, B.; Zhang, Y.; Chen, L.; Wang, J.; Pu, F.; Yang, J.; Li,
C.; and Liu, Z. 2023a. Mimic-it: Multi-modal in-context
instruction tuning. arXiv preprint arXiv:2306.05425.
Li, J.; Li, D.; Savarese, S.; and Hoi, S. 2023b. BLIP-2:
bootstrapping language-image pre-training with frozen im-
age encoders and large language models. In Proceedings
of the 40th International Conference on Machine Learning,
19730–19742.
Li, Y.; Liang, X.; Hu, Z.; and Xing, E. P. 2018. Hybrid
retrieval-generation reinforced agent for medical image re-
port generation. Advances in neural information processing
systems, 31.
Lin, C.-Y. 2004. Rouge: A package for automatic evaluation
of summaries. In Text summarization branches out, 74–81.
Liu, C.; Tian, Y.; Chen, W.; Song, Y.; and Zhang, Y. 2024a.
Bootstrapping Large Language Models for Radiology Re-
port Generation. In Proceedings of the AAAI Conference on
Artificial Intelligence, volume 38, 18635–18643.

8257



Liu, H.; Li, C.; Wu, Q.; and Lee, Y. J. 2024b. Visual in-
struction tuning. Advances in neural information processing
systems, 36.
Miura, Y.; Zhang, Y.; Tsai, E.; Langlotz, C.; and Jurafsky,
D. 2021. Improving Factual Completeness and Consistency
of Image-to-Text Radiology Report Generation. In Proceed-
ings of the 2021 Conference of the North American Chapter
of the Association for Computational Linguistics: Human
Language Technologies, 5288–5304.
Nguyen, D.; Chen, C.; He, H.; and Tan, C. 2023. Pragmatic
radiology report generation. In Machine Learning for Health
(ML4H), 385–402. PMLR.
Nicolson, A.; Dowling, J.; and Koopman, B. 2023a. Im-
proving chest X-ray report generation by leveraging warm
starting. Artificial intelligence in medicine, 144: 102633.
Nicolson, A.; Dowling, J.; and Koopman, B. 2023b. Longi-
tudinal Data and a Semantic Similarity Reward for Chest X-
Ray Report Generation. arXiv preprint arXiv:2307.09758.
Papineni, K.; Roukos, S.; Ward, T.; and Zhu, W.-J. 2002.
Bleu: a method for automatic evaluation of machine trans-
lation. In Proceedings of the 40th annual meeting of the
Association for Computational Linguistics, 311–318.
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