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Abstract. Chest X-ray report generation (CXR-RG) has the potential
to substantially alleviate radiologists’ workload. However, conventional
autoregressive vision–language models (VLMs) suffer from high infer-
ence latency due to sequential token decoding. Diffusion-based models
offer a promising alternative through parallel generation, but they still
require multiple denoising iterations. Compressing multi-step denoising
to a single step could further reduce latency, but often degrades tex-
tual coherence due to the mean-field bias introduced by token-factorized
denoisers. To address this challenge, we propose ECHO, an efficient
diffusion-based VLM (dVLM) for chest X-ray report generation. ECHO
enables stable one-step-per-block inference via a novel Direct Conditional
Distillation (DCD) framework, which mitigates the mean-field limitation
by constructing unfactorized supervision from on-policy diffusion trajec-
tories to encode joint token dependencies. In addition, we introduce a
Response-Asymmetric Diffusion (RAD) training strategy that further
improves training efficiency while maintaining model effectiveness. Ex-
tensive experiments demonstrate that ECHO surpasses state-of-the-art
autoregressive methods, improving RaTE and SemScore by 64.33% and
60.58%, respectively, while achieving up to an 8× inference speedup
with negligible degradation in clinical accuracy. Code, data, and models
are publicly available at https://echo-midea-airc.github.io/.

Keywords: Chest X-ray Report Generation · One-step Block Diffusion
· Direct Conditional Distillation

1 Introduction

In recent years, Vision-Language Models (VLMs) [3, 21, 26, 28, 33, 44, 48], where
visual features are aligned with language instructions to enable complex cross-
modal understanding, have demonstrated significant progress in many fields,
notably medical image analysis [6, 23, 27, 36, 39, 41, 46, 54, 60]. Within this field,
automated chest X-ray report generation (CXR-RG) [7, 25, 37, 45, 50, 55] has
emerged as a critical application. As one of the most common clinical imaging
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Fig. 1: Motivation and performance of ECHO. (a) Decoding all tokens simulta-
neously in one step produces incoherent outputs, as standard diffusion models predict
each position independently. Our Direct Conditional Distillation (DCD) distills from a
non-factorized target, yielding coherent one-step-per-block outputs. (b) Compared to
both autoregressive and diffusion-based baselines, ECHO achieves a favorable trade-off
between generation quality (SemScore) and decoding throughput (tokens per forward
pass). Here, SDAR* denotes SDAR [9] implemented under the multimodal large lan-
guage model setting.

exams, CXR’s high volume places a heavy diagnostic burden on radiologists, cre-
ating strong demand for high-throughput automated reporting systems to ease
workloads. Despite the promising performance achieved, canonical autoregres-
sive (AR) VLMs often suffer from high inference latency due to their sequential
decoding mechanism, which becomes a primary bottleneck for producing reports
rapidly and at scale. Fortunately, thanks to parallel decoding capabilities, emerg-
ing diffusion-based Vision Language Models (dVLMs) [9,30,58,59] offer a highly
promising route toward achieving fast report generation.

Despite the promise of parallel decoding, dVLMs in practice necessitate
multiple denoising steps to ensure output coherence. This requirement stems
from the mean-field approximation underlying their token-factorized denoisers,
which introduces a structural bias that scales monotonically with the noise ra-
tio. Although compressing decoding into a single step theoretically maximizes
throughput, it compels the model to predict all tokens simultaneously from a
fully masked input, precisely the scenario where mean-field bias is most acute.
As illustrated in Fig. 1, the resulting inter-token incoherence leads to substan-
tial quality degradation, prompting the critical question: Can we achieve the
upper bound of decoding speed without compromising output fidelity?

To address this challenge, distillation emerges as a natural solution, seek-
ing to transfer the quality of multi-step decoding into a student model that
operates in fewer passes. Specifically, several dLLMs [8, 12, 31, 38, 61] imple-
ment this via self-distillation, which aligns token-wise predictions with teacher’s
ones from less corrupted states. However, these teacher targets remain factorized
across positions, ignoring dependencies between concurrently predicted tokens.
For few-step inference, this factorization remains tolerable, as progressive un-



ECHO: Efficient CXR Report Generation with One-step Block Diffusion 3

masking provides the inter-token context that token-independent targets fail to
capture. In contrast, one-step decoding lacks such a corrective mechanism, allow-
ing the full mean-field bias to resurface unchecked. Therefore, enabling reliable
one-step decoding requires a fundamentally different training objective, one that
is unfactorized and directly encodes the joint dependencies among tokens pre-
dicted in parallel. To achieve this goal, we propose a new Direct Conditional
Distillation (DCD), which constructs supervision from the teacher’s on-policy
remasking trajectory by conditioning each target on committed high-confidence
context. The constructed supervision can encode inter-token dependencies into
the training signal and enable stable one-step-per-block parallel inference.

