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SUPPLEMENTARY MATERIALS OF
WHAT MATTERS WHEN REPURPOSING DIFFUSION
MODELS FOR GENERAL DENSE PERCEPTION TASKS?

Guangkai Xu Yongtao Ge Mingyu Liu Chengxiang Fan
Kangyang Xie Zhiyue Zhao Hao Chen Chunhua Shen

1 THE FORMULATION OF THREE DIFFERENT PIPELINES

1.1 STOCHASTIC MULTI-STEP GENERATION

For the training process, the RGB image x and ground-truth label y are encoded into the latent space
with the VAE encoder z(x) = E(x), z(y) = E(y). The Gaussian noise ϵ is added to the ground-truth
label latent z(y), and the noisy label latent z(y)t is concatenated with the clean image latent z(x) as
U-Net input zt for each timestep:

z
(y)
t =

√
ᾱtz

(y) +
√
1− ᾱtϵ, t = [1, ..., T ],

zt = concat(z(y)t , z(x)),
(1)

where ᾱt =
∏t

s=1 (1− βs), and βs is sampled from a variance scheduler {βt ∈ (0, 1)}Tt=1. The
scheduler is parameters with two hyperparameters βstart and βend, which defines the βt values of
t=0 and t=1000, respectively. For a casual timestep s, βs is computed by linearly interpolating
between

√
βstart and

√
βend, then squaring each interpolated value. The formulation is as follows.

βs = (
√

βstart +
s

T
(
√
βend −

√
βstart))

2, s = [1, ..., T ] (2)

Then, the denoiser vθ(·, ·) is enforced to learn the “v-prediction” (Salimans & Ho, 2021) from a
timestep t and the corresponding input zt. During training, the parameters of VAE are frozen, and
only the denoiser vθ is fine-tuned. The timestep is uniformly sampled from 1 to T .

L = Ez(y),ϵ∼N(0,I),t∼U(T )

∥∥∥(√ᾱtϵ−
√
1− ᾱtz

(y))− vθ(zt, t)
∥∥∥2
2
. (3)

For inference, a Gaussian noise ϵt is randomly sampled and denoised step by step with the denoiser
vθ(·, ·).

ẑ
(y)
T = ϵ, zt = concat(ẑ(y)t , z(x)), t = [T, ..., 1],

ẑ
(y)
t→0 =

√
ᾱt · ẑ(y)t −

√
1− ᾱt · vθ(zt, t), ϵ̂t =

√
ᾱt · vθ(zt, t)−

√
1− ᾱt · ẑ(y)t ,

ẑ
(y)
t−1 =

√
ᾱt−1 · ẑ(y)t→0 +

√
1− ᾱt−1 · ϵ̂t, ŷ = D(ẑ

(y)
1→0).

(4)

where the denoising process first computes the estimated noise ϵ̂t and the predicted clean latent code
ẑ
(y)
t→0 of timestep t from the current latent code ẑ

(y)
t and the predicted velocity vθ(zt, t). Then, it

adds the computed noise ϵ̂t back to ẑ
(y)
t→0 to get the latent code of timestep t− 1. After repeating it

for T times, the predicted clean latent code ẑ
(y)
1→0 is computed and sent to the VAE decoder D and

estimate the target label ŷ. During inference, m randomly sampled noises are introduced to estimate
m different predictions, and they are averaged with an ensemble process (Ke et al., 2024) to reduce
the randomness of prediction and improve performance.

1.2 DETERMINISTIC MULTI-STEP GENERATION

The inherent random nature of diffusion models makes them challenging to apply to perceptual
tasks, which typically aim for accurate results. As a result, existing works have replaced the original
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Table 1: Runtime comparison of three diffusion for perception pipelines on an RTX 4090 GPU.
Experimental Setting Ensemble Denoise Steps Inference Time GPU Memory

Stochastic Multi-step Generation (w. ensemble) 10 10 ∼5.74s 16GB
Stochastic Multi-step Generation (w/o ensemble) 1 10 ∼0.79s 6.95GB

Deterministic Multi-step Generation 1 10 ∼0.79s 6.95GB
Deterministic One-step Inference (Ours) 1 1 ∼0.34s 6.95GB

Deterministic One-step Inference + DPT head (Ours) 1 1 ∼0.24s 6.32GB
Metric3Dv2 (Hu et al., 2024) 1 1 ∼0.25s 2.63GB

DepthAnythingv2 (Yang et al., 2024) 1 1 ∼0.07s 2.82GB
DSINE (Bae & Davison, 2024a) 1 1 ∼0.18s 2.23GB

Marigold (Ke et al., 2024) 1 10 ∼0.79s 6.95GB
GeoWizard (Fu et al., 2024) 1 1 ∼1.32s 6.81GB
DepthFM (Gui et al., 2024) 1 2 ∼0.41s 6.97GB

Our GenPercept (DPT head) 1 1 ∼0.24s 6.32GB

Table 2: The impact of training data volume on affine-invariant monocular depth estimation.

