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Abstract

Omni-modal LLMs aim to answer queries over
heterogeneous inputs through a unified inter-
face, but accepting these inputs does not guar-
antee using them. Existing autoregressive and
diffusion multimodal LLMs typically optimize
answer likelihood only under the full context,
leaving multimodal shortcuts largely uncon-
strained. We study this problem through the
lens of intervention sensitive omni-modal pre-
diction, where confidence in the correct answer
should decrease when protocol designated evi-
dence is disrupted. We propose OmniDenoise,
a diffusion MLLM framework built around the
Evidence Denoising Gap (EDGQG), a diffusion
native objective that compares gold token de-
noising losses under full and intervened con-
texts. EDG uses the token-by-timestep denois-
ing trajectory as both a training signal and a
diagnostic, without requiring token level evi-
dence annotations. OmniDenoise further ap-
plies consistency distillation for efficient few
step bidirectional denoising. Across tri-modal,
clinical, and out-of-distribution omni-modal
benchmarks, OmniDenoise substantially im-
proves over diffusion baselines and remains
competitive with strong autoregressive omni
models. On OmniBench, the distilled model
achieves 45.27% accuracy at 0.19 seconds per
sample. On EHRXQA, EDG improves H-Acc
from 36.9% to 43.9%, while the distilled stu-
dent retains 42.6% with a 3.9x speedup.

1 Introduction

Omni-modal understanding and prediction require
a model to answer questions from heterogeneous
conditioning signals, such as images, audio, text,
and structured records. This requirement is
stronger than merely accepting many input streams
through a unified interface. A model may pro-
cess all modalities yet still answer from a language
prior, a dominant modality, or a dataset specific
shortcut, a failure mode long studied in visual ques-
tion answering and multimodal robustness (Goyal

et al., 2017; Agrawal et al., 2018; Yang et al., 2024;
Liu et al., 2025a). This issue is visible in omni-
modal benchmarks that combine image, audio, and
text (LI et al., 2025; Chen et al., 2025), and in
clinical question answering where questions are
paired with both chest X-rays and structured elec-
tronic health records (Bae et al., 2023). Recent
autoregressive omni-modal models have made sub-
stantial progress toward universal multimodal in-
terfaces (Hurst et al., 2024; Singh et al., 2025; Co-
manici et al., 2025; Al et al., 2025; Li et al., 2025;
Yu et al., 2025; Team et al., 2025; Team, 2026).
However, high full context accuracy alone does not
show whether a model’s predictions depend on the
required modalities.

A useful omni-modal predictor should be sen-
sitive to interventions on informative evidence. If
a modality contains evidence needed for the an-
swer, disrupting that modality should reduce the
model’s confidence in the correct answer. Stan-
dard training objectives do not directly enforce this
behavior. Autoregressive MLLMs optimize left-to-
right likelihood under the observed context without
explicitly comparing predictions under full and in-
tervened contexts. Missing modality robustness
addresses a related but distinct goal by encourag-
ing graceful behavior when inputs are absent or
corrupted. For evidence seeking omni-modal tasks,
however, invariance to removing informative evi-
dence may also indicate shortcut reliance. Inter-
vention sensitivity and missing modality robustness
are therefore complementary objectives: the former
asks whether predictions benefit from informative
evidence, while the latter asks how gracefully per-
formance degrades when evidence is incomplete.

Diffusion MLLMs offer a natural way to model
intervention sensitivity (Nie et al., 2025; Zhu et al.,
2025; Ye et al., 2025c¢; You et al., 2025; Liu et al.,
2025b; Ye et al., 2025b; You et al., 2026; Li et al.,
2026; Kim et al., 2026). In masked diffusion, an-
swer tokens are predicted through iterative denois-
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ing. At each timestep, the model produces a dis-
tribution over every masked answer token condi-
tioned on the multimodal context, the partially de-
noised answer state, and the timestep. This creates
a token-by-timestep confidence trajectory. Exist-
ing diffusion omni-modal models mainly use this
trajectory for reconstruction or unified generation.
We instead use it to ask a diagnostic question: does
the denoising confidence for gold answer tokens
decrease when protocol designated evidence is in-
tervened upon?

We propose OmniDenoise, a diffusion MLLM
framework for intervention sensitive omni-modal
prediction. The key component is the Evidence De-
noising Gap (EDG), a intervention gap objective
that measures the increase in gold token denois-
ing loss between full and modality intervened con-
texts. EDG compares the two contexts on the same
masked answer tokens under the same corrupted an-
swer state, providing a matched token-by-timestep
signal for whether answer denoising depends on the
intervened modality. EDG does not require token
level evidence annotations and does not by itself
establish fine-grained causal evidence use; rather,
it serves as a training signal and offline diagnostic
for protocol level intervention sensitivity.

OmniDenoise is trained in two stages. First, we
optimize masked answer denoising together with
an aggregate EDG objective over designated modal-
ity interventions. This encourages accurate full
context prediction while maintaining a loss gap
when informative modalities are disrupted. Second,
we adapt consistency distillation to few step omni-
modal denoising, enabling faster inference while
preserving bidirectional answer token refinement.

We evaluate OmniDenoise on OmniBench (LI
et al., 2025), EHRXQA (Bae et al., 2023), and a
filtered subset of UNO-Bench (Chen et al., 2025).
OmniDenoise substantially improves over diffu-
sion baselines and remains competitive with strong
autoregressive omni-modal models in several set-
tings. On OmniBench, the distilled model reaches
45.27% accuracy at 0.19 seconds per sample.
EDG raises OmniBench accuracy from 37.48%
to 46.41% and EHRXQA H-Acc from 36.9% to
43.9%, while consistency distillation preserves
most of these gains and reduces latency by 5.3 x
and 3.9, respectively. The intervention effect also
persists under real input mismatched replacement,
indicating that it is not explained solely by artificial
null modality cues. A matched autoregressive ana-
logue of the intervention gap objective yields much

smaller marginal changes on OmniBench, suggest-
ing that the largest benefit in our experiments is
concentrated in the diffusion backbone.

Our contributions are as follows.

* We formulate intervention sensitive omni-modal
prediction, where a model should not only an-
swer correctly under full context but also reduce
confidence when protocol designated evidence is
intervened upon.

* We introduce the Evidence Denoising Gap, a dif-
fusion native intervention gap objective and di-
agnostic that compares matched full context and
intervened context denoising losses over masked
gold answer tokens.

We present OmniDenoise, an intervention sensi-
tive omni-modal diffusion MLLM with consis-
tency distillation for efficient few step inference.

We validate OmniDenoise across tri-modal, clin-
ical, and out-of-distribution benchmarks using
controlled removal, real input mismatched re-
placement, and matched autoregressive compar-
isons, showing improved diffusion model accu-
racy, stronger selective intervention sensitivity,
and better accuracy and latency trade-offs.