Building upon DCD, we present ECHO (Efficient Chest X-ray Report Gen-
eration with One-step Block Diffusion), a new foundational dVLM for CXR
report generation that achieves both clinical accuracy and one-step inference ef-
ficiency. More concretely, we first train an enhanced AR-based CXR-RG VLM
using curated data enriched with finding-level content and symptom descriptions.
Based on this, we propose Response-Asymmetric Diffusion (RAD) adaptation
to efficiently convert the AR model into a block diffusion decoding paradigm.
Subsequently, we apply DCD to distill this multi-step model into a one-step
counterpart.

Notably, compared with state-of-the-art autoregressive methods, ECHO im-
proves RaTE and SemScore by 64.33% and 60.58%, respectively, while achieving
up to an 8× theoretical speedup (5.1× in practice). Our main contributions are
summarized below:

– We present ECHO, a novel dVLM for CXR report generation that delivers
strong clinical accuracy through one-step-per-block parallel decoding, out-
performing both autoregressive and diffusion-based models by a large margin
across standard benchmarks.

– We propose a novel Direct Conditional Distillation (DCD), to the best
of our knowledge the first one-step distillation framework for discrete diffu-
sion language models, achieving up to a 390% inference speedup with only
marginal quality degradation.

– We design Response-Asymmetric Diffusion (RAD) adaptation, which
further reduces theoretical training FLOPs by 72.3%, translating to a 3.61×
speedup in training efficiency.

2 Related Works

2.1 Multimodal Medical Foundation Models

Large-scale vision-language models (VLMs) [3, 21, 26, 28, 33, 44, 48] have estab-
lished strong multimodal understanding by aligning visual representations with
language instructions, achieving remarkable performance across diverse visual
reasoning tasks. Motivated by this progress, researchers have adapted VLMs to
the medical domain [6, 14, 15, 23, 27, 36, 39, 41, 46, 54, 60, 64–66], where precise
alignment between clinical images and textual descriptions is essential. Within



4 Lifeng Chen et al.

medical imaging, automated CXR report generation has emerged as a central
task [7,25,37,45,50,55], where existing methods predominantly follow an autore-
gressive paradigm and achieve strong clinical accuracy but at the cost of sequen-
tial decoding throughput, motivating the need for faster generation paradigms.

2.2 Diffusion Language Model

Discrete diffusion language models (dLLMs) represent one such paradigm, en-
abling parallel token prediction in place of sequential decoding. Specifically,
dLLMs [2,4,35,42,56] define a forward process that progressively masks tokens
and a learned reverse process that recovers them over a discrete token vocabu-
lary. Building on this foundation, dVLMs [9, 30, 58, 59] extend the framework
to vision-language tasks through a two-stage process of visual encoder align-
ment followed by instruction fine-tuning, enabling image-conditioned parallel
generation. Block diffusion [1, 16, 19] further refines these models by adopting
a semi-autoregressive decoding scheme that generates outputs block by block in
causal order, naturally supporting variable-length sequence generation. A fur-
ther line of work reduces this cost by adapting pretrained autoregressive models
into block diffusion models [4,5,9,17,51], offering a practical and scalable alter-
native. Collectively, these advances have improved both the training scalability
and inference throughput of dLLMs and dVLMs.

2.3 Acceleration of dLLMs

As dLLMs and dVLMs continue to mature, further accelerating their inference
has attracted growing research attention. This has been pursued from two com-
plementary directions: inference-time optimization techniques [10,20,29,34,49,
52] that reduce per-step or per-token computation overhead, and training-time
distillation [8,12,31,38,61] that compresses the multi-step denoising process into
fewer steps. Along the distillation direction, methods such as SDTT [12] and
dParallel [8] progressively align predictions at higher noise levels with those
at lower ones, using either cross-entropy loss on self-generated trajectories or
KL divergence between predicted distributions. Most recently, T3D [61] takes a
distinct angle, employing a DPO-style optimization objective to directly penal-
ize mean-field bias during training rather than matching noise-level predictions.
Despite these advances, all existing methods retain token-factorized prediction
targets and therefore still require multiple denoising steps to produce coherent
outputs, leaving dLLM and dVLM throughput far below its theoretical upper
bound. ECHO addresses this gap with Direct Conditional Distillation (DCD), a
distillation framework for dLLMs and dVLMs that supports one-step denoising,
applied here to block diffusion.

3 Preliminaries

To motivate our approach, we formalize the dLLM framework and analyze how
its token-factorized parameterization gives rise to the parallelism bottleneck
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identified in Section 1. Let V denote the vocabulary and L the sequence length.
A token sequence is x0 = (x0,1, . . . , x0,L) ∈ VL. Discrete diffusion language mod-
els (dLLMs) [40, 42, 56] define a forward process q(x1:T | x0) that progressively
masks tokens, and a reverse process pθ(x0:T−1 | xT ) that recovers them.
Mean-field parameterization. Since the joint posterior p(x0 | xt, t) over VL

requires exponentially many parameters, existing dLLMs [1, 35, 40] universally
adopt a token-factorized (mean-field) approximation [2, 53,57,63]:

pθ(x0 | xt, t) =

L∏
i=1

pθ(x0,i | xt, t), (1)

trained by minimizing the per-token denoising objective:

LMF(θ) = Ex0, t,xt

[
−

L∑
i=1

log pθ(x0,i | xt, t)

]
. (2)

As Eq. (2) decomposes into L independent per-position cross-entropies, the
global optimum is attained when each factor independently matches the true
conditional marginal, i.e. p⋆θ(x0,i | xt, t) = q(x0,i | xt, t). The resulting optimal
factorized joint p⋆MF =

∏
i q(x0,i | xt, t) aligns each position’s marginal with the

true posterior, but cannot capture the cross-positional correlations present in
q(x0 | xt, t). We measure this gap by the mean-field bias:

ϵMF(xt, t) ≜ KL
(
q(x0 | xt, t)

∥∥ p⋆MF(x0 | xt, t)
)
, (3)

which quantifies the irreducible joint dependence structure across token positions
that no factorized distribution can represent.
Why multi-step sampling mitigates the bias. The expected mean-field
bias ϵ̄MF(t) ≜ Ext [ϵMF(xt, t)] is governed by the corruption level: when xt

has few masked tokens, the remaining unknowns are sparsely distributed and
largely conditionally independent, so ϵ̄MF(t) is small; when all tokens are masked
(t = T ), the posterior exhibits strong cross-positional dependence and ϵ̄MF(T )
reaches its maximum. In general, ϵ̄MF(t) grows monotonically with the number
of masked positions. [57] Multi-step reverse sampling systematically exploits this
monotonicity. At each reverse step s, tokens decoded with high confidence from
pθ(· | xs, s) are committed as observed context, reducing the number of masked
positions from ms to ms−1 < ms. Consequently, the model at step s−1 operates
under a strictly reduced corruption level and, accordingly, a lower expected bias
ϵ̄MF(s − 1) ≤ ϵ̄MF(s). By iterating this process, the multi-step chain progres-
sively shifts decoding from the high-bias fully-masked regime toward a low-bias,
nearly-observed state, thereby recovering the inter-token dependence structure
that Eq. (1) otherwise discards.

4 Methodology

4.1 Overview

As illustrated in Fig. 2, the training pipeline of ECHO comprises three successive
stages. In Stage 1, we perform continued pre-training (CPT) on Lingshu-7B [54]
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Fig. 2: Overview of the ECHO training pipeline. ECHO is built in three succes-
sive stages: continued pre-training (Stage 1) produces ECHOAR; Response-Asymmetric
Diffusion adaptation (Stage 2) converts it into the block diffusion model ECHOBase;
and Direct Conditional Distillation (Stage 3) distills ECHOBase into the final one-step-
per-block model ECHO. (a) RAD duplicates only the response portion of the training
sequence, avoiding the redundant duplication of long vision token contexts required by
prior two-stage conversion methods. (b) DCD proceeds in two phases: the teacher’s
confidence-heuristic remasking trajectory is collected to form a joint, non-factorized
supervision target, which is then used to align the student’s single-step prediction via
KL divergence.

using a curated CXR corpus. This produces ECHOAR, an autoregressive vision-
language model specialized in radiology report generation. Subsequently, we in
Stage 2 propose Response-Asymmetric Diffusion (RAD) adaptation, which con-
verts ECHOAR into ECHOBase, a block diffusion decoding model that retains the
domain knowledge of ECHOAR, achieving an initial inference speedup. Lastly, in
Stage 3, to further push decoding speed toward its theoretical upper bound, we
apply Direct Conditional Distillation (DCD) to train ECHOBase toward one-step-
per-block decoding, yielding the final ECHO model.

4.2 From ECHO-AR to ECHO

Response-Asymmetric Diffusion Adaptation. While ECHOAR achieves high-
quality report generation, its token-by-token decoding mechanism limits infer-
ence throughput. To address this, our first objective is to convert ECHOAR into
ECHOBase, a block diffusion model that preserves the domain knowledge acquired
during pretraining. Prior work [9] has implemented this through a two-stage
adaptation, i.e., a pretraining phase followed by SFT. In these methods, the
entire training sequence, covering vision, instruction, and response tokens, is
duplicated across both stages to construct block-causal teacher-forcing targets.
For CXR report generation, where vision token sequences are substantially long,
this full-sequence duplication incurs prohibitive training costs. To overcome this
inefficiency, we propose Response-Asymmetric Diffusion (RAD), which achieves
this adaptation through a single SFT stage. As illustrated in Fig. 2, RAD du-
plicates only the response portion of the training sequence, and constructs a
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block attention mask such that each noisy response block attends to all vision
and instruction tokens as well as all previously decoded blocks. As illustrated in
Fig. 3(b), this asymmetric design eliminates the redundant duplication of long
vision token contexts, substantially reducing training FLOPs while consolidating
the originally two-stage conversion into one. Furthermore, we conduct a series
of experiments (Sec. 5.4) to investigate the relationship between training data
volume, model quality, and inference speed during the RAD conversion. We find
that ECHOBase attains performance comparable to ECHOAR using only a small frac-
tion of the original training data, demonstrating the high knowledge-transfer
efficiency of RAD.
Direct Conditional Distillation. With ECHOBase established, our next objec-
tive is to convert it into a model capable of one-step-per-block decoding, fully
maximizing inference throughput. However, as discussed in Sec. 3, discrete dif-
fusion language models inherently rely on multi-step decoding to progressively
reduce the mean-field bias, and our dVLM setting is no exception. This calls for
a training target that is itself non-factorized: by aligning the student to such a
target, the inter-token dependencies accumulated across the multi-step denoising
trajectory can be captured in a single forward pass. To this end, we propose Di-
rect Conditional Distillation (DCD), which constructs this non-factorized target
by collecting and stitching the high-confidence token distributions at each step
of the teacher’s multi-step denoising process, forming a joint supervision signal
that encodes cross-token dependencies.

