
Findings of the Association for Computational Linguistics: IJCNLP-AACL 2026, pages 1746–1762
November 6-10, 2026 ©2026 Association for Computational Linguistics

LOTUS: Language-Vision Optimal Transport for Unified Report Synthesis

Xuhui Li∗
Key Laboratory of System Software,

Institute of Software,
Chinese Academy of Sciences

Jiachen Liu∗

Northwestern Polytechnical University

∗Equal contribution Correspondence: lixuhui25@mails.ucas.ac.cn

Abstract

Automated radiology report generation can re-
duce reporting burden, but existing encoder-
decoder systems still rely on soft cross-
attention that offers no geometric guarantee
that generated tokens consume the correct vi-
sual evidence. We present LOTUS, an optimal-
transport framework that places alignment su-
pervision directly at the decoder evidence in-
terface. LOTUS introduces Cross-Attention
OT (CA-OT) to align decoder token states with
visual patches, and extends it with Prototype
OT (Proto-OT) for structure-level alignment
between visual and textual codebooks. Experi-
ments on IU X-Ray and ROCO, complemented
by a scalability study on MIMIC-CXR-RRG,
show that decoder-side OT improves macro-
level clinical-label agreement while maintain-
ing competitive language quality. In multi-seed
IU X-Ray evaluation, LOTUS-Deep improves
macro clinical F1 from 0.162 to 0.201 over the
CE baseline, and on ROCO it yields micro-
F1 gains on a thoracic-label proxy (0.395 to
0.600). We also provide a population-level risk-
gap bound that justifies expected OT regulariza-
tion as a principled cross-modal training signal.

1 Introduction

Automated radiology report generation can substan-
tially reduce reporting burden and improve clinical
workflow, but accurate grounding remains difficult.
Modern encoder-decoder systems often generate
fluent yet anatomically inconsistent findings be-
cause local next-token supervision does not explic-
itly penalize cross-modal grounding errors. We
propose LOTUS (Language-vision Optimal Trans-
port for Unified report Synthesis)1 to address this
problem with optimal-transport supervision at the
decoder evidence interface.

1Inspired by the lotus flower “rising unstained from the
mud,” our model aims to distill reliable clinical semantics
from noisy medical imagery.

Recent progress in Transformer-based report
generation (Chen et al., 2020; Wang et al., 2023a;
You et al., 2021) has improved cross-modal inter-
action through attention mechanisms and memory-
driven decoding, while prompt-based (Jin et al.,
2024) and foundation-model approaches (Liu et al.,
2024a,b) further improve fluency and clinical coher-
ence. Nevertheless, these models still rely on soft
cross-attention as the dominant alignment mecha-
nism. In practice, this leads to two recurring fail-
ure modes: attention can diffuse over multiple ir-
relevant regions, and the decoder can substitute
a clinically plausible but spatially incorrect term.
Because cross-entropy only supervises token iden-
tity, such grounding errors are weakly constrained
during training.

We argue that the right place to enforce cross-
modal geometry is not a generic encoder-side rep-
resentation space, but the decoder cross-attention
interface where each generated token actively con-
sumes visual evidence. This observation leads to
a transport view of generation: token states and
visual patches should be matched by a transport
plan whose marginals are induced by the decoder’s
own attention behavior.

To realize this idea, LOTUS introduces Cross-
Attention OT (CA-OT), which applies entropic
OT directly between decoder token states and
visual patches, and Prototype OT (Proto-OT),
which refines CA-OT with structure-level align-
ment between learnable visual and textual code-
books. The resulting DeepOT variant improves
local grounding and distributional consistency with-
out imposing heavy encoder-side regularization.

We evaluate LOTUS on IU X-Ray and ROCO
with both language metrics and CheXpert-style
clinical efficacy, and additionally on the larger
MIMIC-CXR-RRG benchmark for scalability. The
results show that decoder-side OT improves macro-
level clinical-label agreement on structured radiol-
ogy reports, while prototype refinement recovers
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part of the high-frequency recall sacrificed by CA-
OT alone. This yields a clearer picture of when OT
helps, when it creates trade-offs, and why hierar-
chical alignment is needed.

In summary, the main contributions of this work
are three-fold:

• Decoder-side OT alignment. We introduce CA-
OT at the decoder cross-attention interface, yield-
ing stronger cross-modal alignment and improv-
ing multi-seed mean IU X-Ray BLEU-4 from
0.138 to 0.148 over our CE baseline.

• Hierarchical DeepOT refinement. We extend
CA-OT with Proto-OT over learned codebooks,
improving multi-seed mean IU X-Ray macro
clinical F1 from 0.162 to 0.201 (+24%) and
ROCO thoracic-proxy micro-F1 from 0.395 to
0.600. A scalability study on MIMIC-CXR-RRG
confirms that the gains extend to a larger MIMIC-
style benchmark.

• Principled analysis and honest empirical char-
acterization. We show that expected CA-OT
upper-bounds a population-level cross-modal
risk gap, and we analyze the important trade-off
that CA-OT alone can reduce IU X-Ray micro-F1
on frequent findings.

2 Related works

2.1 Automated Radiology Report Generation

Automated radiology report generation has evolved
significantly from early CNN-RNN frameworks
to modern Transformer-based architectures. Foun-
dational works like R2Gen (Chen et al., 2020) pi-
oneered the use of memory-driven mechanisms
to enhance feature representation during decod-
ing. To refine cross-modal interactions, sub-
sequent studies explored hierarchical alignment
strategies (You et al., 2021) and multi-expert to-
ken architectures (Wang et al., 2023a), aiming to
better capture the correspondence between visual
regions and textual semantics. Further improve-
ments were made by optimizing visual feature con-
sistency through graph-guided approaches (Zhang
et al., 2024), which addressed the reliability of ex-
tracted image features. Recently, paradigm shifts
have emerged incorporating prompt learning (Jin
et al., 2024) and leveraging foundation models (Liu
et al., 2024a,b) to improve clinical coherence and
generalization.

More recently, large multimodal language mod-
els have been applied to radiology report gen-
eration. LLaVA-Rad (Zambrano Chaves et al.,
2025) demonstrated that a compact multimodal
LLM fine-tuned on clinical data can achieve strong
performance on chest X-ray report generation.
R2GenGPT (Wang et al., 2023b) integrates GPT-
style decoding with visual features for improved
report fluency. MedGemma (Sellergren et al., 2025)
extends Google’s Gemma architecture to the med-
ical domain with broad multimodal capabilities.
These foundation-model approaches operate in a
fundamentally different resource regime—relying
on billion-parameter pretrained LLMs and large-
scale clinical pretraining data—compared to our
compact, trainable encoder-decoder framework.
Our contribution instead targets the setting where
a lightweight model is trained directly on standard
report-generation benchmarks.

