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Fig. 1: MMDiff. We present a method to decode multiple modalities from a frozen
Diffusion Transformer. We show that information in DiT is distributed across the de-
noising trajectory, and introduce multi-timestep feature fusion to capture the complete
perceptual information encoded across them. Lightweight decoder heads predict seman-
tic segmentation, saliency, and depth with no modifications to the generative model.

Abstract. Diffusion transformers have demonstrated remarkable gen-
erative capabilities, yet the rich perceptual representations computed
across their denoising trajectory are discarded once the content is ren-
dered. We present MMDiff, a framework that transforms a frozen dif-
fusion transformer into a multi-modal generative system that jointly
produces images alongside any combination of dense perceptual modali-
ties using lightweight decoder heads. Our central finding is that percep-
tual information is temporally distributed along the denoising trajectory,
and that multi-timestep feature fusion with spatially varying aggregation
weights is essential, improving semantic segmentation results by up to
28.7% mIoU over single-timestep extraction. We further adopt concept-
driven attention extraction for interpretable spatial guidance, and show
that frozen diffusion features are competitive with and complementary to
state-of-the-art encoders such as DINOv3. By training only lightweight
decoder heads on a frozen backbone, we achieve strong performance in
semantic segmentation, salient object detection, and depth estimation,
and demonstrate that this framework enables effective synthetic data
generation at scale. Code, models, and results are available here.

https://yagmurakarken.github.io/mmdiff/
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1 Introduction

Image and video generators are often not used solely to generate visual data but
also require additional information about the image, such as segmentation or
depth, for use in downstream applications. Diffusion transformers process thou-
sands of tokens across dozens of layers and denoising timesteps to generate a
single image or video, yet all intermediate representations are discarded once
the final content is rendered. Separate task-specific models are then used to ex-
tract semantic, geometric, and structural information from the generated pixels,
thereby re-extracting information that may already have been computed dur-
ing generation. Extending diffusion models to predict new perceptual modalities
has clear practical value. A model that generates images while simultaneously
predicting their semantic labels, depth maps, or saliency masks can, for exam-
ple, produce annotated training data at scale, thereby eliminating the need for
expensive manual annotation. Similarly, such a pipeline is equally valuable for
video and 3D generation, where geometric and semantic understanding must
be consistent with the generated content. In both settings, the key challenge is
the same: how to best extract perceptual information from a frozen generative
backbone. Several works have explored this direction. DatasetDM [46] and Dif-
fuMask [47] extract annotations from Stable Diffusion’s U-Net [36] during gen-
eration. In parallel, recent methods extend diffusion backbones to jointly predict
scene geometry and video [23, 51, 53]. However, all of these approaches extract
features from the final denoised latent or the last denoising timestep, discarding
all intermediate representations computed during generation. The shift toward
transformer-based diffusion models makes this particularly important. State-of-
the-art models like FLUX [27], Stable Diffusion 3 [12], and PixArt-α [4] adopt
the Diffusion Transformer (DiT) architecture [32]. Unlike U-Nets [37], which
organize representations hierarchically through spatial downsampling, DiTs pro-
cess all tokens at uniform resolution throughout the network [9]. Without spatial
hierarchies, perceptual information is spread more uniformly across layers and
timesteps rather than concentrated at specific scales, meaning the final denoised
latent alone is insufficient for dense prediction.

In this work, we introduce MMDiff, a multi-modal diffusion framework
that decodes any combination of dense perceptual modalities from a frozen
diffusion transformer. Our central finding is that multi-timestep feature fusion
is essential: aggregating features across the denoising trajectory yields signifi-
cantly richer representations than extracting from any single timestep. In our
experiments, multi-timestep fusion improves segmentation by +28.7% mIoU
over single-timestep extraction. We further leverage concept-driven attention
extraction [16] for targeted spatial guidance, and show that discriminative fea-
tures can optionally complement diffusion representations [38]. By training only
lightweight decoder heads from a frozen DiT [27] backbone, we achieve strong
performance across semantic segmentation, salient object detection, and depth
estimation. As a downstream application, this enables automatic label extraction
for synthetic data generation. We summarize our contributions as follows:
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– We present MMDiff, a framework for extending a frozen DiT to predict any
dense perceptual modality using lightweight decoder heads, without modi-
fying the generative backbone.

– We demonstrate that multi-timestep feature fusion is essential for dense
prediction from DiTs, and that single-timestep extraction, as used by all
prior works, discards highly valuable information encoded during genera-
tion. We further enrich the extracted features using concept-driven atten-
tion extraction [16], which provides richer spatial guidance than averaged
cross-attention.