The full self-distillation procedure is detailed in Algorithm 1 and consists of
the following two phases, applied iteratively during training.
Phase 1: On-policy Teacher Trajectory Collection. The teacher trajectory
is the trajectory sampled by its multi-step denoising process. To obtain this,
we first run ECHOBase through a confidence-heuristic denoising process, where
tokens are progressively unmasked in order of their prediction confidence ci ≜
maxv pθ(xi=v | xcurr). Specifically, at each step of a block’s denoising, we record
the predicted distribution and the committed token label for every position as
it is unmasked. The collected token labels form the pseudo labels b̂n, which are
used to construct the training sequence for the subsequent student alignment
phase. The collected distributions are then stitched together into the joint target
P(n)

tch for the n-th block, as the distillation target in Phase 2.
Phase 2: Student One-Step Alignment. With the pseudo-labels and stitched
joint distribution collected in Phase 1, the next step is to align this distribution
with the student’s one-step prediction. Concretely, we first use the pseudo-labels
to construct a block teacher-forcing training sequence following the RAD scheme
(Sec. 4.2), ensuring that the student makes its prediction under exactly the same
conditions as the teacher. Letting bn,i denote the token at position i of block
n and Q(n)

ϕ ≜
{
pϕ(bn,i | xtrain)

}L

i=1
the student’s one-step predicted distribu-

tion over that block, we minimize the forward Kullback–Leibler (KL) divergence
DKL

(
P(n)

tch ∥Q(n)
ϕ

)
for each block and aggregate the loss over all blocks. Intu-

itively, a token that is unmasked at a later step within a block requires stronger
conditioning to reach a high-confidence prediction, indicating that its position is
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Algorithm 1: Direct Conditional Distillation (DCD)
Input : Context xctx, teacher θ, student ϕ, N blocks, block length L,

sampling confidence threshold τ
Output: Updated student ϕ
// Phase 1: On-policy Teacher Trajectory Collection

1 for n = 1, . . . , N do
2 Initialize B ← {1, . . . , L},;
3 xcurr ← (xctx, b̂1:n−1);
4 while B ̸= ∅ do
5 Query teacher pθ(xi | xcurr) for all i ∈ B;
6 U ← {i ∈ B | ci ≥ τ};;
7 if U = ∅ then U ← {argmaxi∈B ci};
8 P(n)

tch [i]← pθ(xi | xcurr),;
9 x̂i ← argmax pθ(xi | xcurr) for all i ∈ U ;

10 xcurr ← xcurr ∪ {x̂i}i∈U ,;
11 B ← B \ U ;

12 b̂n ← (x̂1, . . . , x̂L);

// Phase 2: Student One-Step Alignment (cf. Sec. 4.2 and Fig. 2)
13 Construct RAD training sequence xtrain using (xctx, b̂1:N );
14 LDCD ←

∑
n,i

DKL
(
P(n)

tch [i]
∥∥ pϕ(bn,i | xtrain)

)
;

15 Update ϕ← Optimizer(ϕ, ∇ϕLDCD);

subject to more severe mean-field bias. Therefore, we introduce a token reweight-
ing scheme that assigns each position a weight proportional to the step at which
it is unmasked. Under this scheme, positions with larger mean-field bias receive
stronger supervision, while tokens committed at early steps serve as a regular-
ization signal for the alignment process.

After DCD, each block is decoded in a single step, enabling fast inference
while incurring no more than 2–5% quality degradation, as empirically demon-
strated in Sec. 5.

4.3 Hallucination Mitigation

Hallucination is a critical concern in CXR report generation, where inaccurate
descriptions of clinical findings can directly undermine diagnostic reliability. Dur-
ing the development of our vision-language model, we identify two predominant
hallucination patterns in medical dLLMs: inaccurate identification of symptoms,
and degenerate repetition loops that fail to terminate.