Nevertheless, beneath these architectural inno-
vations, the core alignment mechanism in encoder-
decoder models remains largely unchanged. The
prevailing reliance on similarity-based attention
weights limits the ability to enforce structured
matching constraints. Such probabilistic associ-
ations do not explicitly minimize the distance be-
tween feature distributions, suggesting a need for
more mathematically rigorous alignment formula-
tions.

2.2 Cross-Modal Alignment and Medical
Vision-Language Pre-training

Effective visual-textual alignment is central to
multi-modal medical AI. In the general domain,
recent surveys reveal how representational mis-
alignments manifest across object, attribute, and
relational levels (Shu et al., 2025), motivating
more principled alignment objectives. In the med-
ical domain, contrastive pre-training paradigms
have made significant strides: GLoRIA (Huang
et al., 2021) demonstrated that contrasting im-
age sub-regions with words yields label-efficient
medical representations; MedCLIP (Wang et al.,
2022) extended this to unpaired image-text learn-
ing; and BiomedCLIP (Zhang et al., 2023) scaled
contrastive pre-training to fifteen million biomedi-
cal pairs.

However, these VLP frameworks optimize for
representation quality rather than generation-time
structural correspondence. Concurrently, OT-
based methods have addressed distributional dis-
crepancy in domain adaptation (Zhu and Qi, 2023),
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Figure 1: Overview of the LOTUS framework. The system takes medical images as input and generates radiology
reports through a vision-language encoder-decoder architecture enhanced with Optimal Transport-based cross-modal
alignment.

yet remain confined to post-hoc feature alignment.
Our work is the first to integrate OT directly into
the sequence generation decoder, enforcing struc-
tured visual-textual transport at every generation
step.

2.3 Optimal Transport in Deep Learning

Optimal Transport (OT) has emerged as a powerful
mathematical tool for comparing probability dis-
tributions in machine learning. The seminal work
by Cuturi introduced the Sinkhorn algorithm, mak-
ing OT computationally feasible for deep learning
applications (Cuturi, 2013). In computer vision,
OT has been applied to domain adaptation (Courty
et al., 2017) and generative adversarial networks
(e.g., Wasserstein GAN) (Arjovsky et al., 2017).
In natural language processing, OT has been used
for document similarity and word embedding align-
ment (Kusner et al., 2015). Recently, there have
been attempts to apply OT to vision-language tasks,
such as image-text matching (Chen et al., 2023).
However, the application of OT to structured report
generation, particularly for refining embeddings
and guiding the Transformer architecture simulta-
neously, remains under-explored. Our work bridges
this gap by integrating OT directly into the genera-
tion pipeline to ensure robust semantic alignment.
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Figure 2: Detailed illustration of the two Optimal Trans-
port modules in LOTUS. Top: Cross-Attention OT (CA-
OT) aligns decoder tokens with visual regions at the
cross-attention interface. Bottom: Prototype OT (Proto-
OT) performs structure-level alignment between visual
and textual semantic codebooks.

3 The Proposed Framework

Our framework builds upon the memory-driven
R2Gen architecture (Chen et al., 2020) and intro-
duces two complementary OT-based components:
(1) Cross-Attention OT (CA-OT), which applies
transport supervision at the decoder token–region
interaction interface, and (2) DeepOT with Pro-
totype OT (Proto-OT), which further enforces
structure-level alignment between visual and tex-
tual semantic codebooks. Figure 1 and Figure 2
illustrates the overall framework.
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Symbol Meaning

V = {vi}Nv
i=1 Image patch features, with vi ∈ Rd

T = {tj}Nt
j=1 Decoder hidden states for valid report to-

kens, with tj ∈ Rd

y1:L Ground-truth report token sequence of
length L

a ∈ ∆Nv−1 Source marginal over image patches for
CA-OT

b ∈ ∆Nt−1 Target marginal over decoder token states
for CA-OT

C ∈ RNv×Nt Pairwise transport cost matrix between
patches and token states

P ∈ RNv×Nt
≥0 Transport plan for CA-OT

ε Entropic OT regularization coefficient
Pv,Pt Visual and textual prototype codebooks

in Proto-OT

Table 1: Core notation used in the proposed framework.

3.1 Problem Formulation and Notation

Given a dataset D = {(xi, yi,1:Li)}Ni=1 of images
and reports, the model predicts each token autore-
gressively as p(yt | y<t, xi). The image encoder
produces a set of patch features V = {vi}Nv

i=1 with
vi ∈ Rd, and the decoder produces hidden states
T = {tj}Nt

j=1 with tj ∈ Rd for the valid report
tokens. We reserve L for report length throughout
the paper and use y1:L for token sequences, avoid-
ing any overload between text tokens and decoder
states. LOTUS adds OT supervision to this stan-
dard encoder-decoder pipeline without introducing
a separate pretraining stage.

Table 1 summarizes the main symbols used
throughout Section 3.

3.2 Cross-Attention OT (CA-OT)

Motivation. Conventional OT-based report gen-
eration aligns visual and text features at a generic
representation level. This may over-regularize lan-
guage modeling, leading to template collapse. We
propose moving OT supervision to the decoder
cross-attention interface, where each generated to-
ken explicitly consumes visual evidence.
Cross-Attention-Induced Marginals. We con-
struct the source marginal a ∈ ∆Nv−1 and tar-
get marginal b ∈ ∆Nt−1 from decoder cross-
attention over H heads and the token-validity mask
mj ∈ {0, 1}:

ai =
ãi∑
i′ ãi′

,

ãi =
1

H

H∑

h=1

Nt∑

j=1

mjA
(h)
j,i , bj =

mj∑
j′ mj′

.

(1)

where A(h) ∈ RNt×Nv is the cross-attention map
at head h with

∑
iA

(h)
j,i = 1 (row-softmax). Intu-

itively, ai aggregates the cross-attention mass that
patch i receives from all valid (non-padded) de-
coder tokens; explicit normalization by

∑
i′ ãi′ en-

sures a ∈ ∆Nv−1. Symmetrically, bj is the uniform
distribution over valid tokens, giving b ∈ ∆Nt−1.
Local Transport. We define a pairwise cost ma-
trix C ∈ RNv×Nt where Cij = c(vi, tj). The
cost function c(·, ·) is chosen as either normalized
squared Euclidean distance or cosine dissimilarity.
The entropic regularized OT loss is formulated as:

Lca-local = min
P∈Π(a,b)

⟨P,C⟩ − εH(P), (2)

with H(P) = −∑
i,j Pij logPij and Π(a,b) =

{P ≥ 0 | P1 = a, P⊤1 = b}, following the
standard minimization convention of Cuturi (2013):
ε > 0 controls entropic smoothing (a larger ε yields
a higher-entropy, smoother transport plan), and
as ε → 0 this recovers the exact 1-Wasserstein
distance W1(µi, νi). We write the objective as
⟨P,C⟩ − εH(P) throughout; the equivalent form
⟨P,C⟩+ε

∑
i,j Pij(logPij−1) used by our imple-

mentation differs only by the additive constant −ε
and induces the same optimizer. We solve Eq. (2)
via Sinkhorn iterations (ε=0.1, 30 iters). We ablate
the choice of cost function c(·, ·) (squared ℓ2 vs.
cosine) in Appendix B.10.
Global Consistency. To ensure global semantic
alignment, we compute barycenters v̄ =

∑
i aivi

and t̄ =
∑

j bjtj . The total CA-OT objective is
a weighted sum of the local transport loss and the
global loss c(v̄, t̄):

LCA-OT = λloc
ca Lca-local + λglo

ca ∥v̄ − t̄∥22,
λloc

ca + λglo
ca = 1.