2 Related Work

Omni-modal autoregressive MLLMs. Autore-
gressive multimodal LLMs are increasingly devel-
oped as omni-modal assistants that process text,
vision, audio, video, and speech through a unified
interface (Hurst et al., 2024; Comanici et al., 2025;
Lietal., 2025; Xu et al., 2025a,b; Al et al., 2025;
Ye et al., 2025a). However, broad modality cov-
erage does not guarantee that the model uses the
modality containing the decisive evidence (Goyal
et al., 2017; Agrawal et al., 2018; Yang et al., 2024;
Ross et al., 2017). Recent omni-modal benchmarks
explicitly evaluate cross-modal composition rather
than unimodal priors (LI et al., 2025; Chen et al.,
2025), and EHRXQA exposes a similar issue in
clinical QA, where reliable answers may require
jointly grounding structured EHR tables and chest
radiographs (Bae et al., 2023). OmniDenoise tar-
gets this gap by training for intervention sensitiv-
ity, the model should remain confident under full
evidence but reduce confidence when protocol des-
ignated evidence is removed.
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Diffusion language and multimodal models.
Diffusion language models replace left-to-right pre-
diction with iterative masked denoising, enabling
bidirectional refinement and parallel updates over
uncertain tokens (Nie et al., 2025; Zhu et al., 2025;
Ye et al., 2025¢). Recent multimodal extensions
condition the denoising process on visual, video,
action, or omni-modal inputs, making diffusion a
viable decoder for multimodal understanding and
generation (You et al., 2025; Ye et al., 2025b; You
etal., 2026; Li et al., 2026; Kim et al., 2026). These
models are typically trained to reconstruct targets
under the observed context. In contrast, our work
treats the token-by-timestep denoising trajectory
as an evidence-sensitive signal, by comparing gold
token denoising losses under full and modality ab-
lated contexts, EDG directly supervises whether
answer confidence depends on designated.

Efficient diffusion decoding and consistency dis-
tillation. A practical limitation of diffusion mod-
els is iterative inference. Prior work accelerates
sampling through fewer denoising steps, solver-
based methods, caching, adaptive decoding, or dis-
tillation (Liu et al., 2022; Lu et al., 2022; Salimans
and Ho, 2022; Song et al., 2023; Luo et al., 2023;
Israel et al., 2025; Liu et al., 2025c¢; Wei et al., 2025;
Wang et al., 2025; Minseo Kim, 2026; Liang et al.,
2026). For diffusion language models, this cost
is amplified because answer tokens are repeatedly
processed in bidirectional refinement. In OmniDe-
noise, consistency distillation is a practical second
stage rather than the main scientific claim, it com-
presses the EDG-trained teacher into a few step
student while preserving intervention sensitive de-
noising behavior.

3 Method

Overview. OmniDenoise is a diffusion MLLM
framework for intervention sensitive omni-modal
prediction. Given a text query and heterogeneous
conditioning inputs, the model predicts a textual
answer through masked answer denoising rather
than left-to-right generation. The core component
is the Evidence Denoising Gap (EDG), a diffusion
native intervention-gap objective that compares
gold-token denoising losses under full and modal-
ity intervened contexts. EDG uses the matched
token-by-timestep denoising trajectory as both a
training signal and an offline diagnostic for whether
model confidence depends on protocol-designated
evidence modalities. After EDG training, we apply

a bidirectional consistency distillation stage to ob-
tain a few step student for faster inference; the full
distillation derivation is provided in Appendix B.

Problem Setup. Let (C,y) denote a training ex-
ample. The conditioning context is

C= (Qwrm) me M, (1)

where q is the text query, M is the set of non-query
modalities, and x,, is the input from modality m.
The modality set may include visual, acoustic, tex-
tual, or structured inputs. The answer is a token
sequence y = (Y1, - - -, Yn ), and the answer span is
treated as the denoising target.

1 ~
Ecy).t.r, ] ME —logpy(yi | C. 4, t)| . (2
i€l

Unlike autoregressive decoding, masked denois-
ing predicts all active answer positions in parallel.
Thus, each timestep exposes a distribution over
every masked answer token, forming a token-by-
timestep confidence trajectory. OmniDenoise uses
this trajectory to compare denoising confidence
under full and intervened contexts.

3.1 Evidence Denoising Gap

The full context denoising loss in Eq. 2 trains the
model to reconstruct the answer, but it does not test
whether reconstruction depends on the modalities
that the task expects the model to use. We therefore
introduce controlled modality interventions.

For each example, let R(C) € M denote the set
of non-query modalities designated for intervention
by the dataset schema or evaluation protocol. This
set is defined at the modality level and does not
require token level evidence annotations. For each
m € R(C'), we construct an intervened context

C\™ = g, (O), 3)

where g, replaces the content of modality m with
a modality specific null or mask placeholder while
preserving the query, remaining modalities, modal-
ity boundary tokens, and serialization template. For
non-token inputs such as audio features, the corre-
sponding feature tensors are zeroed when applica-
ble. This keeps the input layout and answer corrup-
tion state fixed, so the full and intervened passes
differ only in the designated modality content.

For the same corrupted answer g; and the same
masked positions I;, we compute token level de-
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Figure 1: Overview of OmniDenoise. The proposed method uses the diffusion denoising trajectory as an
intervention-sensitive training signal. By measuring how answer-token denoising loss changes after removing
required modalities, OmniDenoise encourages the model to rely on multimodal evidence rather than shortcuts, and
then applies bidirectional consistency distillation for faster inference.

noising losses under the full and intervened con-
texts:
g?;ll = - logp9 (yl | 07 Ut t)v
el\:fn - - Inge(yz ‘ C\m7 gta t)
The Evidence Denoising Gap for modality m is

R 5)

4

2,t

A positive gap indicates that removing modality
m increases the denoising loss of the gold token,
meaning that the model becomes less confident
in the correct answer token under the intervened
context.

Since supervision is available at the answer level,
we optimize the aggregate gap over masked answer
positions:

(m) _ 1 (m)
G = 2 e (©)
i€l
The EDG loss enforces a margin between full-
context and intervened-context denoising:

[a—am] J L)

Eedg = E(Cay),t7lt [mIélg(}(C,)

where [a]; = max(a,0) and A is a per-token neg-
ative log-likelihood margin. The margin prevents
unbounded degradation under intervened contexts
once sufficient separation from the full context has
been reached. The outer maximum focuses training
on the weakest designated intervention, so the loss
becomes zero only when all designated modality
removals produce the desired aggregate gap.

The Stage 1 objective is

Estagel = Ece + )\edgﬁedg (8)

EDG is computed using the same sampled timestep,
mask set, and corrupted answer for the full and
intervened contexts. This differs from ordinary
modality dropout. OmniDenoise is not trained to be
invariant to missing modalities, but to preserve ac-
curate full-context prediction while reducing gold-
token confidence when designated evidence is re-
moved.
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Figure 2: Accuracy latency trade-off on OmniBench and EHRXQA. Latency denotes mean generation time per

example on a single NVIDIA A100 80GB GPU.