For inaccurate symptom identification, we attribute this pattern to an im-
plicit negative bias inherent in the training data. In routine clinical practice,
radiologists follow a “reporting by exception” convention, describing only abnor-
mal findings while omitting normal structures or dismissing them with a single
catch-all phrase such as “no other significant abnormality.” Consequently, for
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the majority of anatomical regions that are clinically unremarkable, their nor-
mal status is absent from the report rather than explicitly stated as negative.
This systematic omission leaves the model without explicit negative evidence
during training, leaving its conditional distribution under-constrained. At infer-
ence time, this under-constraint manifests as two complementary failure modes:
false-positive hallucinations, where the model fabricates findings for normal re-
gions, and false-negative omissions, where genuine abnormalities are overlooked.
To address this, we propose a data normalization paradigm tailored for CXR
report generation. Specifically, we reformulate every training report so that each
predefined anatomical region receives an explicit annotation, either a positive
finding or a negative assertion. This ensures unambiguous supervision at every
position, directly eliminating the implicit omission bias described above. Our
experiments in Sec. 5.5 show that the hallucination reduction brought by data
normalization consistently benefits both ECHOAR and the final ECHO model.

Beyond inaccurate symptom identification, ECHO also suffers from degenerate
repetition loops that fail to terminate. To understand the root cause, we exam-
ine ECHOBase’s prediction confidence of content tokens and <eos> tokens under
standard confidence-heuristic inference. As shown in Fig. 3(a), <eos> tokens ex-
hibit systematically lower mean confidence and substantially greater variance
compared to content tokens. Using such a flat and unstable distribution as the
distillation target for the <eos> token makes it difficult for the one-step model to
terminate generation with high confidence. This problem is further exacerbated
as the block size grows: as shown in Fig. 3(a), increasing the block size leaves
content token confidence nearly unaffected while causing a notable decline in
<eos> confidence. To address this, we apply an additional cross-entropy loss on
the <eos> token during distillation, explicitly pulling its predicted distribution
toward a sharp, high-confidence one-hot target. Together, the two hallucination
mitigation strategies consistently reduce generation errors in ECHO, contributing
to improved clinical accuracy.
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4.4 Inference Paradigm

To further maximize the inference throughput of ECHO, we optimize the inference
paradigm used in dLLMs. A common technique in semi-autoregressive decoding
is block KV cache [52], which caches the key-value states of previously decoded
blocks to avoid redundant recomputation. As illustrated in Fig. 4(a), after all
tokens of a block are committed, a dedicated forward pass is performed solely
to update the KV cache with the newly decoded block. This additional forward
pass incurs acceptable inference time overhead in multi-step decoding, but for
our one-step model it doubles the total number of forward passes for each block.
To eliminate this overhead, we propose Fused Block KV Cache. As illustrated
in Fig. 4(b), after a block is decoded, we defer its KV cache update and fuse it
into the next block’s denoising forward. In this fused forward, the model simul-
taneously computes and caches the key-value states for the preceding decoded
block while denoising the current block’s fully-masked tokens, removing the dedi-
cated KV update pass entirely. As proven in Supplementary Sec. ??, Fused Block
KV Cache introduces no additional FLOPs while halving the number of forward
passes, directly reducing inference latency.

5 Experiments

In this section, we present experimental results to assess the effectiveness of ECHO
for fast and reliable CXR report generation. We compare ECHO against state-of-
the-art autoregressive baselines on report quality, and against diffusion-based
distillation baselines on distillation efficiency. We then ablate the individual
components of DCD, and analyze the effect of training data volume during RAD
adaptation and the impact of report normalization across all training stages.
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5.1 Experimental Setups

Dataset We conduct experiments on a unified CXR report corpus built from
multiple public datasets, including MIMIC-CXR [24], CheXpert-Plus [22], ReX-
Gradient [62], and IU-Xray [11].
For training, we apply a standardized cleaning and normalization pipeline across
all source datasets to construct a bilingual training set, with a small subset
of LLaVA-ReCap-558K [28] included to mitigate catastrophic forgetting. For
evaluation, we sample 2,000 English and 2,000 Chinese reports from each of
normalized MIMIC-CXR, CheXpert-Plus, and ReXGradient, ensuring balanced
coverage across datasets and languages. For MIMIC-CXR, evaluation samples
are drawn exclusively from the official patient-level test split. Full preprocessing
details and data statistics are provided in Supplementary Sec. ??.

Models All ECHO models are initialized from Lingshu-7B [54], an autoregressive
VLM pretrained on large-scale medical corpora, which provides strong domain-
specific knowledge and vision alignment for CXR report generation.

Implementation Details For RAD, we use the same data as the SFT stage in
continued pre-training. The vision encoder and projector weights of ECHOAR are
frozen throughout, and only the LLM backbone is trained. For DCD, we ran-
domly sample 30,000 examples from the RAD training set, drawn proportionally
across datasets. During teacher trajectory collection, samples that produce de-
generate repetition loops are automatically discarded.

Evaluation Metrics To provide a comprehensive assessment of the generated
chest X-ray reports, we evaluate our model across three complementary dimen-
sions: linguistic quality, clinical fidelity, and structural stability. These metrics
enable a rigorous comparison between ECHO and existing state-of-the-art (SOTA)
models while specifically addressing the unique challenges of diffusion-based gen-
eration.

– Linguistic Quality Metrics (LQM). We use standard natural language
generation NLG metrics, including ROUGE-L [32] and CIDEr [47], to mea-
sure lexical overlap and fluency between generated and reference reports,
enabling direct comparison with prior methods.