(3)

This placement enforces token-level grounding at
the decoder evidence interface while preserving
generation semantics.

3.3 Deep OT Refinement via Prototypes

Motivation. CA-OT improves local grounding
but aligns only sample-level token/patch sets. To
model higher-order semantic geometry, we intro-
duce prototype-level transport between visual and
textual latent distributions.
Learnable Prototypes. We maintain visual and
textual codebooks Pv = {pv

k}Kk=1 and Pt =
{pt

k}Kk=1, where pk ∈ Rd. Soft assignments are
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computed with temperature τp:

qvik =
exp(v⊤

i p
v
k/τp)∑

k′ exp(v
⊤
i p

v
k′/τp)

,

qtjk =
exp(t⊤j p

t
k/τp)∑

k′ exp(t
⊤
j p

t
k′/τp)

.

(4)

From assignments and masses (a,b), we con-
struct histogram distributions hv,ht ∈ ∆K−1:

hvk =

Nv∑

i=1

aiq
v
ik, htk =

Nt∑

j=1

bjq
t
jk. (5)

Since
∑

k q
v
ik = 1 (softmax) and

∑
i ai = 1, we

have
∑

k h
v
k = 1; similarly

∑
k h

t
k = 1. Hence

hv,ht ∈ ∆K−1 are valid probability vectors over
the K prototypes.
Prototype Transport. Defining prototype cost
Cp
kℓ = c(pv

k,p
t
ℓ), the entropic OT on the proto-

type space is Lp-local = minQ∈Π(hv ,ht)⟨Q,Cp⟩ −
εH(Q), where H(Q) = −∑

kℓQkℓ logQkℓ

(the same convention as Eq. (2)). We enforce
global alignment on prototype barycenters p̄v =∑

k h
v
kp

v
k and p̄t =

∑
k h

t
kp

t
k (distinguished from

the CA-OT barycenters v̄, t̄):

LProto-OT = λloc
po Lp-local + λglo

po ∥p̄v − p̄t∥22,
λloc

po + λglo
po = 1.

(6)

CA-OT handles instance-level token/patch align-
ment; Proto-OT enforces structure-level distribu-
tional alignment via codebook transport, constitut-
ing the DeepOT refinement. In our implementa-
tion Proto-OT is not a standalone replacement for
CA-OT: it reuses the decoder-side token states and
attention-derived masses from CA-OT, so we treat
it as a refinement layer built on top of the local
alignment mechanism.

3.4 Unified Training Objective
Language Modeling. For a report of length L with
tokens y1:L, the standard cross-entropy loss is:

LLM = −
L∑

t=1

log p(yt | y<t,V). (7)

Image-Text Contrastive Regularization. Using
normalized globals (v̄, t̄), we compute batch sim-
ilarity Sab = v̄⊤

a t̄b/τc. We apply symmetric In-
foNCE:

LITC =
1

2

(
CE(S,y) + CE(S⊤,y)

)
, (8)

where y denotes the diagonal matching targets
(ya = a).
Anti-Collapse Regularization. To prevent vo-
cabulary collapse, let pbt(w) be the token distri-
bution at sample b, step t. We define the batch-
average distribution p̄(w). Note that Lent =∑

w p̄(w) log p̄(w) = −H(p̄) is the negative en-
tropy of p̄; minimizing Lent is therefore equivalent
to maximizing H(p̄), which penalizes degenerate
peaky token distributions:

Lent =
∑

w

p̄(w) log p̄(w). (9)

Additionally, we apply batch repulsion on sentence
embeddings to encourage diversity:

Lrep =
1

B(B − 1)

∑

a̸=b

cos2(t̄a, t̄b). (10)

Final Training Objective. The unified loss com-
bines the above terms, including a diversity term
Ldiv = αentLent + αrepLrep:

L = wlmLLM + wcaLCA-OT + wpoLProto-OT

+ witcLITC + wdivLdiv.
(11)

To prevent OT branches from dominating early
training, we replace the nominal weights wca, wpo
with effective weights computed per step:

w̃ca = min

{
wca, ρca ·

sg(LLM)

LCA-OT + δ

}
, (12)

and analogously for w̃po, where sg(·) denotes stop-
gradient and δ=10−6 is a numerical stability term.
At each step w̃ca is recomputed using the current
loss magnitudes, ensuring the CA-OT branch never
contributes more than ρca times the LM loss. The
final objective replaces wca → w̃ca and wpo → w̃po
in Eq. (11). This yields stable one-stage training
while preserving clinically meaningful alignment.

3.5 Theoretical Justification
We provide a formal justification for incorporat-
ing OT regularization into the report generation
objective.

For a sample (xi, yi,1:Li), let µi and νi denote
the empirical distributions over visual patches and
decoder token states weighted by cross-attention
masses, with population-level marginals Pv =
E[µi] and Pt = E[νi].

Our key result is that minimizing the expected
instance-level OT loss directly upper-bounds the
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population-level cross-modal risk gap ∆R(θ) =
|Ez∼Pt [ℓ(fθ(z), y)] − Ez∼Pv [ℓ(fθ(z), y)]|. Under
standard Lipschitz assumptions:

∆R(θ) ≤ (K · L) ·W1(Pv, Pt)

≤ (K · L)
( 1

λloc
ca

E[LCA-OT]

+ ε log(NvNt)
)
.

(13)

This justifies CA-OT as a principled cross-modal
training signal. The complete derivation, including
the entropic approximation bound (Lemma 3.1),
instance-to-population bridge (Proposition 3.2),
and detailed proof of the main theorem, is provided
in Appendix B.

4 Experiments

In this section, we present our experimental setup,
datasets, evaluation metrics, implementation de-
tails, and results.

4.1 Datasets and Evaluation Metrics

Datasets. We evaluate on two complementary
datasets (statistics in Table 2): IU X-Ray (Demner-
Fushman et al., 2016) (7,470 chest X-ray images,
3,955 reports) emphasizes detailed multi-finding
clinical narratives with long-tail pathology cover-
age. ROCO (Pelka et al., 2018) (81,000+ images,
8 modalities) emphasizes concise multi-modal cap-
tioning with broad visual domain coverage.