– We show, for the first time, that frozen diffusion transformer features achieve
comparable performance to discriminative representations such as DINO [38],
and that the two are complementary, demonstrating an effective combination
of generative and discriminative features.

– MMDiff enables effective synthetic data generation: a single frozen model
simultaneously generates images and extracts high-quality annotations, sub-
stantially outperforming prior U-Net-based methods [31,46,47].

2 Related Work

Diffusion Transformer Architectures. Diffusion models [8, 18, 39] have transi-
tioned from U-Net [37] to transformer-based architectures for improved scala-
bility and generation quality. Latent diffusion models [36] enable efficient high-
resolution synthesis by operating in a compressed latent space. DiT [32] demon-
strated that transformers scale more efficiently than U-Nets for image gener-
ation, processing all patches with equal capacity through self-attention rather
than hierarchical downsampling. FLUX [27] extends this with a dual-stream
architecture: 19 double-stream blocks for text-image interaction followed by 38
single-stream blocks for unified processing. Unlike U-Nets, which create semantic
hierarchies through spatial downsampling, FLUX maintains 1024 image tokens
of dimension 3072 across all layers. Unlike U-Nets, semantic specialization in
DiTs arises from attention patterns across layers and timesteps rather than from
spatial hierarchies. This fundamentally changes how perceptual information is
organized, requiring new strategies to extract it effectively.

Multi-Model Diffusion. Image and video generators often require additional
information about the generated content, such as segmentation or depth, for
downstream applications. Recent work extends diffusion models to predict ge-
ometry alongside generation, though most approaches train separate decoder
networks that operate independently of the generation process. For video, Fan-
tasyWorld [7] trains a separate geometric branch with DPT [35] heads to decode
depth, point maps, and camera poses alongside a frozen video foundation model,
while JOG3R [19] jointly trains a separate DUSt3R-style [44] geometry decoder
with the video generator. WVD [52] trains the diffusion transformer itself to
output geometry as separate output channels alongside RGB, though geometry
is only available after the full generation process completes via the VAE decoder.
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Fig. 2: MMDiff Pipeline: Given a text prompt, the diffusion transformer generates
an image through its dual-stream and single-stream blocks. Features are extracted,
pruned, and combined with concept attention maps and discriminative features, then
decoded to produce task-specific predictions for the generated image.

For images, DatasetDM [46] trains perception decoders on Stable Diffusion fea-
tures to generate segmentation masks and depth maps, though the coarse spa-
tial resolution of U-Net feature maps limits annotation quality. DiffuMask [47]
is similarly constrained to single-concept segmentation by its reliance on cross-
attention maps, while Dataset Diffusion [31] addresses multi-class scenarios but
faces the same U-Net feature limitations. GenPercept [48] and Diff-2-in-1 [55] in-
tegrate customized perception decoders with U-Net diffusion features for various
dense prediction tasks. However, these U-Net-based approaches encode semantic
information hierarchically through spatial downsampling, limiting the richness
of extracted features. Our work demonstrates that transformer-based diffusion
models distribute semantic information across layers and denoising timesteps
without spatial downsampling. By recycling features computed during genera-
tion and aggregating them across multiple timesteps with learned spatial weight-
ing, we extract substantially higher-quality annotations than U-Net-based meth-
ods using lightweight decoders on frozen transformer features.

3 Method

Our goal is to extend a frozen diffusion transformer into a multi-modal generator
by extracting and fusing features computed across the denoising process. Given
a text prompt, we simultaneously generate an image and extract from the DiT
internal representations any combination of dense perceptual modalities, such
as semantic segmentation, depth, saliency, and more, using lightweight decoder
heads. This transforms a single generative model into a pipeline that jointly
generates images with any combination of semantic, geometric, and structural
descriptions in a single generation pass.

Modern DiTs, such as FLUX [27], employ a dual-stream architecture com-
prising double-stream blocks followed by single-stream transformer blocks. These
models maintain a flat architecture in which all tokens are processed at a uniform
spatial resolution throughout the network. Unlike U-Nets, which create hierarchi-
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cal representations through spatial downsampling [54], this flat transformer ar-
chitecture achieves semantic abstraction through attention mechanisms, thereby
necessitating different feature extraction strategies. For example, diffusion trans-
former blocks produce features with very large activation magnitudes [14], neces-
sitating careful normalization when aggregating features across multiple layers
and timesteps to ensure stable training and effective gradient flow.