– Clinical Fidelity Metrics (CFM). Linguistic fluency does not guaran-
tee accurate symptom identification, so we use RaTEScore [67] and Sem-
Score [43] to assess clinical content fidelity. Since our evaluation set consists
of normalized reports, a fair comparison across models requires focusing
solely on symptom identification accuracy rather than reporting style. To
this end, we only adopt the positive-finding score of RaTEScore, and Sem-
Score is insensitive to negative findings by design.

– Structural Stability Metrics (SSM). To assess generation stability spe-
cific to discrete diffusion models, we report Perplexity (PPL) computed with
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Table 1: Performance comparison with state-of-the-art models. We report
average metrics across the MIMIC-CXR, CheXpert-Plus, and ReXGradient test sets.
Bold values indicate the best performance. ECHOblkk denotes block size k (k tokens
decoded per forward pass). Please refer to Supplementary Sec. ?? for detailed results
on individual datasets.

Methods CheXpert-Plus ReXGradient MIMIC-CXR Speed

ROUGE-L CIDEr RaTEScore SemScore ROUGE-L CIDEr RaTEScore SemScore ROUGE-L CIDEr RaTEScore SemScore TPF TPS

Proprietary general models

Gemini3-Pro [18] 26.95 1.53 40.86 29.72 32.10 1.81 33.52 39.02 27.08 1.55 41.42 30.45 ×1.0 –
Qwen3-Max [3] 27.19 1.53 41.63 29.24 30.50 1.72 39.12 38.13 26.86 1.51 40.78 27.32 ×1.0 –

Autoregressive Medical Models

LLaVA-Med [27] 6.92 0.65 10.11 11.39 7.36 0.72 10.01 17.04 6.69 0.65 10.07 9.22 ×1.0 36.33
Lingshu-7B [54] 21.95 1.12 31.34 27.54 23.63 1.25 20.26 34.82 22.24 1.16 32.79 26.94 ×1.0 53.70
Hulu-Med-7B [23] 22.38 1.15 26.25 23.43 21.66 1.14 22.77 23.56 22.26 1.18 22.89 22.30 ×1.0 38.78
MedGemma-27B [41] 20.30 0.79 38.83 31.79 23.41 0.91 26.00 37.74 20.80 0.82 38.48 30.24 ×1.0 16.78
Lingshu-32B [54] 20.40 1.06 30.92 24.32 22.10 1.20 20.33 31.49 20.73 1.10 32.40 24.14 ×1.0 23.60
Hulu-Med-32B [23] 19.46 0.96 27.17 22.07 22.31 1.11 23.01 26.67 17.96 0.99 24.54 18.23 ×1.0 15.67

Diffusion Medical Methods

LLaDA-MedV [13] 7.69 0.22 26.72 17.76 9.72 0.23 18.19 22.09 9.60 0.23 27.47 17.26 ×1.30 12.86
ECHOBase 56.90 4.25 59.12 52.64 66.46 5.64 63.02 66.68 54.45 4.16 55.85 46.10 ×1.89 48.86
CD4LM [31] 49.2113%↓ 3.3820%↓ 55.905%↓ 43.8616%↓ 58.7311%↓ 4.4421%↓ 58.367%↓ 55.6216%↓ 46.2115%↓ 3.1324%↓ 52.116%↓ 38.7615%↓×3.61 98.49
d3LLM [38] 44.0422%↓ 2.9231%↓ 55.396%↓ 40.3523%↓ 54.1818%↓ 4.1726%↓ 57.997%↓ 53.5019%↓ 41.1324%↓ 2.6536%↓ 50.998%↓ 34.2025%↓×3.84 101.64
dParallel [8] 42.2225%↓ 3.1725%↓ 44.6524%↓ 36.7230%↓ 48.7326%↓ 4.0228%↓ 45.5027%↓ 54.5318%↓ 39.9826%↓ 2.9628%↓ 40.4727%↓ 31.1532%↓×4.42 110.12
T3D [61] 54.993%↓ 4.064%↓ 56.903%↓ 49.865%↓ 64.363%↓ 5.237%↓ 58.636%↓ 61.657%↓ 52.383%↓ 3.857%↓ 52.386%↓ 42.517%↓ ×2.00 60.25
ECHOblk8 55.212%↓ 4.142%↓ 56.853%↓ 51.402%↓ 65.132%↓ 5.482%↓ 59.924%↓ 64.004%↓ 53.072%↓ 4.003%↓ 52.975%↓ 44.832%↓ ×8.00 274.21
ECHOblk4 56.141%↓ 4.201%↓ 57.402%↓ 49.575%↓ 66.390%↓ 5.541%↓ 62.181%↓ 66.280%↓ 54.120%↓ 4.052%↓ 53.953%↓ 45.571%↓×4.00 129.19

Qwen3-1.7B as the judge model. Lower PPL indicates more stable and fluent
generation.