This pairing tests both depth of clinical reason-
ing (IU X-Ray) and breadth of modality general-
ization (ROCO), revealing dataset-dependent OT
behavior analyzed in Section 5.1.

We evaluate report generation quality using stan-
dard natural language generation metrics:

• BLEU (Papineni et al., 2002): Bilingual Eval-
uation Understudy scores (BLEU-1 through
BLEU-4) measuring n-gram precision.

• ROUGE-L (Lin, 2004): Recall-Oriented Un-
derstudy for Gisting Evaluation, focusing on
longest common subsequence.

• CheXpert-style Clinical Efficacy (Irvin et al.,
2019): We map generated/reference reports to
14 thoracic finding labels with an automatic
labeler and report multilabel agreement us-
ing F1micro =

2
∑

ℓ TPℓ

2
∑

ℓ TPℓ+
∑

ℓ FPℓ+
∑

ℓ FNℓ
and

F1macro = 1
L

∑L
ℓ=1 F1ℓ, where L = 14.

4.2 Experimental Setup
We evaluate three core systems: (1) CE Base-
line (R2Gen): the original memory-driven R2Gen
trained with cross-entropy only; (2) LOTUS-Cross
(CA-OT): decoder-side Cross-Attention OT added
to the base generator; and (3) LOTUS-Deep (CA-
OT + Proto-OT): the hierarchical variant that aug-
ments CA-OT with prototype-level transport. Aux-
iliary terms such as diversity regularization and
ITC are analyzed through ablations rather than in-
troduced as separate headline systems.

Algorithm 1 summarizes the unified optimiza-
tion pipeline. In each training step, we ex-
tract visual patches and decoder states with cross-
attention-derived masses, then apply OT align-
ment at the decoder interface (CrossAttn-OT);
for OT-Deep, we add prototype-level transport.
The final objective combines language modeling
with OT and optional ITC/diversity regularization,
while ratio-capped weighting prevents auxiliary OT
branches from overwhelming the main generation
loss.

Algorithm 1: One-Step Training of
CrossAttn/DeepOT

Input: Batch (I, Y ), parameters θ
Output: Updated θ

1 Forward: Extract visual patches V, decoder states T ,
and masses (a,b) from cross-attention.;

2 OT Branches: Compute LCA-OT; if DeepOT,
compute LProto-OT.;

3 Auxiliary Losses: Compute LLM, LITC, and Ldiv.;
4 Ratio-Capped Weighting: Cap OT contributions

w.r.t. LLM using preset ratios.;
5 Optimize: Ltotal = LLM + w̃caLCA-OT +

w̃poLProto-OT + witcLITC + wdivLdiv.;
6 Update θ ← θ − η∇θLtotal.;

Main-table IU X-Ray results are reported as
multi-seed mean ± std; the CE baseline and
both LOTUS variants use matched random ini-
tializations, architecture, budget, and checkpoint-
selection protocol (best validation loss). ROCO
LOTUS-Deep results are reported as mean ± std
over completed runs; configurations with only one
run are labeled as such.

4.3 Implementation Details
The model is implemented in PyTorch on an
NVIDIA RTX A6000 GPU (48GB VRAM). Train-
ing requires 14–16 hours for ROCO and 4–6 hours
for IU X-Ray. We use a ResNet-101 backbone (Im-
ageNet pretrained) and R2Gen’s memory-driven
Transformer (3 layers, 8 heads, d = 512). Op-
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Dataset
IU X-Ray ROCO

Train Validation Test Train Validation Test
Image 5.23K 0.75K 1.50K 65.42K 8.18K 8.18K
Report 2.77K 0.40K 0.79K 65.45K 8.18K 8.18K
Patient 2.77K 0.40K 0.79K 65.45K 8.18K 8.18K
Average Length 37.56 36.78 33.62 20.91 20.71 21.14

Table 2: Details of two benchmark datasets used in this work.

timization uses Adam with lr_ve= 5 × 10−5,
lr_ed= 1 × 10−4, weight decay = 5 × 10−5,
and gradient clipping (norm=1.0). For OT, we
set ε = 0.1, Sinkhorn iterations = 30, proto-
type temperature τp = 0.8, and ITC temperature
τc = 0.07. For LOTUS-Cross we use wca = 0.05,
(λloc

ca , λ
glo
ca ) = (0.7, 0.3), and witc = 0.02. For

LOTUS-Deep we add wpo = 0.02, (λloc
po , λ

glo
po ) =

(0.7, 0.3), and wdiv = 0.01, with ratio-capped
terms (ρca = ρpo = 0.5).

Additional OT implementation details: Proto-OT
uses K=32 randomly initialized, independently
learned visual and textual prototypes; token states
are taken from the last decoder layer; the reported
results use squared ℓ2 cost (a cosine-cost sensitiv-
ity study is given in Appendix B.10); and all OT
quantities are computed in a d=256, ℓ2-normalized
projection space. Dataset preprocessing follows
R2Gen, and the training scripts and evaluation code
are released for reproducibility.

4.4 Comparison with State-of-the-Art
Methods

Table 3 compares LOTUS-Deep against published
encoder-decoder methods on IU X-Ray. LOTUS-
Deep achieves consistent improvements on all
NLG metrics and provides the only CheXpert-style
clinical efficacy evaluation among the compared
methods. Note that large-scale foundation mod-
els (e.g., LLaVA-Rad (Zambrano Chaves et al.,
2025), MedGemma (Sellergren et al., 2025)) oper-
ate in a fundamentally different resource regime—
relying on billion-parameter pretrained LLMs and
large-scale clinical pretraining data—and are there-
fore not directly comparable in terms of architec-
tural complexity and data requirements. We ac-
knowledge this as a limitation and include these
approaches in the related work discussion to clarify
the scope of our contribution.

Table 5 presents a component-wise ablation on
IU X-Ray. Ratio-capped weighting is the most
critical component: removing it (ρ = ∞) causes

a notable drop across all metrics, confirming that
unconstrained OT branches destabilize language
modeling. Proto-OT provides the largest gain be-
yond CA-OT, while diversity regularization offers
a smaller but consistent improvement. We do not
report an “only Proto-OT” system because Proto-
OT is implemented as a refinement on top of the
CA-OT-derived token/patch masses rather than as
an independent alignment branch. Controlled non-
OT baselines (CE + diversity only, CE + ITC only,
and a non-OT feature-alignment variant under the
same architecture, budget, and multi-seed evalua-
tion protocol) that isolate the effect of the transport
objective from auxiliary losses are reported in Ap-
pendix B.9.

Table 6 analyzes hyperparameter sensitivity. The
entropic regularization parameter ε shows moder-
ate sensitivity, with optimal performance at ε =
0.1. Sinkhorn iterations saturate around 30 iter-
ations. Most critically, the ratio cap ρ is highly
sensitive: removing it (ρ = ∞) causes BLEU-4
to drop from 0.192 to 0.176, confirming its impor-
tance for stable training.