3.2 Few Step Bidirectional Consistency
Distillation

Stage 1 trains an intervention sensitive diffusion
model, but iterative denoising can still require many
refinement steps. We therefore distill the EDG
trained teacher into a few-step student. Let pg,,
be the frozen Stage 1 teacher and p, be the stu-
dent initialized from the teacher. The student is
trained to map a less denoised answer state to the
teacher behavior at a more denoised state while di-
rectly recovering newly revealed gold tokens. We
retain the bidirectional answer attention of the diffu-
sion backbone and distill only answer token denois-
ing behavior, making this stage narrower than gen-
eral purpose consistency diffusion language model-
ing (Minseo Kim, 2026).
The Stage 2 objective is

LstageZ = wjumpﬁjump + WkaLrd + WseLse. (9)

Here Ljunmp trains the student to recover newly
revealed answer tokens, L4 matches the EDG-
trained teacher distribution on unresolved masked
positions, and L. enforces student self consistency
across denoising states. The full construction of
these terms is provided in Appendix B.

3.3 Inference and Diagnostics

At inference time, OmniDenoise starts from a fully
masked answer span of maximum length N, and
performs K bidirectional denoising steps under the
full omni-modal context. At step k, the model
predicts a distribution over all currently masked an-
swer positions. We use maximum token probability
as the default confidence score:

Sik = mgxqub(v | C, g]k,tk). (10)
The sampler finalizes the highest confidence
masked positions according to a fixed step schedule

and fills them with their argmax predictions. Posi-
tions not selected at step k remain masked for the
next refinement step. The same schedule is used
across models in the same evaluation setting. The
distilled student finalizes more positions per step
than the Stage 1 teacher, improving the accuracy la-
tency trade-off while retaining bidirectional answer
refinement.

EDG is used during training and offline analy-
sis, not as an additional inference time input. For
diagnostics, we compute the full and intervened
denoising losses from Eq. 4 on held out examples.
We evaluate both the null or mask interventions
used by EDG and stronger real-input mismatched
replacements, and report whether gold-token con-
fidence decreases under intervention on protocol-
designated modalities. These diagnostics measure
protocol level intervention sensitivity rather than
fine-grained causal attribution.

4 Experiments

We evaluate OmniDenoise along six dimensions:
full context omni-modal accuracy, accuracy and
latency trade-offs, the contributions of Evidence
Denoising Gap (EDG) training and consistency dis-
tillation (CD), sensitivity to controlled modality
interventions, robustness of the intervention signal
under real input mismatched replacement, and com-
parison with a matched autoregressive intervention
objective. The evaluation covers three complemen-
tary settings: image, audio, and text reasoning;
clinical question answering over structured records
and radiographs; and out-of-distribution transfer to
a held-out omni-modal benchmark.

4.1 Experimental Setup

We evaluate OmniDenoise on three complementary
omni-modal settings. OmniBench evaluates image,
audio, and text reasoning with 1,142 four choice
questions; we report overall accuracy and accu-
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racy by audio category. EHRXQA evaluates clini-
cal question answering over structured electronic
health records and chest X-ray images; following
the answerable subset protocol, we evaluate on 526
test examples and report overall heuristic accuracy,
Boolean accuracy, list exact match, and list recall.
UNO-Bench is used only for out-of-distribution
transfer evaluation. We filter its validation set to
examples containing a text question, at least one
image, and at least one audio clip, yielding 926
examples, and report overall, multiple choice, and
multi output accuracy. No UNO-Bench examples
are used for training, validation, or model selection.
Dataset filtering details, split statistics, and cate-
gory distributions are provided in Appendix A. Full
prompting, answer parsing, decoding, latency mea-
surement, intervention construction, and training
configurations are provided in Appendix F.3.

Baselines. We compare with recent autoregres-
sive omni-modal models: Qwen2.5-Omni (Xu
et al., 2025a), Qwen3-Omni (Xu et al., 2025b),
Ming-Lite-Omni (Al et al., 2025), and MiniCPM-
0-4.5 (Yu et al., 2025), and diffusion baselines
Omni-Diffusion (Li et al., 2026) and Dynin-
Diffusion (Kim et al., 2026). Unless otherwise
specified, OmniDenoise refers to the Stage 2 EDG-
trained, distilled student used for inference. Off-
the-shelf diffusion baselines are included as direct-
transfer references, while Omni-Diffusion SFT is
the primary adapted diffusion baseline trained un-
der the same setting as OmniDenoise. We addi-
tionally train a matched Qwen2.5-Omni-7B pair:
AR-SFT with standard teacher forced likelihood
and AR-ELG with an autoregressive analogue of
the intervention gap objective. The matched pair
uses the same adaptation data, splits, prompts, up-
date budget, decoding protocol, and intervention
construction.

Evaluation protocol. All OmniBench models
receive the full image, audio, and text context.
For EHRXQA, models receive the natural lan-
guage question, serialized EHR context, and as-
sociated CXR image. Invalid, empty, or unparsable
responses are counted as incorrect. Latency is
measured as mean wall-clock generation time per
example. All OmniDenoise training runs use
4xNVIDIA A100 80GB GPUs, and latency mea-
surements are conducted on a single NVIDIA A100
80GB GPU. We report denoising steps and output
lengths together with latency in Appendix F.3 to
make the operating points explicit.

Modality interventions. We evaluate two inter-
vention types. A null intervention removes one
protocol designated evidence source while pre-
serving the question, remaining modalities, modal-
ity boundaries, and serialization structure. Om-
niBench examples are evaluated with either the
image or audio intervened upon, while EHRXQA
examples are evaluated with either the EHR con-
text or CXR image intervened upon. A stronger
real input mismatched replacement substitutes the
designated modality with a modality compatible in-
put sampled from another example, excluding self
replacement, while preserving tensor and serializa-
tion structure. These diagnostics measure protocol
level intervention sensitivity and are not intended
as token level or per example causal attribution.

4.2 Main Results

Table 1 shows that OmniDenoise is the strongest
adapted diffusion model on OmniBench. Com-
pared with the Vanilla SFT diffusion baseline
trained under the same tri-modal setting, EDG
and distillation improve accuracy from 37.48% to
45.27% while reducing latency from 1.01s to 0.19s.
The gain is especially large on Music (+29.68
points over SFT), suggesting that EDG is particu-
larly beneficial in settings where acoustic evidence
is difficult to replace with text or visual priors. Off-
the-shelf diffusion baselines perform poorly under
direct transfer, reflecting their limited exposure to
simultaneous image, audio, and text conditioning
rather than serving as the primary fairness com-
parison. Among autoregressive models, OmniDe-
noise remains competitive with Qwen2.5-Omni
and MiniCPM-0-4.5, while Qwen3-Omni achieves
higher absolute accuracy.