– Efficiency Metrics (EM). To evaluate decoding efficiency, we report two
complementary speed metrics. TPF (Tokens Per Forward Pass) measures
theoretical throughput as the number of decoded tokens per forward pass,
normalized relative to the AR baseline (×1.0). TPS (Tokens Per Second)
measures practical decoding throughput as the number of tokens generated
per second during inference.

5.2 Comparison with State-of-the-art Methods

In Table 1, to evaluate the effectiveness of ECHO, we compare it against three
categories of state-of-the-art models: (1) General-purpose proprietary models, in-
cluding Gemini3-Pro [18] and Qwen3-Max [3]. (2) Autoregressive (AR) medical
VLMs, such as LLaVA-Med v1.5-7B [27], Lingshu-7B/32B [54], MedGemma-
27B [41], and Hulu-Med-7B/32B [23]. (3) Diffusion-based medical models, in-
cluding LLaDA-MedV-8B [13] and several distilled variants [8,31,38,61]. These
variants share the same base model ECHOBase and distillation data, but with
different distillation targets.
Overall Performance. ECHO consistently achieves superior performance com-
pared to both general and specialized models. Notably, it significantly outper-
forms larger medical VLMs like MedGemma-27B, ranging from 17% to 40% in
CFM. Even when compared to the most powerful models like Gemini3-Pro and
Qwen3-Max, ECHO maintains a clear advantage in all medical clinical metrics.
Efficiency of Distillation. To further differentiate distillation strategies, we
compare all methods under the challenging block size L = 8 configuration. As
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Table 2: Ablation on DCD components. SW: step-wise token reweighting; CE:
cross-entropy loss on the <eos> token; RKL: reverse KL divergence. Results are re-
ported on CheXpert-Plus, ReXGradient, and MIMIC-CXR.

DCD settings CheXpert-Plus ReXGradient MIMIC-CXR PPL
SW CE RKL ROUGE-L CIDEr RaTEScore SemScore ROUGE-L CIDEr RaTEScore SemScore ROUGE-L CIDEr RaTEScore SemScore

52.57 3.61 54.87 46.93 63.28 5.17 61.32 58.36 51.73 3.63 51.19 43.50 23.72
✓ 52.44 3.53 56.30 46.66 62.90 5.07 61.33 59.90 51.76 3.65 53.14 43.70 21.07
✓ ✓ 56.14 4.20 57.40 49.57 66.39 5.54 62.18 66.28 54.12 4.05 53.95 45.57 18.83
✓ ✓ 52.51 3.41 55.20 45.32 61.71 4.94 61.26 59.55 50.91 3.48 53.31 42.43 20.23
✓ ✓ ✓ 53.25 3.72 57.25 47.07 63.82 5.21 61.47 63.46 51.48 3.67 53.42 43.86 21.32

shown in Tab. 1, ECHOblk8 achieves an 8× theoretical speedup over the AR base-
line while incurring only 2–5% quality degradation relative to ECHOBase across all
metrics. By contrast, T3D delivers only a 2× theoretical speedup yet still incurs
a comparable quality drop, and dParallel achieves a 4.4× speedup at the cost
of 18–32% degradation in clinical fidelity metrics. ECHOblk4 further provides a
more conservative working point, where a 4× theoretical speedup reduces qual-
ity degradation to within 1.25% on average. Taken together, these results confirm
that DCD achieves a consistently superior quality–speed trade-off across both
block size configurations and against all existing distillation methods.

5.3 Ablation Study of Distillation Components

To investigate the individual contributions of the components in our proposed
Direct Conditional Distillation (DCD) strategy, we conduct extensive ablation
studies. Specifically, we evaluate the impact of Step-wise Weighting (SW), Cross-
Entropy loss for the <eos> token (CE), and Reverse KL divergence (RKL). The
results across three benchmarks are summarized in Tab. 2.
Effect of Step-wise Weighting (SW). As shown in row 2 of Tab. 2, SW
consistently improves generation stability across all datasets. Upweighting tokens
that are unmasked later in the denoising trajectory, which tend to carry stronger
inter-token dependencies, reduces PPL from 23.72 to 21.07. RaTEScore also
improves steadily, e.g., from 54.87 to 56.30 on CheXpert-Plus, indicating that
the reweighting helps the model better capture the conditioning provided by
earlier committed tokens.
Effect of <eos> Cross-Entropy Loss (CE). Adding CE supervision on the
<eos> token produces the largest single improvement across all settings. As dis-
cussed in Sec. 4.2, one-step diffusion models tend to assign low and unstable
confidence to <eos> positions, leading to degenerate repetition loops. Explicitly
supervising the <eos> token with a one-hot target directly addresses this fail-
ure mode, resulting in a substantial gain in ROUGE-L from 52.44 to 56.14 on
CheXpert-Plus and CIDEr from 3.65 to 4.05 on MIMIC-CXR. PPL drops fur-
ther to 18.83, its lowest value across all configurations, confirming that reliable
termination is essential for overall report quality.
Effect of Reverse KL (RKL). We also replace the forward KL objective with
reverse KL (RKL) to examine whether its mode-seeking behavior benefits dis-
tillation. As shown in rows 4 and 5 of Tab. 2, adding RKL consistently degrades
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Fig. 5: Effect of training data scale during RAD adaptation. (a) Quality
Metric Convergence During RAD. Each colored curve tracks one of four clinical
and linguistic metrics across training steps, and dashed horizontal lines mark the cor-
responding ECHOAR baseline values. (b) Decoupled Convergence of Quality and
Throughput. The black curve shows the mean quality score and the red curve shows
inference throughput (TPF), and dashed horizontal lines mark respective final values.