4.5 Results and Analysis

LOTUS achieves consistent improvements over
baseline methods (Tables 3 and 4). On IU X-Ray,
in multi-seed evaluation, OT-Deep obtains the best
mean BLEU-4 (0.170 vs. 0.138 for CE), ROUGE-
L (0.371), and macro-level clinical score (F1-Ma:
0.201 vs. 0.162), indicating better balanced per-
formance across findings including less frequent
classes. The original submission’s BLEU-4 of
0.192 came from one run; the multi-seed mean is
0.170 ± 0.020, still a clear and consistent improve-
ment over the OT-Cross mean (0.148 ± 0.034). On
ROCO, OT-Cross is competitive on language met-
rics (ROUGE-L: 0.216) while OT-Deep yields the
strongest micro clinical scores (F1-Mi: 0.600 in
multi-seed evaluation). Because ROCO is a multi-
modality dataset and CheXpert covers only thoracic
findings, ROCO CheXpert-style F1 should be in-
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Method B-1 B-4 R-L F1-Ma F1-Mi

AlignTrans (You et al., 2021)† 0.484 0.172 0.379 — —
METransformer (Wang et al., 2023a)† 0.483 0.172 0.380 — —
PromptMRG (Jin et al., 2024)† 0.401 0.098 0.281 — —
R2GenGPT(Deep)(Wang et al., 2023b)† 0.488 0.173 0.377 — —

R2Gen (Chen et al., 2020)† 0.470 0.165 0.371 0.141 0.447
R2GenCMN (Chen et al., 2021)† 0.470 0.170 0.375 — —
LOTUS-Cross (ours, multi-seed mean) 0.481 0.148 0.365 0.180 0.345
LOTUS-Deep (ours, multi-seed mean) 0.507 0.170 0.371 0.201 0.405
LOTUS-Deep (ours, best run) 0.507 0.192 0.401 0.203 0.402

Table 3: Comparison with state-of-the-art encoder-decoder methods on IU X-Ray. †: numbers taken from published
papers. F1-Ma and F1-Mi are CheXpert-style clinical efficacy metrics (higher is better). Prior papers did not report
these metrics, so we only report them for our reproduced CE baseline and LOTUS variants. Our CE baseline nearly
matches the published R2Gen scores on BLEU-1/BLEU-4/ROUGE-L (0.470/0.166/0.371 vs. 0.470/0.165/0.371),
supporting it as a faithful reproduction for clinical-metric comparison. LOTUS summary rows report multi-seed
means; the bottom row shows the individual LOTUS-Deep run with the highest BLEU-4 for comparison with
single-run results, including the original submission’s BLEU-4 of 0.192. “—” indicates the metric was not reported
in the original paper.

Method B-4 ROUGE-L F1-Ma F1-Mi R-Ma R-Mi P-Ma

IU X-Ray (multi-seed mean ± std)
CE Baseline 0.138 ±0.005 0.343 ±0.061 0.162 ±0.040 0.339 ±0.062 0.175 ±0.043 0.338 ±0.063 0.196 ±0.049

OT-Cross 0.148 ±0.034 0.365 ±0.012 0.180 ±0.010 0.345 ±0.015 0.179 ±0.011 0.348 ±0.014 0.192 ±0.011

OT-Deep 0.170 ±0.020 0.371 ±0.027 0.201 ±0.004 0.405 ±0.005 0.194 ±0.007 0.404 ±0.011 0.221 ±0.009

ROCO
CE Baseline 0.022 0.213 0.099 0.395 0.138 0.390 0.114
OT-Cross 0.022 0.216 0.108 0.520 0.129 0.516 0.105
OT-Deep 0.032 ±0.000 0.238 ±0.002 0.121 ±0.006 0.600 ±0.001 0.142 ±0.007 0.599 ±0.001 0.107 ±0.012

Table 4: Main results on IU X-Ray and ROCO test sets. IU X-Ray results are multi-seed mean ± std; ROCO
OT-Deep results are mean ± std over completed runs, and remaining ROCO rows are single-run. Clinical metrics:
F1-Ma (macro), F1-Mi (micro), R-Ma/R-Mi (recall), P-Ma/P-Mi (precision).

Config B-4 R-L F1-Ma F1-Mi

LOTUS-Deep (full) 0.192 0.401 0.203 0.402
w/o ρ-capping 0.183 0.389 0.188 0.381
w/o diversity 0.191 0.399 0.201 0.405
w/o Proto-OT 0.179 0.376 0.184 0.352
CE Baseline 0.166 0.371 0.141 0.447

Table 5: Key ablations on IU X-Ray (single round).
Full model achieves best balance. Multi-seed controlled
ablations are in Appendix B.9.

terpreted as a thoracic-subset proxy rather than a
complete clinical metric; only 30.1% of ROCO test
captions receive at least one meaningful thoracic
label, so we additionally report a modality-agnostic
entity-overlap metric in Appendix B.8. On IU X-
Ray, LOTUS-Cross changes multi-seed F1-Mi only
slightly relative to CE (0.345 vs. 0.339), while

Parameter Range tested Best BLEU-4 range

ε (ot_epsilon) 0.01–0.5 0.1 0.183–0.192
Sinkhorn
iterations (Niter) 10–100 30 0.189–0.192
ρ (ratio cap) 0.2–∞ 0.5 0.176–0.192

Table 6: Hyperparameter sensitivity analysis on IU X-
Ray.

LOTUS-Deep reaches 0.405. A MIMIC-CXR-
RRG scalability study (Appendix B.11) further
shows that the generation-quality and clinical-F1
gains extend to a larger MIMIC-style benchmark.
Detailed qualitative examples, per-label analysis,
and t-SNE visualizations of learned prototypes are
provided in Appendix B.6.
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5 Discussion

5.1 Dataset-Dependent OT Behavior
Our experiments reveal dataset-dependent OT be-
havior. IU X-Ray contains longer, clinically struc-
tured reports (average 37.56 tokens) with complex
multi-finding narratives, benefiting from DeepOT’s
hierarchical alignment. ROCO contains shorter
caption-style texts (average 20.91 tokens) across
eight modalities, where simpler CA-OT suffices.
The per-label analysis (Fig. 5, Appendix B.5)
shows IU X-Ray has more balanced support across
findings, while ROCO exhibits extreme class imbal-
ance where micro-metric gains on frequent labels
dominate.

This suggests a practical design heuristic:
DeepOT is better suited to structured clinical report
generation where semantic consistency across mul-
tiple findings matters, whereas CA-OT is a lighter
choice for shorter multi-modal captioning settings
where broad generalization is prioritized.