Amount of Data KITTI NYU ScanNet DIODE ETH3D
AbsRel↓ δ1↑ AbsRel↓ δ1↑ AbsRel↓ δ1↑ AbsRel↓ δ1↑ AbsRel↓ δ1↑

90K (1/1) 0.100 0.902 0.053 0.966 0.059 0.961 0.309 0.768 0.068 0.956
45K (1/2) 0.101 0.902 0.056 0.964 0.058 0.963 0.311 0.764 0.070 0.955

22.5K (1/4) 0.109 0.884 0.056 0.963 0.059 0.963 0.322 0.754 0.073 0.950
11.2K (1/8) 0.117 0.866 0.060 0.962 0.065 0.957 0.324 0.753 0.076 0.943
5.6K (1/16) 0.117 0.868 0.063 0.958 0.068 0.952 0.331 0.744 0.084 0.932

Gaussian noise with the target image as RGB noise (Bansal et al., 2024; Lee et al., 2024). Techni-
cally, rather than introducing the random Gaussian noise ϵ , we blend the ground-truth label latent
z(y) = E(y) with the RGB image latent z(x) = E(x), which is formulated as:

zt = z
(y)
t =

√
ᾱtz

(y) +
√
1− ᾱtz

(x), t = [1, ..., T ], (5)

Furthermore, the input latent has been modified to the latent code of input image z(x) instead of
random Gaussian. Consequently, the learning objective function and the inference process are re-
formulated as follows.

L = E(z(x),z(y)),t∼U(T )

∥∥∥(√ᾱtz
(x) −

√
1− ᾱtz

(y))− vθ(zt, t)
∥∥∥2
2
. (6)

ẑ
(y)
T = z(x), t = [T, ..., 1],

ẑ
(y)
t→0 =

√
ᾱt · ẑ(y)t −

√
1− ᾱt · vθ(ẑ

(y)
t , t), ẑ

(x)
t =

√
ᾱt · vθ(ẑ

(y)
t , t)−

√
1− ᾱt · ẑ(y)t ,

ẑ
(y)
t−1 =

√
ᾱt−1 · ẑ(y)t→0 +

√
1− ᾱt−1 · ẑ(x)t , ŷ = D(ẑ

(y)
1→0).

(7)

where ẑ
(x)
t denotes the predicted RGB noise of timestep t.

1.3 GENPERCEPT: DETERMINISTIC ONE-STEP PERCEPTION

In the main paper, We set the (βstart, βend) values to 1, and ᾱt =
∏t

s=1 (1− βs) = 0, the formula-
tion of Eq. (5) to Eq. (7) can be greatly simplified as follows.

zt = z
(y)
t = z(x), L = E(z(x),z(y)),t∼U(T )

∥∥∥−z(y) − vθ(zt, t)
∥∥∥2
2
,

ẑ
(y)
T = z(x), ẑ

(y)
t−1 = −ẑ

(y)
t , ẑ

(y)
1→0 = −vθ(ẑ

(y)
1 , t = 1), ŷ = D(ẑ

(y)
1→0).

(8)

One-step prediction. The input of the U-Net is an RGB latent code, and the output becomes the
negative value of the ground-truth latent code, with no relationship to the timestep t. Therefore, we
set the number of timesteps T to 1 while preserving the same performance.

L = E(z(x),z(y))

∥∥∥−z(y) − vθ(z
(x), t = 1)

∥∥∥2
2
,

ẑ
(y)
1→0 = −vθ(z

(x), t = 1), ŷ = D(ẑ
(y)
1→0).

(9)
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Figure 1: Qualitative visualization of ablation study.

2 A DIFFERENCEBETWEEN IMAGE GENERATION AND V ISUAL PERCEPTION

In text-guided image generation, a single textual input can correspond to an immense variety of
potential images. This inherent uncertainty makes generating a high-quality image directly from
random noise in a single step extremely challenging. Therefore, the multi-step generation enables
the model to incrementally remove noise, progressively re�ning details and textures at each stage,
which effectively simpli�es the task. However, visual perception tasks conditioned on an RGB im-
age are deterministic without any randomness, and such an easy injective mapping can be estimated
with a one-step inference process, as most of the traditional visual perception methods do.