Table 2 evaluates structured EHR and CXR rea-
soning. OmniDenoise improves over the adapted
SFT diffusion baseline from 36.9% to 42.6%
H-Acc after distillation, while the EDG teacher
reaches 43.9%. The gains are also visible on
Boolean and list style answers. Although these
improvements over the diffusion baseline are sub-
stantial, the absolute H-Acc remains modest, high-
lighting the difficulty of structured clinical mul-
timodal reasoning. The matched autoregressive
results reported in Section 4.6 further show that
OmniDenoise does not establish universal accuracy
superiority over autoregressive models. These re-
sults are intended as benchmark evidence for mul-
timodal clinical QA, not as evidence of clinical
deployment readiness.
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Table 1: Main results on OmniBench. Accuracy is reported in percent and latency is mean generation time per

example in seconds.

Model Params Acc. T Music Speech Sound Latency/sample |
Autoregressive

Qwen2.5-Omni (Xu et al., 2025a) 7B 44.05 50.94 40.73 50.94 0.75
Qwen3-Omni (Xu et al., 2025b) 30B-A3B  49.65 57.55 4630 56.23 8.95
Ming-Lite-Omni (Al et al., 2025) 19B-A2.8B 40.89 53.77 3943  40.00 0.42
MiniCPM-o0-4.5 (Yu et al., 2025) 9B 46.06 59.43 43.19 49.06 0.71
Diffusion

Omni-Diffusion (Li et al., 2026) 8B 1.49 0.00 2.64 1.30 1.01
Dynin-Diffusion (Kim et al., 2026) 8B 21.19 19.81 1946  26.79 1.40
Omni-Diffusion SFT 8B 3748 2642 3671 44.15 1.01
OmniDenoise 8B 4527 56.10 4222  49.80 0.19

Table 2: Main results on the EHRXQA answerable test subset. Overall H-Acc is computed over all answerable
examples; Boolean Acc is computed on Boolean questions; List Exact and List Recall are computed on list-style

questions. All metrics are reported in percent.

Model Params Overall H-Acc 1 Boolean Acc T List Exact T List Recall 1
Autoregressive

Qwen2.5-Omni (Xu et al., 2025a) 7B 37.6 57.3 10.0 13.8
Qwen3-Omni (Xu et al., 2025b) 30B-A3B 39.7 61.2 9.6 15.9
Ming-Lite-Omni (Al et al., 2025) 19B-A2.8B 329 53.1 4.6 6.3
MiniCPM-0-4.5 (Yu et al., 2025) 9B 40.5 65.5 5.5 8.9
Diffusion

Omni-Diffusion (Li et al., 2026) 8B 18.4 29.6 2.7 34
Dynin-Diffusion (Kim et al., 2026) 8B 0.6 1.0 0.0 0.0
Omni-Diffusion SFT 8B 36.9 55.7 10.5 13.7
OmniDenoise 8B 42.6 64.5 11.9 17.8

Table 3: OmniBench component ablation. Accuracy is
reported in percent; latency is mean generation time per
example in seconds.

Model Acc. T Music Speech Sound Latency / sample |
Vanilla SFT 3748 2642 3671 44.15 1.01
+EDG 46.41 5850 43.00 51.50 1.01
+EDG+CD 4527 56.10 4222 49.80 0.19

4.3 Component Analysis

Tables 3 and 4 isolate the contributions of EDG
training and CD. EDG is the main source of the
accuracy gain: it increases OmniBench accuracy
from 37.48% to 46.41% (+8.93) and EHRXQA
H-Acc from 36.9% to 43.9% (+7.0). CD intro-
duces a small accuracy trade-off relative to the
EDG teacher, decreasing OmniBench accuracy by
1.14 points and EHRXQA H-Acc by 1.3 points.
This trade-off yields substantial speedups of 5.3 x
on OmniBench and 3.9 x on EHRXQA. Thus, EDG
accounts for the main accuracy improvement, while
CD primarily improves the accuracy and latency
operating point and preserves most of the interven-
tion sensitive behavior.

4.4 EDG Diagnostic Visualization

Figure 3 directly evaluates the diffusion native diag-
nostic optimized by EDG. For each held-out exam-
ple, we compute gold token denoising losses under
the full and modality intervened contexts using the
same corrupted answer state and masked answer
positions. Compared with Vanilla SFT, EDG train-
ing substantially increases both the mean denoising
loss gap and the fraction of examples with positive
aggregate EDG. The consistency distilled student
preserves most of this behavior, indicating that the
efficiency gain from distillation does not erase the
EDG signal. These diagnostics are consistent with
the task level intervention results below and should
be interpreted as measures of intervention sensitiv-
ity rather than fine-grained causal attribution.

4.5 Stronger Intervention Diagnostics

We first evaluate complete modality removal. On
OmniBench, Vanilla SFT is nearly invariant to re-
moving audio, changing from 37.48% to 37.5%,
and drops only 1.6 points when the image is re-
moved. By contrast, OmniDenoise drops 7.2 points
without the image and 10.3 points without the au-
dio while maintaining substantially higher full con-
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Table 4: EHRXQA component ablation on the answerable test subset. All scores are reported in percent; latency is
mean generation time per example in seconds.

Model Overall H-Acc T Boolean Acct List Exact T List Recall 1 Latency / sample |
Vanilla SFT 36.9 55.7 10.5 13.7 3.95
+ EDG 43.9 66.4 12.4 18.6 3.95
+EDG + CD 42.6 64.5 11.9 17.8 1.01
061 I venitaser [ +eoc [ +EDG+co Table 5: Full context performance and performance
g drops under null intervention and real input mis-
;0 o matched replacement. OmniBench reports accuracy and
Q" EHRXQA reports H-Acc. Null drops for OmniBench
E are averaged over image/audio interventions and those
=021 for EHRXQA over designated EHR/CXR interventions.
0.0 Dataset Model Full 7 Null Drop 1  Shuffle Drop 1
100 OmniBench Vanilla SFT  37.48 038 1.5
g +EDG 46.41 9.6 8.4
§ +EDG+CD  45.27 8.8 7.8
2 5 EHRXQA  VanillaSFT  36.9 1.7 19
] +EDG 439 8.0 7.2
o +EDG+CD 426 7.0 6.6
0 OmniBench OmniBench EHRXQA EHRXQA
No image No audio No EHR No CXR

Figure 3: Held-out EDG diagnostics under controlled
modality interventions. Top: mean increase in gold
token denoising NLL after removing the designated
modality. Bottom: percentage of examples with posi-

tive aggregate EDG, i.e., Ggm) > 0. Diagnostics are
computed offline on held-out examples using matched
corrupted answer states and are not used during infer-
ence. Higher values indicate stronger protocol level
intervention sensitivity.

text accuracy. On EHRXQA, Vanilla SFT drops
only 1.2 points without EHR and 2.1 points with-
out CXR, whereas OmniDenoise drops 6.2 and 7.7
points, respectively. Detailed per category interven-
tion results are provided in Appendix F.3.