5.2 Clinical Efficacy Evidence
Beyond text-overlap improvements, our model
shows favorable clinical-label agreement. On IU
X-Ray, the multi-seed F1-Ma improvement (0.162
→ 0.201, +24%) indicates substantially better iden-
tification of less-frequent but clinically important
findings (e.g., pleural effusion, pneumothorax). On
ROCO, we observe substantial gains in thoracic-
proxy F1-Mi (0.395 → 0.600), suggesting more
accurate prediction on frequent labels; because
only 30.1% of ROCO test captions receive mean-
ingful thoracic labels, we complement this with
a modality-agnostic entity-overlap analysis (Ap-
pendix B.8), where the OT variants also improve
over the CE baseline (0.320 → 0.372). However,
smaller macro-level gains on ROCO indicate that
rare classes remain a bottleneck, motivating future
work on rare-finding sensitivity. We emphasize that
clinical-label agreement and reduced attention dif-
fuseness (Appendix B.12) do not by themselves es-
tablish radiologist-validated token–region ground-
ing, which we leave to future work.

6 Conclusion

We presented LOTUS, an OT-based framework
for radiology report generation that places trans-
port supervision at the decoder evidence interface
via Cross-Attention OT (CA-OT), strengthened
by Prototype OT (Proto-OT) in the DeepOT vari-
ant. Experiments on IU X-Ray and ROCO, with

a scalability study on MIMIC-CXR-RRG, demon-
strate improved macro-level clinical-label agree-
ment with strong language quality, particularly
on structured report generation tasks. The gains
are metric- and dataset-dependent: DeepOT priori-
tizes cross-finding consistency for clinical reports,
whereas CA-OT favors lightweight generalization
for shorter captions, and we explicitly document
the lexical–clinical and macro–micro trade-offs be-
tween them. Future work will focus on efficient OT
approximation, adaptive weighting mechanisms,
localization-level grounding evaluation with radiol-
ogist review, and validation on the full credentialed
MIMIC-CXR benchmark.

7 Limitations

Our approach has several limitations. First, com-
putational overhead from Sinkhorn iterations in-
creases training time compared to standard atten-
tion mechanisms, and the model is sensitive to OT
hyperparameters which can lead to training insta-
bility without careful tuning. The ratio cap mech-
anism helps prevent collapse but introduces addi-
tional complexity. Second, our current evaluation
focuses on NLG metrics and multi-label classifica-
tion F1 scores; we do not report binary classifica-
tion accuracy for individual findings, which would
be important for clinical deployment. Third, while
we add a scalability study on MIMIC-CXR-RRG
(Appendix B.11), evaluation on the full creden-
tialed MIMIC-CXR benchmark—which requires a
lengthy access-approval process—remains future
work. Fourth, our claims concern clinical-label
agreement and cross-modal alignment: we do not
perform localization-level grounding evaluation
(e.g., pointing-game or IoU against annotated re-
gions) or radiologist review of generated reports,
so improved clinical-label F1 and reduced atten-
tion diffuseness should not be read as validated vi-
sual grounding. Fifth, our comparisons are scoped
to lightweight, trainable encoder-decoder models;
foundation-model report generators operate in a
different resource regime and are not directly com-
parable. Finally, the ROCO clinical evaluation uses
CheXpert thoracic labels as a subset proxy (only
30.1% of test captions receive meaningful labels),
which we complement with entity-overlap metrics
but which remains an imperfect clinical measure.

Several directions remain for future work.
We plan to validate on the full MIMIC-CXR
benchmark, binary classification metrics, and
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localization-level grounding evaluation with radiol-
ogist review. The current model-only optimization
could benefit from incorporating retrieval mecha-
nisms or knowledge bases to provide external clini-
cal context. Additionally, the effectiveness of OT-
based supervision on smaller pretrained models
(rather than large vision-language backbones) re-
mains unexplored—this could make the approach
more accessible for resource-constrained settings.
Finally, efficient OT approximation methods could
reduce computational overhead for real-time clini-
cal applications.

Ethics Statement

LOTUS is a research prototype intended as a report-
drafting aid only. Generated reports must be re-
viewed and edited by qualified clinicians before any
use; the system should not be used for autonomous
diagnosis, triage, or clinical decision-making. Sev-
eral concrete failure modes matter for deployment.
Hallucinated findings: fluent but incorrect gener-
ated findings could trigger unnecessary follow-up
imaging or patient anxiety. Missed abnormalities:
errors of omission could delay care, and aggre-
gate F1 improvements do not preclude per-finding
misses. Over-trust: fluent language may encour-
age clinicians to accept drafts even when clinically
wrong. Bias and generalization: training data
reflects the demographic, scanner, and site distribu-
tion of retrospective benchmarks; performance may
degrade under distribution shift (different scanners,
protocols, or populations), and subgroup perfor-
mance should be audited before deployment. Any
clinical use would require prospective multi-site
validation, subgroup auditing, and post-deployment
monitoring. The datasets used (IU X-Ray, ROCO,
MIMIC-CXR-RRG) are publicly available research
datasets; no patient-identifying information is pre-
sented.
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Appendix

A Qualitative Comparison Examples

This appendix provides detailed qualitative comparison of report generation results on ROCO and IU
X-Ray datasets.

GT: left coronary angiography showing a rich network of collateral vessels between obtuse marginal branch and the left anterior
descending artery.
CE: right coronary angiography showing no collateral vessels. the right circumflex artery is occluded with left anterior
descending artery.
CA-OT: left coronary angiography showing the rich network of collateral vessels between obtuse marginal branch and the right
coronary artery.
DeepOT: left coronary angiography showing a rich network of collateral vessels between obtuse marginal branch and the left
anterior descending artery.

Figure 3: ROCO qualitative example (ID: 76255): image, attention map, and reports. Blue marks correct content;
red marks incorrect content.

GT: cardiac and mediastinal contours are within normal limits. the lungs are clear. bony structures are intact.
CE: the cardiomediastinal silhouette and pulmonary vasculature are within normal limits in size. the lungs are clear of focal
airspace disease. there are no acute bony findings.
CA-OT: cardiac and mediastinal contours are within normal limits. the lungs are clear. skeletal structures are intact.
DeepOT: cardiac and mediastinal contours are within normal limits. the lungs are clear. bony structures are intact.

Figure 4: IU X-Ray qualitative example (ID: CXR2785_IM-1220): image, attention map, and reports. Color
meaning follows Fig. 3.
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B Theoretical Proofs

B.1 Proof of Lemma 3.1 (Entropic Approximation Bound)
Write the entropic objective as Jε(P ) = ⟨P,C⟩ − εH(P ), where H(P ) = −∑

i,j Pij logPij , and let

P ⋆ = arg min
P∈Π(µ,ν)

⟨P,C⟩, P ⋆
ε = arg min

P∈Π(µ,ν)
Jε(P )

denote the exact and entropic optimal plans. Then W1(µ, ν) = ⟨P ⋆, C⟩ and W1,ε(µ, ν) = Jε(P
⋆
ε ).