While Marigold series algorithms aim to leverage diffusion models' ability of generating highly
detailed images to enhance visual perception with precise details, reformulating straightforward
deterministic tasks as a denoising process can further simplify this problem, enforcing the network
to exploit ”shortcuts”, as described in Section 3.1 of the main paper and illustrated in Fig. 2.

3 RUNTIME ANALYSIS

In this section, we quantitatively analyze the inference times of the three aforementioned pipelines,
as summarized in Table 1. The runtime is evaluated by averaging the inference times over 100
images with a resolution of768� 768, using an RTX 4090 GPU. For ”Stochastic Multi-step Gener-
ation” methods (Ke et al., 2024; Fu et al., 2024; Gui et al., 2024), such as Marigold (Ke et al., 2024),
they rely on an ensemble process where multiple inferences are performed with varying random
noise inputs to mitigate uncertainties introduced by Gaussian noise. Consequently, this approach
is computationally expensive. On the other hand, ”Deterministic Multi-step Generation” methods
(Lee et al., 2024) involve multiple denoising steps, which signi�cantly reduce inference ef�ciency.

In contrast, our proposed one-step inference paradigm demonstrates a runtime that is 94% and 57%
less than those of multi-step methods with ensemble and without ensemble, respectively. Further-
more, by incorporating a customized head, such as the DPT head (Ranftl et al., 2021), both runtime
and GPU memory requirements are further reduced by 27% without compromising performance,
maintaining a competitive level of accuracy and robustness.

Compared to existing state-of-the-art diffusion-based methods, our proposed GenPercept achieves
a notable improvement in inference speed, attributed to the innovative one-step inference paradigm
and the customized head. While our method demonstrates inference speeds comparable to Met-
ric3Dv2 (Hu et al., 2024) and DSINE (Bae & Davison, 2024a), it falls behind DepthAnythingV2
(Yang et al., 2024). Note that the superior performance of DepthAnythingV2 is facilitated by its
training on a relatively lightweight model, bolstered by extensive labeled and unlabeled datasets,
and supported by substantial computational resources distributed across multiple GPUs.

4 THE IMPACT OF DATA VOLUME

With only around 50K Hypersim (Roberts et al., 2021) and 40K Virtual KITTI (Cabon et al., 2020)
�ne-tuning data, GenPercept can generalize well to diverse tasks and datasets. How much data is
needed for transferring at least? We gradually reduce the amount of training data. As shown in
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Figure 2: Visualization of different noise forms and proportions in the forward diffusion process.

Table 2, less training data results in slightly worse performance, but GenPercept still shows much
robustness to the data volume.

5 MORE V ISUALIZATION ANALYSIS

Quantitative Comparisons of Ablations. Visualization of the ablation study experiments in the
main paper §2 is shown in Fig. 1. The estimated depth detail remains comparable with a cus-
tomized “DPT head” (Ranftl et al., 2021). Models trained with lower-quality data like “Taskonomy
+ Cityscapes” or without the pre-trained VAE decoder parameters suffer from a decline in the abil-
ity to predict details. We attribute them to the low-quality annotation and the oversized decoder,
respectively.

Forward Diffusion Process. More detailed visualization of different noise forms and proportions
in the forward diffusion process is shown in Fig. 2. With larger (� start , � end ) values of the DDIM
scheduler, the proportion of noise will be much higher during the forward diffusion process. When
(� start , � end ) reaches (1.0, 1.0), the noisy latent will be pure noise latent, which is Gaussian noise
and RGB latent for (a) and (b), respectively.

Quantitative Comparisons of Generalization. We compare the generalization performance of
models trained on synthetic (50K Hypersim (Roberts et al., 2021) + 40K Virtual KITTI (Cabon
et al., 2020)) and real data (50K Taskonomy (Zamir et al., 2018) + 40K Cityscapes (Cordts et al.,
2016)) for out-of-distribution scenarios. As illustrated in Fig. 3, the robustness of GenPercept trained
on real data is comparable to that trained on synthetic data in challenging scenes, such as underwater
environments, non-realistic renderings, and evening settings. Notably, models trained on synthetic
data demonstrate superior accuracy in estimating transparent objects and capturing geometric de-
tails, owing to the high-quality and densely labeled synthetic ground truth.
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