Our framework serves two purposes: (1) generating synthetic datasets with
automatically extracted annotations during image generation, and (2) extracting
features from real images for validation and analysis. For real images, we apply
the forward diffusion process [41] to add Gaussian noise:

xt =
√
αtx0 +

√
1− αtϵ, (1)

where x0 is the clean image, ϵ ∼ N (0, I) is random noise, and t indexes
the diffusion timestep. We then extract features from these noised images at
multiple timesteps, enabling the same feature extraction mechanism to work for
both synthetic generation and real image analysis.

3.1 Multi-Timestep Feature Extraction

We extract features from multiple layers Li ∈ L within the DiT. We choose a
variety of early and late layers to provide coverage across the transformer depth
while maintaining computational efficiency.

Multi-Timestep Extraction. Semantic information in diffusion transform-
ers is distributed across the denoising trajectory [22]. Early timesteps capture
coarse object layouts and scene-level semantics. Late timesteps preserve fine de-
tails and local structure but lose global semantic context [50]. To access the full
range of semantic knowledge, we extract features from multiple timesteps tj ∈ T
in the denoising schedule, where t ∈ [0, 1] with t = 1 representing pure noise and
t = 0 representing clean data. Combined with the layer selections, this yields
|L||T | feature maps total per input. We denote the extracted feature at layer i

and timestep t as F (i)
t ∈ RB×N×C , where N is the number of spatial tokens and

C is the feature dimension.
Token Aggregation. Since each feature map typically contains upwards of

1,000 tokens, each with several thousand channels, naive concatenation would
yield prohibitively large representations, leading to memory overflow and com-
putational infeasibility. Simple averaging, while memory-efficient, fails to lever-
age the complementary nature of features across timesteps and layers. Figure 3
analyzes DiT feature characteristics to motivate our aggregation strategy. Fig-
ure 3a shows that activation magnitudes grow monotonically across FLUX’s 38
single-stream layers with high correlation between adjacent layers, indicating
gradual information propagation. This motivates our sparse layer sampling at
L = {4, 15, 26, 37} to maximize coverage while avoiding redundancy. Figure 3b
visualizes feature entropy across timesteps T = {0.78, 0.52, 0.26, 0.001}, demon-
strating distinct information content at each denoising stage: early timesteps
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(a) Layer and timestep analysis: activation magnitudes, correlations, and token norm variation

Image t = 0.78 t = 0.52 t = 0.26 t = 0.001 Entropy

(b) Timestep entropy across the denoising trajectory

Fig. 3: Analysis of DiT features. (a) Activation magnitudes grow monotonically
across layers with high inter-layer correlation, motivating sparse layer sampling. (b)
Feature entropy varies substantially across timesteps, capturing complementary coarse-
to-fine information that justifies learned aggregation.

capture coarse layouts with high entropy, middle timesteps refine object bound-
aries, and late timesteps preserve fine details. The complementary nature of these
features necessitates learned spatially-varying aggregation rather than simple av-
eraging.

The module first applies learned linear projections to reduce the feature
dimension, producing F proj

t ∈ RB×N×C′
where C ′ < C, followed by layer nor-

malization. Since diffusion transformer blocks produce features with sometimes
very large activation magnitudes, this normalization is critical for stable training.
Additionally, different layers exhibit vastly different ranges, which this normal-
ization mitigates.

The core aggregation mechanism is a 3-layer transformer with 8 attention
heads and a hidden dimension of 768. Each layer includes pre-normalization,
multi-head self-attention with temporal positional embeddings, and feedforward
networks with GELU [17] activation. We use LayerScale initialization [42] (10−4)
for stability and dropout [40] (0.1) for regularization. The transformer predicts
per-pixel aggregation weights α ∈ R|T | through a specialized output head, en-
abling each spatial location to adaptively weight the four timesteps based on
local content.

The weighted combination is refined using Convolutional Block Attention
(CBAM) [45], which applies channel and spatial attention. A residual connection
from the cleanest timestep (t = 0) preserves fine details. Formally, for each
spatial location:
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Ffused = CBAM

(∑
t∈T

αt · F proj
t

)
+ F proj

0 , (2)

where the weights αt sum to 1 at each location. This enables optimal tem-
poral aggregation to vary spatially—smooth regions benefit from early-timestep
consistency, whereas boundaries require late-timestep precision.

3.2 Concept-Driven Attention Extraction

Cross-attention maps between text and image tokens provide spatial guidance
for dense prediction. However, averaging attention across all text tokens, in-
cluding articles, prepositions, and punctuation, dilutes spatial precision [11,24].
Moreover, in multi-modal DiT architectures, text prompt embeddings are se-
quentially updated at each layer, making it difficult to extract attention maps
for concepts not present in the original prompt without altering the generated
image appearance.