Table 5 shows that the intervention effect per-
sists when null inputs are replaced by real inputs
from other examples. On OmniBench, the mis-
match drop increases from 1.5 points for Vanilla
SFT to 8.4 points after EDG training and remains
7.8 points after distillation. On EHRXQA, the cor-
responding relevant input mismatch drop increases
from 1.9 to 7.2 points and remains 6.6 points after
distillation. This substantially reduces the possibil-
ity that the observed effect is explained solely by
detecting an artificial null placeholder.

On EHRXQA, we additionally evaluate an ir-
relevant/control intervention. The corresponding
drops remain small at 0.8, 1.2, and 1.1 points for
Vanilla SFT, +EDG, and +EDG+CD, respectively,
while EDG Selectivity increases from 0.04 to 0.35
after EDG training and remains 0.31 after distilla-

tion. Thus, EDG produces a substantially stronger
response to interventions on protocol relevant evi-
dence than to the control intervention. We interpret
this result as selective protocol level intervention
sensitivity, not as per example causal attribution.

Stronger relative intervention sensitivity does not
imply a general collapse under missing modalities.
Under complete removal, the average OmniBench
accuracy is 36.70 for Vanilla SFT and 36.55 for
OmniDenoise; on EHRXQA, the corresponding av-
erages are 35.25 and 35.65. Thus, EDG mainly
increases the performance benefit obtained from
complete multimodal context rather than uniformly
reducing absolute missing modality performance.
These experiments do not establish robustness to ar-
bitrary partial corruption, noisy-but-present modal-
ities, or naturally missing evidence, which remain
complementary objectives.

4.6 Matched Autoregressive Comparison

To separate the general intervention gap princi-
ple from its diffusion native realization, we train
matched AR-SFT and AR-ELG models using
Qwen2.5-Omni-7B. AR-ELG fixes the gold prefix
and compares answer token negative log likelihood
under full and intervened contexts using the same
margin objective as EDG.

On OmniBench, AR-SFT reaches 47.55% full
context accuracy with null and shuffle drops of 12.0
and 15.2 points, respectively. AR-ELG reaches
48.77% accuracy with corresponding drops of 12.7
and 15.3 points. Thus, the intervention objective
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Table 6: Marginal effect of the intervention objective on
OmniBench. Each row reports the difference between
training with and without the corresponding intervention
gap objective.

Objective effect Full Acc. A Null Drop A Shuffle Drop A

Diffusion (EDG — SFT) +8.9 +8.8 +6.9
AR (AR-ELG — AR-SFT) +1.2 +0.7 +0.1

Table 7: OOD results on the filtered UNO-Bench val-
idation subset. MC denotes multiple choice examples
and MO denotes multi output examples. Overall is com-
puted over 756 MC and 170 MO examples.

Model Overallt MC1T MOT
Autoregressive

Qwen2.5-Omni (Xu et al., 2025a) 29.30 29.63 27.82
Qwen3-Omni (Xu et al., 2025b) 39.38 40.21 35.71
Ming-Lite-Omni (Al et al., 2025) 28.39 28.57 27.59
MiniCPM-0-4.5 (Yu et al., 2025) 31.94 3241 29.88
Diffusion

Omni-Diffusion (Li et al., 2026) 22.06 2447 1135
Dynin-Diffusion (Kim et al., 2026) 21.19 24.60 6.00
OmniDenoise 35.75 37.17 2941

transfers to autoregressive training, but its marginal
effect is substantially smaller than for the diffusion
backbone.

Table 6 highlights this difference: EDG in-
creases the diffusion model’s null and shuffle drops
by 8.8 and 6.9 points, whereas AR-ELG changes
them by only 0.7 and 0.1 points. This suggests
that teacher forced autoregressive models are al-
ready substantially intervention sensitive, while
the adapted diffusion baseline benefits much more
strongly from explicit intervention gap training.

The EHRXQA matched comparison is more
mixed. AR-SFT obtains 47.34% H-Acc, whereas
AR-ELG obtains 45.25%. CXR-null sensitivity
increases slightly from 6.27 to 6.84 points, but
CXR-shuffle sensitivity remains small (0.19 versus
0.57 points), and EHR-null sensitivity decreases.
We therefore do not claim a consistent autoregres-
sive improvement or statistical significance from
these single run results. Taken together, the objec-
tive transfers across architectures, but its largest
and most consistent marginal benefit in our experi-
ments is concentrated in the diffusion backbone.

4.7 Out-of-Distribution Evaluation

Table 7 reports transfer to the filtered UNO-Bench
subset without additional fine-tuning. This setting
evaluates generalization to a held-out omni-modal
benchmark with a different data source and ques-
tion distribution from the training and development
benchmarks. OmniDenoise achieves 35.75% over-

all accuracy, improving over Omni-Diffusion by
13.69 points and over Dynin-Diffusion by 14.56
points. It is the strongest diffusion model and
the second best model overall, within 3.63 points
of Qwen3-Omni. The advantage is strongest on
the MC subset; on MO, OmniDenoise is close to
MiniCPM-0-4.5 but slightly lower. This suggests
that open or multi output prediction remains more
challenging for the current diffusion decoder.

5 Conclusion

We presented OmniDenoise, a diffusion MLLM
framework for intervention sensitive omni-modal
prediction. EDG improves full context perfor-
mance and strengthens selective intervention sen-
sitivity, including under real input mismatched
replacement, while consistency distillation im-
proves the accuracy and latency trade-off. A
matched autoregressive analogue shows much
smaller marginal gains, suggesting that the largest
benefit of explicit intervention gap training is con-
centrated in the diffusion backbone. EDG should
be interpreted as a protocol level intervention sensi-
tivity signal rather than fine grained causal attribu-
tion; robustness to partial or noisy inputs and open
ended generation remain future directions.
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Limitations

OmniDenoise provides protocol level intervention
sensitivity rather than fine-grained causal evidence
attribution, especially when modalities are redun-
dant or correlated. Real input mismatched replace-
ment reduces concerns about artificial null modality
cues, but does not establish causal evidence use or
robustness to partial and noisy inputs. The evalu-
ation is limited to benchmark answer prediction,
and broader validation is needed for open ended
generation, and real world distribution shifts.
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A Dataset and Filtering Details

This appendix provides dataset statistics, filter-
ing details, additional intervention experiments,
matched autoregressive comparisons, and imple-
mentation details used in the camera-ready evalua-
tion.

OmniBench. We use Omnilnstruct-vl as the
instruction-tuning source for image, audio, and text
examples, and evaluate tri-modal reasoning on Om-
niBench (LI et al., 2025). The local Omnilnstruct-
v1 mixed split contains 84,580 training examples
and 11,525 validation examples. OmniBench con-
tains 1,142 four-choice questions, each paired with
an image, an audio clip, and a text question. The
evaluated set contains 106 music questions, 771
speech questions, and 265 sound-event questions.
We report overall multiple-choice accuracy and ac-
curacy for each audio category.

