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1. Implementation Details

1.1. Forward Rendering
Our model is fine-tuned from the pre-trained Wan2.1 (1.3B)
video diffusion model [8]. Given that our task is condi-
tioned on G-buffers rather than text, we remove the origi-
nal cross-attention layers from the transformer blocks. We
adapt the input embedder from VACE [2], modifying it to
process albedo interpolants instead of noisy inputs. The
VACE context embedder is repurposed to process both the
G-buffer attribute tokens and the progressive predictions
from previous video chunks by expanding its input channel
dimension. For environment map conditioning, we employ
a separate input embedder, initialized with the same weights
as the primary albedo embedder. Keyframe features are pro-
cessed frame-wise using dedicated 2D convolutional layers
to patchify the keyframe latents into spatially-aligned to-
kens.

The training process consists of two main stages. To
manage the significant memory consumption of the VAE
decoder during pixel-space loss computation, we train our
model on short sequences of 5 frames. The initial training
stage consists of 20,000 steps at a 256×256 resolution with
a batch size of 32 and a constant learning rate of 5× 10−5.
We then continue training for another 20,000 steps at the
full 512×512 resolution, using a learning rate of 3 × 10−5

with a 1,000-step warm-up period. For the final keyframe
guidance stage, the model is trained for an additional 20,000
iterations at 512×512 with a learning rate of 1× 10−4. All
training and experiments utilize the AdamW [4] optimizer.
Each training stage takes approximately two days to com-
plete on four NVIDIA A100 GPUs.

1.2. Inverse Rendering
Architecture Details. We adapt the pretrained Render-
Flow framework for inverse rendering by freezing the entire
forward backbone—including the VAE encoder/decoder
(E ,D) and the DiT transformer blocks—and introducing a
set of parameter-efficient adapter modules. First, we replace
the original G-buffer input projection with a trainable in-

verse embedder. This module maps the latent representation
of the input RGB image, zrgb = E(Irgb), into the token space
required by the transformer. Second, to adapt the frozen
self-attention mechanisms for decomposition tasks, we in-
ject Low-Rank Adaptation (LoRA) modules into the query,
key, and value projections of each block. Third, to control
the target output modality (e.g., Albedo vs. Normal), we
incorporate a prompt-based cross-attention layer after each
self-attention block. Following RGB-X [9], we use text em-
beddings of the target attribute as keys and values, allowing
the model to switch tasks dynamically. Finally, the trans-
former outputs are processed by lightweight, task-specific
intrinsic heads (MLPs) that project the features into the ap-
propriate latent space before decoding to further distinguish
between modalities.

Training Objectives. We utilize the same bridge match-
ing framework as the forward pass but apply it to the latent
trajectory from the RGB input to the target intrinsic. We su-
pervise the training using modality-specific reconstruction
losses Lrec calculated in the pixel space:
1. Albedo: We utilize a combination of L1 distance and a

perceptual loss (LPIPS) to preserve both color accuracy
and high-frequency details:

Lalbedo = ∥Î − Igt∥1 + λLLPIPS(Î , Igt) (1)

2. Normal: We employ a cosine similarity loss to enforce
angular consistency between the predicted and ground
truth normal vectors:

Lnormal = 1− 1

N

∑ ⟨Î , Igt⟩
∥Î∥2 · ∥Igt∥2

(2)

3. Depth: To handle scale ambiguity, we use the scale-and-
shift invariant (SSI) loss [6]:

Ldepth =
1

N

∑
∆2

i −
1

2N2

(∑
∆i

)2

(3)

where ∆i is the difference in log-depth at pixel i.
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Figure 1. Demonstration of controlled material editing. Our model is capable of synthesizing smooth transitions for individual material
properties while all other scene parameters are held constant. From left to right: the cone’s roughness is interpolated from 1.0 to 0.0; the
cylinder’s metallic property from 0.0 to 1.0; and the cube’s diffuse albedo from blue to green.