We adopt concept-driven attention extraction [16], which addresses these lim-
itations by creating a separate stream of concept embeddings that are not used
for image generation. The method injects concept tokens (e.g., “object”, “back-
ground”) alongside text and image tokens, with initial embeddings produced by a
text encoder. These concept embeddings are updated through a one-directional
attention mechanism where concepts attend to both image patches and other
concepts, but image tokens do not attend to concepts:

oc = softmax(qckTxc)vxc (3)
where qc are concept queries, and kxc, vxc are concatenated image-concept

keys and values. This one-directional design ensures that concepts gather infor-
mation from the image without affecting generation.

Spatial maps are then extracted by computing dot-product similarities be-
tween concept output vectors oc and image patch output vectors ox in the at-
tention output space:

ϕ(ox, oc) = softmax(oxoTc ) (4)
This differs from traditional cross-attention maps, which operate in the query-

key space. We aggregate information across multiple multi-modal layers by aver-
aging: 1

|L|
∑|L|

L=1 ϕ(o
L
x , o

L
c ) where |L| denotes the number of multi-modal layers.

This approach provides flexibility to extract task-specific spatial guidance
by defining relevant concepts at inference time without modifying the genera-
tion process. For semantic segmentation, we use concepts such as “object” and
“background” in scene parsing. For depth estimation, “near” and “far” encode geo-
metric relationships. For salient object detection, “salient” and “contour” provide
targeted guidance. Importantly, this mechanism eliminates the need to fuse fea-
tures from external text encoders into diffusion blocks, as done in VPD [54]. This
mechanism is unique to multi-modal DiT architectures and cannot be replicated
by U-Net-based models.
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3.3 Discriminative Feature Complementarity

While our framework relies solely on diffusion features, we find that discrimina-
tive representations can optionally complement them. Diffusion features encode
semantic relationships from generative training, while discriminative features
capture distinct visual characteristics from contrastive learning, and the two
are complementary rather than redundant. We optionally integrate DINO-v3
features [38] with our diffusion-based representations. We extract features from
DINO-v3-ViT-B/16 and concatenate them with our fused DiT features and con-
cept maps. This creates a comprehensive representation where DiT provides
semantic structure, concept maps offer targeted spatial guidance, and DINO-
v3 contributes complementary discriminative information. As we demonstrate
in our experiments, this integration consistently outperforms either feature type
alone, confirming that generative and discriminative representations capture dis-
tinct visual information because of their fundamentally different origin.

3.4 Task-Specific Decoders

Our framework uses lightweight task-specific decoders that map extracted fea-
tures to dense predictions. Decoders are trained on a small set of real annotations
before being applied to decode any target modality during generation.

For semantic segmentation, we use the DeepLabV3+ decoder head [6] with
ASPP [5] modules. Depth estimation employs a DPT-style decoder [35] with
hierarchical reassembly. Salient object detection uses a DPT decoder with a
single-channel output. These decoders total approximately 36M trainable pa-
rameters, which is much less than a typical DiT (FLUX’s 12B parameters remain
frozen). We use frozen FLUX.1-dev [27] as our diffusion backbone and extract
features from single-stream blocks at layers L = {4, 15, 26, 37} and timesteps
T = {0.78, 0.52, 0.26, 0.001}. For decoder training, we use AdamW [29] with a
learning rate of 10−4 and differential learning rates, where decoders use half
the base rate. We apply Exponential Moving Average [34] with β = 0.999 for
stability.

4 Experimental Evaluation

We extensively evaluate MMDiff by training lightweight decoders for three dense
prediction tasks: salient object detection, semantic segmentation, and depth es-
timation. U-Net-based approaches use different generators, meaning both task
decoders and generated images differ across methods, making direct comparison
of annotations against shared ground truth impossible. Since a single protocol
cannot fairly evaluate all aspects simultaneously, we structure our evaluation
around three complementary protocols, each addressing a distinct aspect of the
pipeline: the consistency of generated image-annotation pairs, the effectiveness
of the generated data for training discriminative models, and evaluation on real
images against ground-truth labels. Finally, we systematically ablate each com-
ponent of our framework to quantify its individual contributions to overall per-
formance.
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Table 1: Multi-Modal Consistency. Each method generates images with their
pipeline and extracts other modalities. We evaluate annotation accuracy against man-
ually verified reference labels on each method’s generated images.