EHRXQA. EHRXQA evaluates question an-
swering over structured electronic health records
and chest X-ray images (Bae et al., 2023). Af-
ter filtering examples without usable ground-truth
answers, the local adaptation split contains 4,135
training examples and 625 validation examples.
For test evaluation, we use the 526 answerable ex-
amples obtained from the 640 source test questions
by excluding 114 records without usable ground-
truth answers. The evaluated subset contains 307
Boolean questions and 219 list questions. We re-
port overall heuristic accuracy, Boolean accuracy,
list exact match, and list recall.

UNO-Bench. UNO-Bench is used only for out-
of-distribution transfer evaluation (Chen et al.,
2025). It is not used for training, validation, hy-
perparameter tuning, or model selection. To match
the evidence requirement studied in this paper, we
retain validation examples containing a text ques-
tion, at least one image, and at least one audio clip,
and remove video-conditioned or missing-modality
examples. This filtering yields 926 examples, in-
cluding 756 UNO-Bench-MC examples and 170
UNO-Bench-MO examples. We report overall ac-
curacy as well as accuracy on the MC and MO
subsets.

B Bidirectional Consistency Distillation
Details

This appendix gives the full construction of the few-
step bidirectional consistency distillation objective

Dataset Train  Validation — Test/Eval Main metrics

OmniBench + Omnilnstruct-vl 84,580 11,525 1,142 Acc.
EHRXQA 4,135 625 526 H-Acc., Bool., List
UNO-Bench filtered - - 926 Acc., MC, MO

Table 8: Dataset statistics used in our experiments.
UNO-Bench is used only for transfer evaluation and
is not used during training, validation, or model selec-
tion.

used in Stage 2. We use the convention that larger ¢
corresponds to a more corrupted answer state. Let
Do, be the frozen EDG-trained teacher and py be
the student initialized from the teacher.

We first sample a less-denoised answer state §/°
at timestep to and define the currently masked po-
sitions as

My = {i : §{ = [MASKI}. (11)
We then sample a subset U C M and reveal their
ground-truth tokens to construct a more-denoised

state §':
~1 Yi,
Yi = {~0
yz' )

Let S = My \ U denote positions that remain
masked in §j'. We associate §j' with timestep t; <
to, reflecting that it is more denoised than 7°.

For the newly revealed positions U, the student
is trained with a direct denoising loss:

1€ U,

12
i ¢ U. (12)

1 ]
Lyump = 57 > —logpy(yi | C, % t0). (13)
€U

For the positions S that remain masked, we dis-
till the teacher distribution at the more-denoised
state into the student distribution at the less-
denoised state:

1 N
Lyq = 5l g D, (Sg[peT(' | C, 5" t1)]
i€S (14)

| psl- 1 C. 5" t0)),

where sg|-| stops gradients through the teacher. The
KL term is computed only on S, which prevents
the teacher target from being conditioned on the
gold token at the same position.

We also add a student self-consistency loss on
the remaining masked positions:

1 -
Lsc = EZDKL (sg[p¢(- | C, 5" )]
icS (15)

I po(- 1 3% t0) ).
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UNO-Bench filtered
n=926
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(18.4%)

307
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Figure 4: Effective evaluation data. OmniBench is grouped by audio category; EHRXQA reports the answerable
test subset after removing examples without usable ground-truth answers; UNO-Bench reports the filtered image,
audio, and text question validation subset used only for transfer evaluation.

The complete Stage 2 objective is
[fstageZ = wjumpﬁjump +wid Liq + Wse Lsc. (16)

If U or S is empty, the corresponding term is
omitted. This objective teaches the student to re-
cover more answer tokens per denoising step while
matching the EDG-trained teacher on unresolved
positions.

C Additional Modality Intervention
Experiments

This section provides detailed results for the
modality-intervention experiments summarized in
the main paper. We distinguish between the
null/mask intervention used during EDG training
and a stronger real-input mismatched replacement
used for evaluation.

C.1 Intervention Construction

For a designated modality m, the null interven-
tion modifies only its content while preserving the
query, all remaining modalities, modality boundary
tokens, tensor layout, and serialization template.
Image and audio inputs are zeroed where applica-
ble, while textual or structured spans are replaced
by the corresponding null or mask representation.
The full and intervened EDG passes use the same
timestep, mask set, and corrupted answer state.
For real-input mismatched replacement, the des-
ignated image, audio, EHR, or CXR input is in-
stead replaced by a real input of the same modality
drawn from another example. Self-replacement is

excluded. This preserves the modality type and in-
put structure while disrupting the correspondence
between the designated evidence and the target an-
SWer.

C.2 Detailed Complete-Removal Results

Tables 9 and 10 provide the detailed modality-
removal results that complement the compact anal-
ysis in the main paper.

C.3 Real-Input Mismatched Replacement

Table 11 compares null removal with real-input
mismatched replacement on OmniBench. Drops
are computed as full-context accuracy minus inter-
vened accuracy and are averaged over image and
audio interventions.

The shuffle drop increases from 1.5 points for
Vanilla SFT to 8.4 points after EDG training and
remains 7.8 points after consistency distillation.
The effect therefore persists when the intervened
modality contains a structurally valid real input
rather than an artificial null placeholder.

On the 526-example EHRXQA answerable
subset, we additionally compare interventions
on protocol-relevant evidence with an irrele-
vant/control intervention.

Relevant real-input shuffling produces a 7.2-
point drop after EDG training, compared with
1.9 points for Vanilla SFT, while the control-
intervention drops remain small. EDG Selectivity
increases from 0.04 to 0.35 and remains 0.31 after
consistency distillation. We interpret this pattern
as selective protocol-level intervention sensitivity,
rather than fine-grained causal attribution.
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Table 9: OmniBench performance under complete modality removal. Each cell reports the intervened score and the
absolute point change relative to the corresponding full-context score.

No Image No Audio
Model Overall Music Speech Sound Overall Music Speech Sound
Autoregressive
Qwen2.5-Omni 29.3 (-14.8) 49.1 (-1.8) 24.6 (-16.1)  34.7(-16.2)  33.4(-10.7) 44.3 (-6.6) 32.6 (-8.1) 31.3(-19.6)
Qwen3-Omni 36.3 (-13.4) 50.9 (-6.7) 31.7(-14.6)  442(-12.0) 385(-11.2) 58.5 (+1.0) 36.7 (-9.6) 35.8 (-20.4)
Ming-Lite-Omni 254 (-15.5)  39.6(-142) 23.0(-16.4) 26.8(-13.2) 34.5(-6.4) 50.9 (-2.9) 32.0(-7.4) 35.1(-4.9)
MiniCPM-o0-4.5 37.0 (-9.1) 55.7 (-3.7) 32.9(-10.3) 41.5 (-7.6) 37.0 (-9.1) 49.1 (-10.3) 36.8 (-6.4) 32.5(-16.6)
Diffusion
Omni-Diffusion SFT 35.9 (-1.6) 26.4 (+0.0) 34.8 (-1.9) 43.0 (-1.2) 37.5 (+0.0) 25.5(-0.9) 36.7 (+0.0) 44.5 (+0.4)
OmniDenoise 38.1(-7.2) 53.4(-2.7) 34.6 (-7.6) 39.2(-10.6)  35.0(-10.3)  42.8(-13.3) 32.9(-9.3) 34.7 (-15.1)

Table 10: EHRXQA performance under complete modality removal. Each cell reports the intervened score and the
absolute point change relative to the corresponding full-context score.