performance. Compared to the SW-only baseline, CIDEr drops from 3.65 to 3.48
and SemScore from 43.70 to 42.43 on MIMIC-CXR. A likely cause is that clinical
reports require the model to cover all plausible findings rather than concentrate
probability mass on a single mode, which is the tendency encouraged by reverse
KL. Forward KL, which preserves the full teacher distribution, is therefore better
suited for this task.

5.4 Analysis of Data Scale of RAD

We study how the amount of training data used in the RAD stage affects both
model quality and inference throughput, by evaluating checkpoints at different
training steps across all benchmarks. Fig. 5 reports five clinical and linguistic
metrics alongside inference throughput (TPF) as functions of training steps.

As shown in Fig. 5(a), all four quality metrics follow a rapid climb-and-
plateau pattern. Within approximately 60 training steps, performance on all
metrics reaches or surpasses the ECHOAR baseline, indicating that RAD transfers
the domain knowledge of the pretrained AR model efficiently and requires only
a small fraction of the full training data to do so.

Fig. 5(b) reveals that quality and throughput converge at different rates.
Quality saturates early (around step 60, corresponding to only 2.2% of the
full RAD training data), whereas TPF continues to improve throughout train-
ing, increasing from 1.62 to 2.17 (+33.95%). A plausible interpretation is that
while cross-modal semantic alignment is established quickly, additional train-
ing is needed for the model to stabilize the joint token distribution within each
block, which in turn enables more tokens to be committed with high confidence
per denoising step and raises throughput.
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Table 3: Ablation on report data types across all training stages. Each stage
contains two settings: normalized and unnormalized reports.

Stage Data Type CheXpert-Plus ReXGradient MIMIC-CXR

ROUGE-L CIDEr RaTEScore SemScore ROUGE-L CIDEr RaTEScore SemScore ROUGE-L CIDEr RaTEScore SemScore

Stage I Normalized 56.89 4.47 59.18 52.94 67.07 5.68 64.39 66.60 54.55 4.32 56.58 46.70
Unnormalized 23.82 1.53 45.59 32.44 25.67 1.49 26.05 40.77 25.06 1.56 42.72 33.54

Stage II Normalized 56.90 4.25 59.12 52.64 66.46 5.64 63.02 66.68 54.45 4.16 55.85 46.10
Unnormalized 23.47 1.51 39.60 30.46 24.97 1.45 23.90 36.97 24.54 1.53 37.76 32.64

Stage III Normalized 56.14 4.20 57.40 49.57 66.39 5.54 62.18 66.28 54.12 4.05 53.95 45.57
Unnormalized 18.79 1.19 42.08 27.53 19.98 1.20 24.98 31.70 19.61 1.24 37.55 28.02

5.5 Analysis of Report Normalization

To assess the impact of report normalization, we retrain the pipeline at each
stage using unnormalized raw reports while keeping all other settings unchanged.
Tab. 3 summarizes the results across all three training stages.
Impact on Stage I (Continued Pre-training). Normalized data yields sub-
stantial improvements in Stage I across all metrics. On CheXpert-Plus, ROUGE-
L increases from 23.82 to 56.89 and RaTEScore from 45.59 to 59.18. This large
gap indicates that raw reports, which frequently contain inconsistent phrasing
and systematically omit negative findings, provide ambiguous supervision that
prevents the model from learning reliable visual-textual mappings.
Impact on Stage II and Stage III (Adaptation and Distillation). The gap
persists through Stage II and widens further in Stage III. Without normalization,
ROUGE-L collapses to 18.79 on CheXpert-Plus and 19.98 on ReXGradient af-
ter distillation, substantially below the already-degraded Stage II unnormalized
baseline. With normalization, the model retains strong clinical accuracy across
all stages, with SemScore remaining above 45.0 on CheXpert-Plus even after
one-step distillation. This progressive degradation under unnormalized training
suggests that noisy supervision compounds across stages: the omission bias that
distorts pretraining is further amplified by the mean-field bias of block diffusion,
and becomes most severe when the student must reproduce the teacher’s full
conditional distribution in a single step.

6 Conclusion
We presented ECHO, a discrete diffusion VLM that demonstrates high clinical
accuracy and extreme decoding efficiency are simultaneously achievable in auto-
mated chest X-ray reporting. By rethinking both the AR-to-diffusion conversion
and the distillation target, ECHO reduces training cost, eliminates multi-step de-
coding, and consistently outperforms autoregressive and diffusion-based state-
of-the-art methods across standard benchmarks. We hope this work provides a
strong foundation for efficient and reliable generation in broader medical multi-
modal settings beyond CXR reporting.
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