Semantic Segmentation

Method mIoU ↑

DatasetDM 62.56
DiffuMask 57.35
Dataset Diff. 57.50
MMDiff (Ours) 72.25

Saliency Detection Depth Estimation

Method Sm ↑ Fm ↑ MAE ↓ AbsRel ↓RMSE ↓ δ1 ↑ δ2 ↑

DatasetDM 0.922 0.956 0.038 2.408 0.441 0.151 0.277
MMDiff (Ours)0.9440.966 0.019 1.359 0.229 0.2470.469

4.1 Experimental Setup

We evaluate MMDiff across three dense prediction tasks: semantic segmentation,
salient object detection, and depth estimation. We report mean Intersection over
Union (mIoU) for segmentation, S-measure (Sm) [13], max F-score (Fm) [1];
MAE [33] for saliency; AbsRel, RMSE, and threshold accuracies δi for depth.

We compare against diffusion-based feature extractors (VPD [54], Diffusion
Hyperfeatures [30], DatasetDM [46]), discriminative encoders (DINO-v3 [38]),
and synthetic data generation methods (DiffuMask [47], Dataset Diffusion [31]).
To ensure fair comparison across all methods in Table 4, we retrain all baseline
methods under identical conditions. Each baseline uses the same training pro-
tocol (20 epochs, the same optimizer and learning rate), the same task-specific
decoder architectures, and the same data augmentation strategy. This controlled
setup isolates the impact of feature quality from differences in training proce-
dures or decoder architectures. The complete pipeline, including training de-
coders on real data, FLUX synthetic generation with label extraction, and down-
stream model training on synthetic data, requires approximately 24 hours per
task on two 48GB GPUs.

4.2 Multi-Modal Consistency Evaluation

A key challenge in evaluating multi-modal diffusion models is that the generated
images differ across methods, making a shared ground truth impossible. We in-
stead measure consistency between each method’s generated images and their
predicted modalities, using SOTA models as pseudo-GT. Additionally, we manu-
ally verify the pseudo-GT annotations for correctness. For each task, we generate
200 images using the same text prompts across all methods. Each method gen-
erates images using its own generation pipeline and extracts annotations using
its own approach. We then create reference annotations for each method’s gen-
erated images: For salient object detection, we run S3OD [25] on each method’s
generated images and manually correct any errors. For depth, we use Depth
Anything v2 [49]. For semantic segmentation, we run EoMT [21] and manually
correct any errors in the resulting masks.

Table 1 reports multi-modal consistency against pseudo-GT labels comparing
MMDiff to Stable Diffusion-based multi-modal generation approaches [31, 46,
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Table 2: Semantic segmentation on PASCAL VOC 2012. Our method outper-
forms DatasetDM [46], DiffuMask [47], and Dataset Diffusion [31] when trained purely
on synthetic data, and achieves the best performance when combining synthetic pre-
training with real fine-tuning.

Syn. Real � M � � 
   � � mIoU

✗ ✓ 91.5 45.7 93.1 88.6 91.9 89.3 91.1 85.0 84.8

DatasetDM [46] ✗ 87.6 33.8 88.5 74.4 85.7 44.3 83.4 47.7 65.9
DiffuMask [47] ✗ 84.7 35.8 70.3 52.5 53.1 52.8 75.8 42.9 54.7
Dataset Diffusion [31] ✗ 79.6 40.2 86.5 69.2 82.7 78.7 69.2 45.3 68.2
DINO-v3 [38] ✗ 88.9 41.0 90.4 78.5 82.6 86.7 84.3 63.2 75.2
MMDiff (Ours) ✗ 93.6 45.1 88.8 85.4 83.9 92.3 89.8 69.1 78.9

DatasetDM [46] ✓ 95.7 47.9 96.0 92.5 95.2 92.9 92.1 84.2 85.2
DiffuMask [47] ✓ 96.4 47.1 97.0 92.7 93.9 93.1 92.9 84.3 86.7
Dataset Diffusion [31] ✓ 95.6 47.5 95.7 91.4 94.1 92.6 95.8 84.0 85.7
DINO-v3 [38] ✓ 94.2 46.1 96.3 90.7 94.0 92.0 93.7 83.0 85.3
MMDiff (Ours) ✓ 96.4 47.7 97.2 89.6 95.7 93.5 95.5 87.3 87.8

47]. Our method achieves substantially higher accuracy than baselines across all
metrics. This demonstrates that our DiT-based features more accurately capture
the visual content of generated images compared to U-Net-based extraction from
Stable Diffusion.