No EHR No CXR

Model Overall Boolean List Exact List Recall Overall Boolean List Exact List Recall
Autoregressive

Qwen2.5-Omni 35.0 (-2.6) 554 (-1.9) 6.4 (-3.6) 10.6 (-3.2) 34.8 (-2.8) 56.0 (-1.3) 5.0 (-5.0) 6.3 (-7.5)
Qwen3-Omni 37.1 (-2.6) 55.4 (-5.8) 11.4 (+1.8) 16.0 (+0.1) 32.7 (-7.0) 51.8 (-9.4) 59(3.7) 7.7 (-8.2)
Ming-Lite-Omni 31.6 (-1.3) 48.9 (-4.2) 18.3 (+13.7) 11.6 (+5.3)  34.0 (+1.1) 55.7 (+2.6) 3.7 (-0.9) 4.5(-1.8)
MiniCPM-0-4.5 41.3 (+0.8)  65.5(+0.0) 7.3 (+1.8) 11.6 (+2.7) 354 (-5.1) 57.3(-8.2) 4.6 (-0.9) 5.3(-3.6)
Diffusion

Omni-Diffusion SFT 35.7(-1.2) 53.1(-2.6) 11.4 (+0.9) 16.5 (+2.8) 34.8 (-2.1) 48.2 (-7.5) 16.0 (+5.5)  20.8 (+7.1)
OmniDenoise 36.4 (-6.2) 56.8 (-7.7) 7.5 (-4.4) 10.2 (-7.6) 34.9 (-7.7) 54.2 (-10.3) 6.4 (-5.5) 8.7(9.1)

Table 11: OmniBench full-context accuracy and per-
formance drops under null intervention and real-input
mismatched replacement.

Model Full Acc. © Null Drop 1 Shuffle Drop 1
Vanilla SFT 37.48 0.8 1.5
+ EDG 46.41 9.6 84
+EDG + CD 45.27 8.8 7.8

C.4 Intervention Sensitivity and
Missing-Modality Performance

Larger relative drops under intervention do not im-
ply a general collapse in absolute missing-modality
performance. On OmniBench, Vanilla SFT obtains
35.9 without the image and 37.5 without audio,
for an average of 36.70, whereas OmniDenoise ob-
tains 38.1 and 35.0, for an average of 36.55. On
EHRXQA, the corresponding removal averages are
35.25 for Vanilla SFT and 35.65 for OmniDenoise.

Thus, in the evaluated complete-removal set-
tings, EDG primarily increases the benefit obtained
from the full multimodal context without causing
a general reduction in absolute missing-modality
performance relative to Vanilla SFT. These ex-
periments do not establish robustness to arbitrary
partial corruption or noisy-but-present modalities,
which remains a complementary objective.

D Matched Autoregressive Intervention
Experiments

To separate the general intervention-gap principle
from its diffusion-native realization, we construct
a matched autoregressive analogue using Qwen2.5-
Omni-7B. AR-SFT uses standard teacher-forced
likelihood, while AR-ELG fixes the gold prefix
and compares answer-token negative log-likelihood
under full and intervened contexts using the same
margin formulation. The matched pair uses the
same data, splits, prompts, update budget, decoding
protocol, and intervention construction.

D.1 OmniBench

AR-SFT is already strongly sensitive to both null
and shuffled interventions. AR-ELG slightly in-
creases full-context accuracy and produces only
small changes in intervention sensitivity.

The intervention-gap objective therefore trans-
fers in form across architectures, but its marginal
effect is substantially larger on the diffusion back-
bone in this experiment. This motivates our char-
acterization of EDG as a diffusion-native instantia-
tion of an intervention-gap objective rather than an
objective that is exclusive to diffusion models.
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Table 12: EHRXQA results under relevant null removal, relevant real-input mismatched replacement, and an
irrelevant/control intervention. EDG Selectivity is mean(EDG,¢levant) — mean(EDGi;relevant )-

Model Full H-Acc. T Relevant Null Drop 1 Relevant Shuffle Drop + Irrelevant Drop | EDG Selectivity 1
Vanilla SFT 36.9 1.7 1.9 0.8 0.04
+ EDG 43.9 8.0 7.2 1.2 0.35
+ EDG + CD 42.6 7.0 6.6 1.1 0.31

Table 13: Matched autoregressive comparison on Om-
niBench.

Table 15: Marginal effect of the intervention-gap objec-
tive on OmniBench.

Model Full Acc. T Null Drop 1 Shuffle Drop 1
AR-SFT 47.55 12.0 152
AR-ELG 48.77 12.7 15.3

Table 14: Per-condition intervention drops for the
matched autoregressive models on OmniBench.

Condition AR-SFT Drop AR-ELG Drop
Null audio 12.08 12.70
Null image 11.91 12.78
Shuffle audio 11.21 11.73
Shuffle image 19.09 18.83

D.2 EHRXQA

The EHRXQA effect is mixed. AR-ELG slightly
increases CXR-null sensitivity, while full-context
H-Acc and EHR-null sensitivity decrease. CXR-
shuffle drops remain close to zero for both autore-
gressive models. Because these results are based on
single runs, we do not claim statistical significance
for these small differences. Overall, the matched
comparisons do not support universal superiority
of the intervention objective across architectures;
its largest and most consistent marginal effect in
our experiments occurs on the diffusion backbone.

E Additional Diagnostic and Efficiency
Results

E.1 Numerical EDG Diagnostics

Table 17 reports the numerical values correspond-
ing to the held-out EDG diagnostic visualization in
the main paper.

EDG training substantially increases both the
mean denoising-loss gap and the fraction of ex-
amples with positive aggregate EDG. Consistency
distillation slightly reduces the magnitude while
preserving most of the intervention-sensitive be-
havior. These values are used as offline diagnostics
and are not additional inference-time inputs.

Objective effect Full Acc. A Null-Drop A Shuffle-Drop A

Diffusion (EDG — SFT) +8.9 +8.8 +6.9
AR (AR-ELG - AR-SFT) +1.2 +0.7 +0.1

Table 16: Matched autoregressive results on the 526-
example EHRXQA answerable subset.

Model Full H-Acc. T CXR-Null Drop T CXR-Shuffle Drop + EHR-Null Drop 1

AR-SFT 47.34 6.27 0.19 2.85
AR-ELG 45.25 6.84 0.57 0.57

E.2 Latency Operating Points

All latency measurements report mean wall-clock
generation time per example on a single NVIDIA
A100 80GB GPU. Within each dataset, diffusion
models use the same prompt, answer span, parser,
and hardware. We report denoising steps separately
from output length because diffusion and autore-
gressive models operate under different decoding
schemes.