Lower bound. For any feasible coupling P ∈ Π(µ, ν), the entropy on an Nv × Nt grid satisfies
0 ≤ H(P ) ≤ log(NvNt). Therefore

Jε(P ) = ⟨P,C⟩ − εH(P ) ≥ ⟨P,C⟩ − ε log(NvNt) ≥ W1(µ, ν)− ε log(NvNt).

Taking the minimum over P yields

W1,ε(µ, ν) ≥ W1(µ, ν)− ε log(NvNt).

Upper bound. Evaluating the entropic objective at the exact optimal plan P ⋆ gives

W1,ε(µ, ν) = Jε(P
⋆
ε ) ≤ Jε(P

⋆) = ⟨P ⋆, C⟩ − εH(P ⋆) ≤ ⟨P ⋆, C⟩ = W1(µ, ν),

since H(P ⋆) ≥ 0.
Combining the two inequalities proves

W1(µ, ν)− ε log(NvNt) ≤ W1,ε(µ, ν) ≤ W1(µ, ν).

□

B.2 Proof of Proposition 1
Proposition 1. Let W1(µ, ν) denote the 1-Wasserstein distance. Then:

W1(Pv, Pt) ≤ E(xi,yi,1:Li
)∼D

[
W1(µi, νi)

]
. (14)

Proof. Since all µi and νi are supported on the common ground space (Rd, c), each optimal coupling
γi ∈ Π(µi, νi) is a measure on the same product space Rd × Rd. Define γ̄ = Ei∼D[γi]. For any
measurable set A ⊆ Rd, we have γ̄(A×Rd) = Ei[γi(A×Rd)] = Ei[µi(A)] = Pv(A), and symmetrically
γ̄(Rd ×A) = Pt(A), so γ̄ ∈ Π(Pv, Pt). Therefore:

W1(Pv, Pt) ≤
∫

c dγ̄ = Ei

[∫
c dγi

]
= Ei[W1(µi, νi)]. (15)

□

B.3 Proof of Theorem 1
Theorem 1. Let fθ be K-Lipschitz (gradient clipping) and ℓ be L-Lipschitz. Define ∆R(θ) =
|Ez∼Pt [ℓ(fθ(z), y)]− Ez∼Pv [ℓ(fθ(z), y)]|. Then:

∆R(θ) ≤ (K · L) ·W1(Pv, Pt)

≤ (K · L)
(

1

λloc
ca

E[LCA-OT] + ε log(NvNt)

)
.

(16)

Proof. Define h = ℓ ◦ fθ, which is (K · L)-Lipschitz. By Kantorovich–Rubinstein duality:

|Ez∼Pt [h(z)]− Ez∼Pv [h(z)]| ≤ (K · L) ·W1(Pv, Pt), (17)
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where the dual form gives:

W1(Pv, Pt) = sup
∥h∥Lip≤1

(
Ez∼Pt [h(z)]− Ez∼Pv [h(z)]

)
. (18)

Substituting h = ℓ ◦ fθ with ∥h∥Lip ≤ K · L:

∆R(θ) ≤ (K · L) ·W1(Pv, Pt). (19)

Applying the instance-to-population bound (Proposition 3.2) yields

∆R(θ) ≤ (K · L) · E[W1(µi, νi)]. (20)

By Lemma 3.1, W1(µi, νi) ≤ W1,ε(µi, νi)+ ε log(NvNt). Eq. (2) uses the equivalent (logPij − 1) form,
which differs from W1,ε only by the additive constant −ε, so it induces the same optimizer and the same
bound up to a harmless constant shift. Since LCA-OT ≥ λloc

ca Lca-local, we obtain

W1(µi, νi) ≤
1

λloc
ca

LCA-OT + ε log(NvNt). (21)

Taking expectation and substituting gives the stated theorem. □

B.4 Implications for Proto-OT
The Proposition-1 argument applies verbatim at the prototype level. Let µ̃i and ν̃i denote prototype
histogram distributions. Then:

W1(P̃v, P̃t) ≤ E[W1(µ̃i, ν̃i)]. (22)

where P̃v = E[µ̃i] and P̃t = E[ν̃i] are population-level prototype marginals. With the same entropic
argument as above, W1(µ̃i, ν̃i) ≤ Lp-local+ε log(K2), so Proto-OT bounds the structure-level discrepancy
between visual and textual codebooks. It complements, rather than replaces, the token-level risk-gap
bound of Theorem 1.
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B.5 Per-Label Clinical Efficacy Analysis

To better understand the dataset-dependent perfor-
mance differences, we analyze per-label F1, re-
call, and support distributions for DeepOT on both
datasets. Figure 5 shows that IU X-Ray exhibits
more balanced support across findings, with rela-
tively even distribution across both frequent and
rare classes. This explains why OT-Deep improves
multi-seed macro-F1 (0.162 → 0.201) on IU X-
Ray, as the model can leverage hierarchical align-
ment to improve performance on less frequent but
clinically important findings.

In contrast, ROCO shows extreme class imbal-
ance where a small number of high-frequency la-
bels dominate the dataset. This explains why OT-
Cross (simpler alignment) suffices for language
metrics, while OT-Deep’s gains are concentrated
in micro-F1 (0.395 → 0.600) on frequent patterns.
The per-label analysis reveals that rare classes re-
main a bottleneck on ROCO, motivating future
work on rare-finding sensitivity and reweighted op-
timization.

B.6 Detailed Results Analysis

This appendix provides additional analysis of the
main experimental results, including detailed trade-
off analysis, t-SNE visualization of learned pro-
totypes, and discussion of dataset-dependent OT
behavior.

B.6.1 When does CA-OT help and hurt?
In the multi-seed IU X-Ray results in Table 4,
LOTUS-Cross changes F1-Mi only slightly rela-
tive to CE (0.345 vs. 0.339), whereas LOTUS-Deep
reaches 0.405. This supports a larger gain for the
combined CA-OT and Proto-OT system on this
metric; the aggregate scores alone do not establish
the mechanism behind the difference.

B.6.2 t-SNE Visualization of Learned
Prototypes

Figure 6 shows t-SNE visualization of prototype
codebooks, demonstrating that learned visual and
textual prototypes cluster into semantically coher-
ent groups (e.g., lung findings, cardiac findings,
normal anatomy). This directly validates that Proto-
OT learns meaningful structure-level alignment.

B.7 Training Stability Analysis

While a formal convergence guarantee for non-
convex Transformer optimization is beyond the
scope of this work, we make two observations that

explain the empirical stability benefit of OT regu-
larization.