4.3 Synthetic Data Generation

We further validate MMDiff by evaluating the pipeline’s effectiveness as a syn-
thetic data generator. Unlike the consistency evaluation, which evaluates MMD-
iff using diffusion features only, we use the full model, combining diffusion and
DINO-v3 features, to achieve optimal performance. This also enables a direct
comparison with DINO-v3 used as a standalone predictor, which serves as a nat-
ural baseline: one could simply generate images with FLUX and extract labels
using a DINO-based model. We show that all prior methods fail to outperform
this baseline, and the combination of discriminative and generative features we
extract further improves performance.

We use EoMT [21], a state-of-the-art encoder-only mask transformer, as the
downstream model. Pure synthetic training achieves 78.9% mIoU, outperforming
all prior synthetic generation methods: DatasetDM (65.9%), DiffuMask (54.7%)
and Dataset Diffusion (68.2%) all fall below the simple DINO-v3 standalone
baseline (75.2%). This confirms that simply running a discriminative model on
generated images outperforms prior UNet-based methods. In contrast, MMDiff
shows that diffusion and discriminative features are complementary, outperform-
ing all baselines and demonstrating the approach’s effectiveness for synthetic
data generation.
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Table 3: Synthetic data evaluation across tasks. We compare DatasetDM,
DINO and MMDiff under synthetic-only training, real-only training, and synthetic
pre-training followed by real fine-tuning across salient object detection (DUTS) and
depth estimation (NYU Depth v2).

Syn. Real Sm ↑ Fm ↑ MAE ↓ AbsRel ↓ RMSE ↓ δ1 ↑ δ2 ↑ δ3 ↑

✗ ✓ 0.838 0.847 0.058 0.1291 0.416 0.868 0.983 0.996

DatasetDM [46] ✗ 0.781 0.788 0.084 0.3918 1.044 0.620 0.879 0.957
DINO-v3 [38] ✗ 0.764 0.787 0.109 0.2389 0.626 0.647 0.887 0.972
MMDiff (Ours) ✗ 0.784 0.798 0.070 0.1880 0.521 0.714 0.914 0.982

DatasetDM [46] ✓ 0.813 0.840 0.076 0.1648 0.490 0.804 0.982 0.996
DINO-v3 [38] ✓ 0.849 0.853 0.053 0.1415 0.452 0.850 0.987 0.997
MMDiff (Ours) ✓ 0.863 0.876 0.049 0.1185 0.392 0.885 0.989 0.998

Table 4: Feature Quality Validation: MMDiff combines features from multiple
sources, outperforming both existing diffusion-based extractors and discriminative en-
coders such as DINO-v3 [38] across all tasks. All methods use frozen encoders except
where noted.

Trainable PASCAL VOC 2012 DUTS NYU Depth v2

Method Encoder mIoU ↑ Sm ↑ Fm ↑ MAE ↓ AbsRel ↓ RMSE ↓ δ1 ↑ δ2 ↑ δ3 ↑

DatasetDM [46] ✗ 41.19 0.845 0.909 0.077 0.1536 0.612 0.772 0.971 0.983
Diffusion Hyperfeatures [30] ✗ 67.57 0.892 0.910 0.021 0.1348 0.503 0.844 0.971 0.978
VPD [54] ✓ 82.36 0.912 0.916 0.024 0.1244 0.402 0.867 0.973 0.981
MMDiff (Ours) ✗ 78.90 0.918 0.929 0.020 0.1175 0.370 0.951 0.976 0.983

DINO-v3 [38] ✓ 83.09 0.920 0.922 0.021 0.1288 0.389 0.945 0.975 0.983
VPD + DINO-v3 [38,54] ✓ 83.77 0.918 0.914 0.020 0.1223 0.387 0.946 0.975 0.983
MMDiff + DINO-v3 ✗ 84.95 0.934 0.947 0.018 0.1164 0.365 0.952 0.976 0.983

Table 3 reports results for salient object detection on DUTS and depth es-
timation on NYU Depth v2. Consistent with segmentation, all prior methods
fall below the DINO-v3 standalone baseline in the synthetic-only setting, while
MMDiff outperforms it across both tasks. Combining synthetic pretraining with
fine-tuning on real data yields the best results across all metrics, confirming that
labels extracted by our pipeline complement real data.