Relative to Vanilla SFT, the one-step distilled
model yields a 5.3x speedup on OmniBench and
a 3.9x speedup on EHRXQA. The autoregressive
rows are provided as hardware-matched latency
references; their output lengths differ from the fixed
answer spans used by the diffusion models.

F Reproducibility and Responsible
Research Details

This section consolidates additional implementa-
tion and responsible-research details and clari-
fies how the reported experiments should be in-
terpreted.

F.1 Scientific Artifacts, Licenses, and
Intended Use

Artifacts used. The study uses existing mul-
timodal datasets and benchmarks, including
Omnilnstruct-vl/OmniBench, EHRXQA, and the
filtered UNO-Bench validation subset. It also eval-
uates against publicly described autoregressive and
diffusion multimodal models cited in the main pa-
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Table 17: Numerical values for the held-out EDG diag-
nostics. Positive EDG denotes the percentage of exam-
ples with positive aggregate EDG.

Intervention Model Mean EDG  Positive EDG (%)
OmniBench No Image  Vanilla SFT 0.04 55
+EDG 0.46 91
+EDG + CD 0.38 88
OmniBench No Audio  Vanilla SFT 0.02 52
+ EDG 0.61 94
+EDG + CD 0.53 92
EHRXQA No EHR Vanilla SFT 0.05 56
+ EDG 0.42 88
+EDG + CD 0.35 84
EHRXQA No CXR Vanilla SFT 0.07 60
+EDG 0.51 91
+EDG + CD 0.44 89

Table 18: Generation latency on OmniBench.

Model Steps Latency Output tokens
OmniDenoise 1 0.19s 16
Vanilla SFT 8 1.01s 16
Qwen2.5-Omni - 0.75 s 1

per. The accompanying implementation includes
training scripts, modality-intervention construction,
model and optimization configurations, dataset fil-
tering and serialization utilities, evaluation and
scoring scripts, offline EDG diagnostics, and la-
tency measurement.

Licenses and terms. The experiments rely on ar-
tifacts under their original public licenses, data-use
terms, or access conditions. We do not redistribute
third-party datasets, patient records, raw bench-
mark items, or third-party model weights. Users
of the released implementation should obtain the
underlying datasets and baseline models from their
original providers and comply with their respective
terms.

Intended use. The artifacts and derived results
are intended for research on omni-modal reasoning,
diffusion language modeling, and model analysis.
The clinical benchmark results are aggregate re-
search evaluations only and are not evidence of
clinical deployment readiness.

F.2 Privacy, Sensitive Content, and Data
Handling

No new dataset was collected for this work.
EHRXQA contains clinical question-answering in-
stances over electronic health records and chest
X-ray images from an existing benchmark. We use
the answerable subset only for aggregate evalua-

Table 19: Generation latency on EHRXQA under the
same hardware protocol.

Model Steps Latency Output tokens
Vanilla SFT 8 395s 128
OmniDenoise 1 1.00 s 128
AR (Qwen-Omni) - 2.22s 3.6

tion, do not reproduce individual patient records
or images in the paper, and do not attempt re-
identification. OmniBench and UNO-Bench may
include real-world image or audio content; we use
their released benchmark format and report only
aggregate metrics. All experiments are conducted
under the access conditions of the corresponding
artifacts.

F.3 Experimental Setup, Hyperparameters,
and Compute

The adapted diffusion baseline and OmniDenoise
use an 8B Omni-Diffusion backbone. Training runs
use 4 NVIDIA A100 80GB GPUs, and all latency
measurements are conducted on a single NVIDIA
A100 80GB GPU.

The method uses two training stages. Stage 1
optimizes masked answer denoising together with
EDG. Stage 2 distills the EDG-trained teacher into
a few-step bidirectional denoising student. Om-
niDenoise introduces no architectural modification
or additional trainable parameters relative to the
Vanilla SFT diffusion baseline; Stage 1 uses the
same backbone, optimizer, schedule, and training
budget, with the EDG margin objective added to
the standard denoising loss.

All supervised fine-tuning runs start from the
Omni-Diffusion checkpoint and use the same tok-
enizer stack: GLM-4-Voice/Sense Voice for audio
tokens and MAGVIT-v2 for image tokens. Un-
less otherwise specified, training uses PyTorch dis-
tributed data parallelism, DeepSpeed ZeRO-3 op-
timizer offload, bf16 model weights, TF32 matrix
multiplications, FlashAttention-2, gradient check-
pointing, maximum gradient norm 1.0, weight de-
cay 0, AdamW with g; = 0.9, 82 = 0.95, and
e = 1078, together with a cosine learning-rate
schedule and 3% warmup. The audio encoder is
frozen during fine-tuning. Both the training seed
and data seed are fixed to 956.

F.4 Result Reporting and Evaluation

Unless otherwise stated, reported accuracies are
single-run results on fixed evaluation splits. The
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Table 20: Key training and optimization configurations for the OmniBench and EHRXQA experiments.

Setting OmniBench EHRXQA

Base model Omni-Diffusion 8B Omni-Diffusion 8B
Hardware 4xA100 80GB 4xA100 80GB
Training data Omnilnstruct-v1 (4,491 MCQ + 80,089 open-ended) EHRXQA answerable func_vqga
Sequence length 3072 8192

Optimizer AdamW (51 = 0.9, B2 = 0.95, ¢ = 1079) Same

Learning rate / schedule 1 x 107%, cosine, 3% warmup Same

Effective batch size 64 32

Maximum steps / epochs 3000/ 2.27 150/1.16
Precision / attention bf16 / FlashAttention-2 Same

EDG Acqg / margin A 0.1/0.1 0.1/0.1

Required modalities Image, audio CXR, EHR

Consistency distillation ~ Forward KL; reveal prob. 0.5; self-consistency weight 0.5 Same

paper reports aggregate accuracy for OmniBench
and UNO-Bench, and H-Acc, Boolean accuracy,
list exact match, and list recall for EHRXQA. In-
valid, empty, or unparsable responses are counted
as incorrect.

Evaluation uses task-specific answer parsing and
exact or heuristic scoring rules described in the
experimental setup. No new human annotation is
introduced. The accompanying implementation
provides the intervention, filtering, serialization,
decoding, scoring, and latency-evaluation proce-
dures used for the reported experiments.

F.5 Human Subjects and AI Assistance

The work does not recruit participants, hire an-
notators, or conduct a new human-subjects study.
Therefore, participant instructions, recruitment or
payment details, and new ethics-board approval for
newly collected human-subject data are not appli-
cable. The work relies on existing datasets and
follows their original access conditions.

An Al assistant was used for writing support.
The authors reviewed and revised Al-assisted text
and remain responsible for all claims, experimental
results, citations, and final content.
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