First, the entropic OT loss LCA-OT is differen-
tiable w.r.t. θ under ε > 0, because the Sinkhorn
solution P⋆ is a differentiable function of the
input embeddings (Cuturi, 2013). Its gradients
are locally Lipschitz, with constants that scale as
O(1/ε) together with the smoothness of the cost
network. This smoothness distinguishes OT from
hard-assignment losses that produce sparse, discon-
tinuous gradients.

Second, unlike KL divergence, the Wasserstein
distance W1 yields finite, well-behaved gradients
even when the visual distribution µi and token dis-
tribution νi have non-overlapping support—a com-
mon situation in early training when embeddings
are not yet aligned. This property, combined with
the ratio-capped weighting (Eq. 12), explains the
stable loss curves observed empirically in our abla-
tion study (Table 5).

B.8 ROCO Thoracic-Proxy and
Entity-Overlap Evaluation

ROCO is a multi-modality dataset, and the CheX-
pert labeler covers only 14 thoracic findings de-
signed for chest X-rays. Among the 5,000 ROCO
test captions, only 1,507 (30.1%) receive at least
one meaningful thoracic label. ROCO CheXpert-
style F1 is therefore reported as a thoracic-subset
proxy. To provide a modality-agnostic complemen-
tary metric, we extract medical entities (modality,
anatomy, findings, and descriptors) from gener-
ated and reference captions and compute an entity-
overlap F1.

Model CheXpert F1-Mi Entity-overlap F1

CE baseline 0.395 0.320
LOTUS-Cross 0.520 0.366
LOTUS-Deep 0.600 0.372

Table 7: ROCO thoracic-proxy CheXpert F1-Mi and
modality-agnostic entity-overlap F1.

Both OT variants improve over the CE baseline
under the entity-overlap metric, supporting the con-
clusion that the ROCO gains are not an artifact
of the thoracic label subset. However, we keep
ROCO ablation behavior out of the central attri-
bution claims (Section B.9) because it is dataset-
dependent; the clean attribution evidence comes
from IU X-Ray.
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Figure 5: Per-label comparison of DeepOT on IU X-Ray and ROCO: F1, Recall, and Support.
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Figure 6: t-SNE visualization of Cross-Attention embeddings showing semantic clustering.

B.9 Controlled Non-OT Ablation

To separate the effect of OT from auxiliary objec-
tives, we add controlled ablations under the same
architecture, budget, and multi-seed evaluation pro-
tocol (mean ± std). Auxiliary-only variants and
non-OT feature alignment remain below LOTUS-
Deep on macro clinical F1, supporting attribution
of the clinical macro-F1 gain to the transport objec-
tive rather than to ITC, diversity regularization, or
generic feature alignment.

B.10 OT Cost-Function Sensitivity

We compared cosine distance and squared ℓ2 costs
in multi-seed IU X-Ray evaluation (macro clini-
cal F1-Ma). The two costs are comparable, with
squared ℓ2 slightly higher in mean; we therefore
retain squared ℓ2 as the reported setting.

B.11 MIMIC-CXR-RRG Scalability Study

To assess external validity at larger scale with-
out the lengthy credentialed-access process of
full MIMIC-CXR, we use the public MIMIC-
CXR-RRG split, which maintains patient-level
train/validation/test separation. CE, Cross-OT, and
Deep-OT are trained from scratch for 30 epochs
under the same setup; Deep-OT is evaluated across
multiple runs. We also compare against the avail-
able IAMJB baseline and Qwen-2.5-VL-7B on this
benchmark.

Deep-OT achieves the best generation quality on
MIMIC-CXR-RRG (BLEU-1, BLEU-4, ROUGE-
L) and improves clinical F1 over CE and the ex-
ternal baselines. We present this as additional evi-
dence on a larger MIMIC-style benchmark, while
keeping the full credentialed MIMIC-CXR evalua-
tion as future work.
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System F1-Ma F1-Mi BLEU-4 ROUGE-L

CE + diversity only 0.168 ± 0.012 0.390 ± 0.039 0.142 ± 0.015 0.346 ± 0.006
non-OT feature alignment 0.171 ± 0.015 0.370 ± 0.021 0.140 ± 0.006 0.346 ± 0.004
CE + ITC only 0.177 ± 0.003 0.351 ± 0.015 0.122 ± 0.001 0.338 ± 0.002
LOTUS-Deep 0.195 ± 0.010 0.400 ± 0.012 0.142 ± 0.009 0.346 ± 0.009

Table 8: Controlled IU X-Ray ablation (multi-seed mean ± std). Clinical and language metrics are shown for the
same systems.

Cost F1-Ma (multi-seed mean ± std)

cosine 0.193 ±0.005
squared-ℓ2 0.195 ±0.010

Table 9: OT cost-function sensitivity on IU X-Ray (F1-Ma).

Model B-1 B-4 R-L

IAMJB baseline 0.323 0.078 0.244
Qwen-2.5-VL-7B 0.341 0.115 0.277
CE 0.321 0.107 0.266
Cross-OT 0.344 0.121 0.268
Deep-OT (Ours) 0.351 ± 0.002 0.134 ± 0.002 0.279 ± 0.001

Model F1-Ma F1-Mi R-Ma R-Mi P-Ma P-Mi

IAMJB baseline 0.273 0.424 0.258 0.371 0.320 0.495
Qwen-2.5-VL-7B 0.180 0.315 0.292 0.388 0.330 0.447
CE 0.282 0.369 0.276 0.342 0.292 0.330
Cross-OT 0.344 0.412 0.347 0.356 0.342 0.489

Deep-OT (Ours)
0.363
± 0.004

0.428
± 0.012

0.361
± 0.001

0.376
± 0.005

0.366
± 0.013

0.496
± 0.005

Table 10: MIMIC-CXR-RRG scalability results. Deep-OT is reported as multi-seed mean ± std. The panels show
language, F1, recall, and precision metrics for the same systems.

B.12 Attention-Concentration Analysis
To probe whether OT changes decoder-to-patch
attention behavior, we compare the CE baseline
(OT removed) and LOTUS-Deep under the same
architecture and random initialization. We mea-
sure the number of effective patches (inverse par-
ticipation ratio of attention mass) and the normal-
ized entropy of decoder-to-patch attention. Remov-
ing OT spreads attention over 77.6/98 effective
patches with normalized entropy 0.95, whereas
LOTUS-Deep concentrates attention to 43.7/98
patches with entropy 0.82 and higher peak atten-
tion. We interpret this conservatively: OT re-
duces attention diffuseness, but this does not con-
stitute radiologist-validated token–region localiza-
tion; pointing-game/IoU evaluation against anno-
tated regions and expert review remain future work.

B.13 Prototype-Codebook Utilization
Proto-OT depends on the quality of the learned
codebooks, so we check for codebook collapse.
Across training, all 32/32 visual and all 32/32 tex-
tual prototypes remain active, with normalized us-
age entropy of 0.98 and 0.99, respectively, indicat-
ing no collapse and near-uniform mode coverage.
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