4.4 Evaluation on Real Images

Finally, we fix the image and evaluate the predicted modalities against the
ground-truth labels, isolating prediction quality from generation. For real im-
ages, we follow the noising procedure described in Section 3 to extract features
from the frozen backbone. We generate conditioning prompts by captioning each
image with Gemma-3-4B [15]. This evaluation addresses two questions: how do
frozen DiT features compare with discriminative encoders and methods that
fine-tune diffusion backbones for discriminative tasks, and what is the impact
of multi-timestep aggregation versus optional DINO integration? Table 4 eval-
uates the quality of extracted features by comparing performance across three
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Image GT MMDiff (ours) VPD [54] DINO-v3 [38] DHF [30] DatasetDM [46]

Fig. 4: Qualitative comparisons on PASCAL (top), DUTS (middle), and
NYU (bottom). Our method achieves sharper boundaries and more consistent depth
ordering than prior works.

dense prediction tasks. This controlled evaluation demonstrates that our multi-
timestep aggregation, concept-driven attention, and discriminative feature inte-
gration produce strong representations for dense prediction.
Comparison with U-Net-based Diffusion Methods. MMDiff substantially
outperforms all U-Net-based diffusion methods while keeping the encoder fully
frozen. Compared with VPD [54], which requires fine-tuning the denoising UNet,
we achieve a +2.08% mIoU on segmentation and a +0.011 S-measure on saliency
with a frozen encoder. Diffusion Hyperfeatures [30], another U-Net extractor,
achieves only 67.57% mIoU compared to our 84.44%. The comparison with Dif-
fusion Hyperfeatures is particularly informative, as both methods extract multi-
timestep features, yet we achieve a 16.87% higher mIoU. This validates that
our adaptive aggregation mechanism, which utilizes spatially varying weights, is
crucial for effectively combining temporal information from transformer archi-
tectures. Notably, our FLUX-only features (78.90% mIoU) outperform Diffusion
Hyperfeatures (67.57%) by 11.33%, demonstrating the superiority of transformer-
based diffusion architectures over U-Nets for feature extraction.
Frozen vs. Trainable Encoders. An important distinction is that our method
achieves 84.44% mIoU with a completely frozen 12B-parameter FLUX encoder,
whereas VPD (82.36%) and DINO-v3 (83.09%) require encoder fine-tuning. This
demonstrates that our features are sufficient to support dense prediction with-
out requiring expensive encoder adaptation. For synthetic data generation, this
frozen approach is essential: we can generate annotations using the same frozen
features across all tasks without task-specific fine-tuning.
Feature Complementarity. While our frozen diffusion features alone are com-
petitive with finetuned discriminative encoders, integrating DINO-v3 further im-
proves performance from 78.90% to 84.44% mIoU. Crucially, this combination
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Table 5: Ablation study. Single-stream features outperform double-stream features
even at single timestep. Multi-timestep aggregation provides the largest improvement.
Concept-driven attention and DINO integration provide complementary benefits, with
the full model achieving best performance across all tasks.

VOC’12 DUTS NYU Depth v2

Component mIoU ↑ Sm ↑ Fm ↑ MAE ↓ AbsRel ↓ RMSE ↓ δ1 ↑ δ2 ↑ δ3 ↑

double-stream block (t=0) 40.52 0.884 0.916 0.033 0.622 1.213 0.740 0.930 0.975
single-stream block (t=0) 50.20 0.890 0.914 0.032 0.478 0.738 0.780 0.945 0.978

+ Cross-attention maps 58.31 0.869 0.900 0.043 0.455 0.723 0.800 0.953 0.980
+ Concept attention 63.77 0.903 0.921 0.024 0.431 0.700 0.820 0.960 0.982

Multi-timestep + Concept attention 78.90 0.918 0.929 0.020 0.118 0.370 0.951 0.976 0.983
Full model (w/o aggregation) 78.21 0.918 0.927 0.017 0.130 0.571 0.814 0.972 0.979

Full model (4T + Concepts + DINO) 84.95 0.934 0.947 0.018 0.116 0.365 0.952 0.976 0.983

outperforms both FLUX-only (78.90%) and DINO-only (83.09%) features, as
well as VPD+DINO-v3 (83.77%), thereby confirming that our multi-timestep
diffusion features capture complementary information to that of discriminative
encoders. Diffusion features encode rich semantic and compositional knowledge
from their generative training objective, while DINO captures distinct visual
characteristics from contrastive learning. Together, these results establish three
findings: for the first time, we show that frozen DiT features are competitive
with fine-tuned discriminative encoders; multi-timestep aggregation is the pri-
mary driver of this performance; and combining generative and discriminative
features yields the best results because of their fundamentally different training
objectives.
Qualitative Results. Figure 4 demonstrates the superior quality of our ex-
tracted features across semantic segmentation, salient object detection, and
depth estimation. Our method produces coherent multi-object segmentations,
clean saliency maps with precise boundaries, and smooth depth predictions with
preserved structural detail. In contrast, U-Net-based methods exhibit semantic
confusion, fragmented predictions, and noisy outputs.

4.5 Ablation Study

Table 5 evaluates the contribution of each component in our framework. We
systematically ablate components to quantify their impact on the pipeline.
Multi-Timestep Token Aggregation: Aggregating features over four timesteps
yields the largest improvement, increasing mIoU from 50.20% to 78.90% (+28.7%).
This substantial gain validates our core hypothesis: semantic information in diffu-
sion transformers is temporally distributed across the denoising trajectory. Early
timesteps capture global structure and scene layouts, while later timesteps refine
local details. Single-timestep extraction at t = 0 captures only the final refined
features, missing the coarse semantic information present at earlier steps.
Concept-Driven Attention: Concept attention provides substantial improve-
ments with single-timestep features (+13.57% mIoU), demonstrating its value
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for spatial guidance. While temporal aggregation captures much of the seman-
tic structure across the denoising trajectory, concept maps contribute task-
specific spatial cues that enhance prediction quality. Concept attention also im-
proves upon averaged cross-attention maps, achieving 63.77% mIoU compared to
58.31% with single-timestep features. This demonstrates that querying specific
semantic concepts produces sharper, more task-relevant spatial guidance than
averaging across all text tokens.
Discriminative Feature Integration: Adding DINO-v3 features to our multi-
timestep FLUX features improves the mIoU from 78.90% to 84.44% (+5.54%).
This demonstrates that combining features from generative and discriminative
pre-training objectives yields complementary information, with the final model
outperforming both FLUX-only (78.90%) and DINO-only (83.09%) models.

These ablations explain why our synthetic data outperforms prior meth-
ods. Multi-timestep aggregation captures the full semantic trajectory, producing
more consistent annotations across diverse scenes. Concept-driven attention pro-
vides task-specific spatial guidance, yielding sharper boundaries in the extracted
masks. Together, these components enable high-quality label extraction, making
our synthetic data practical for training discriminative models.

5 Extension to Video Diffusion Models

To test whether feature aggregation transfers beyond image-space dense pre-
diction, we apply MMDiff to a video-to-3D setting. We adopt the latent-to-
3DGS [20] pipeline of Lyra [3] and Wonderland [28], which reconstructs 3D Gaus-
sians from a denoised video latent of world-consistent video model [2,10,26,52],
and replace that input with our multi-timestep aggregated features. We train the
Lyra decoder on 1,000 RealEstate10K [56] videos and evaluate on 200 held-out
scenes.

Table 6: Video → 3DGS transfer. Replacing the denoised latent with aggregated
MMDiff features yields consistent gains in a low-data setting.

Input PSNR ↑ SSIM ↑ LPIPS ↓

Denoised Latent Only 21.37 0.705 0.258
MMDiff Aggregated Features 21.61 0.747 0.241

Aggregated features improve over the denoised latent across all three met-
rics (+0.24 PSNR, +0.042 SSIM, −0.017 LPIPS), indicating that the benefit of
multi-timestep aggregation is not specific to image-space dense prediction but ex-
tends to video and 3D. Fig. 5 shows a layer/timestep analysis on Wan-2.1 [43],
which follows the same trends observed for image DiTs: early timesteps and
shallow layers carry fine detail, later timesteps and deeper layers carry semantic
structure.
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Fig. 5: Wan-2.1 layer/timestep analysis. Feature behavior across video DiT layers
and timesteps mirrors the image-model trends.

6 Conclusion

We presented MMDiff, a framework that transforms a frozen diffusion trans-
former into a multi-modal generative system that extracts dense perceptual
annotations during image generation. By recycling the rich features computed
across the denoising trajectory rather than discarding them after rendering,
our approach addresses a key inefficiency in current generative pipelines: the
need to re-extract semantic, geometric, and structural information from gen-
erated pixels using separate task-specific models. Our work demonstrates that
transformer-based diffusion models encode substantially richer perceptual rep-
resentations than U-Net architectures. This architectural advantage stems from
the temporal distribution of semantic information across the denoising trajec-
tory, which we capture through adaptive multi-timestep aggregation with spa-
tially varying weights. Combined with concept-driven attention extraction for
targeted spatial guidance and optional discriminative feature integration, this
approach yields high-quality annotations that substantially outperform prior
U-Net-based methods on synthetic data generation, direct annotation quality,
and real-image prediction tasks. By enabling multi-modal annotation extraction
from a single frozen generative model, MMDiff provides a practical framework
for cost-effective, scalable synthetic dataset creation. This opens new possibil-
ities for leveraging generative models in vision tasks where manual annotation
is expensive or prohibitive, and establishes that diffusion transformers can serve
as effective feature extractors beyond their generative capabilities.
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