4. Material: For roughness and metallic maps, we apply a
standard L1 loss:

Lmaterial = ∥Î − Igt∥1 (4)

We train the adapter modules on the same dataset used
for the forward model. The backbone weights remain
frozen throughout the process. We use the AdamW opti-
mizer with a learning rate of 1 × 10−4 and a total batch
size of 32. The model is trained for 20,000 iterations on 4
NVIDIA A100 GPUs. During training, we randomly sam-
ple a target modality and its corresponding text prompt for
each batch to ensure the model learns to disentangle all in-
trinsics simultaneously.

1.3. Input Buffer Selection

We evaluate the choice of primary input buffer by compar-
ing Albedo alone against a combined Albedo×Irradiance
input. Both variants are trained at low resolution for one
day as a lightweight ablation. As shown in Table 1, incor-
porating irradiance as a multiplicative prior improves PSNR
by 1.9 dB, confirming that pre-multiplied lighting informa-
tion provides a useful signal. However, to maintain a fair
comparison with DiffusionRenderer [3], which uses albedo
as its primary input, we adopt the same protocol in our main
experiments.

Input PSNR ↑ SSIM ↑ LPIPS ↓
Albedo 23.7 0.75 0.13
Albedo×Irradiance 25.6 0.76 0.13

Table 1. Buffer combination analysis. Trained at low resolution
for one day as a lightweight ablation. Combining albedo with ir-
radiance as a multiplicative prior improves reconstruction quality.

2. Evaluation of Keyframe Guidance

We further evaluate the effectiveness of our keyframe guid-
ance by analyzing its performance under varying levels of
keyframe sparsity. While the model was trained with a
fixed keyframe gap of 16 frames, the adapter’s design al-
lows for flexible injection of arbitrary keyframes during in-
ference. We conduct experiments with keyframe gaps of
13, 17, 25, and 49 frames, and include a baseline without
keyframe guidance. Table 2 summarizes the quantitative
results. The experiment shows that, consistent with the in-
tuition, increasing the keyframe gap leads to a degradation
in reconstruction quality. This confirms that more frequent
keyframes provide more effective guidance. Notably, even
with a large keyframe gap of 49 frames, the model with
keyframe guidance still significantly outperforms the un-
guided baseline, demonstrating the robustness of the guid-
ance mechanism. The consistency achieved by the progres-
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Figure 2. A preview of our synthesized dataset, showcasing a va-
riety of scenes, objects, and lighting conditions.

sive inference is shown in the Supplementary Videos.

Method PSNR ↑ SSIM ↑ LPIPS ↓
w/o keyframes 24.022 0.899 0.112

13 Gap 29.716(29.427) 0.920(0.918) 0.089(0.091)
17 Gap 29.071(28.812) 0.917(0.916) 0.092(0.094)
25 Gap 26.574(26.507) 0.913(0.911) 0.098(0.099)
49 Gap 25.917(25.737) 0.909(0.909) 0.102(0.104)

Table 2. Quantitative evaluation of the impact of keyframe
gaps. Reconstruction quality degrades as the distance between
keyframes increases. Values in parentheses report metrics cal-
culated exclusively on non-keyframe frames to evaluate guidance
performance.

3. Demonstration of Material Editing

In this section, we evaluate our model’s ability to render
materials in a controlled and disentangled manner. We con-
ducted a synthetic experiment for plausible material edit-
ing. We generated image sequences where specific material
properties were dynamically varied for individual objects,
while all other scene parameters, such as camera path and
environment lighting, remained fixed.

The scene, shown in Figure 1, contains three primitive
objects: a red cone, a yellow cylinder, and a blue cube.
Throughout the sequence, we linearly interpolate a single
material parameter for each object while holding its other
properties constant:
• Cone (Roughness): The cone’s diffuse albedo is fixed

to red, with metallic and specular values all set to 0.5.
Its roughness parameter is linearly interpolated from 1.0
(fully diffuse) to 0.0 (perfectly smooth).

• Cylinder (Metallic): The cylinder’s roughness and spec-
ular

• Cone (Roughness): The cone’s diffuse albedo is fixed to
red, values are fixed at 0.5 and 0.5. Its metallic parameter
is linearly interpolated from 0.0 (dielectric) to 1.0 (fully
metallic).

• Cube (Albedo): The cube’s roughness and metallic val-
ues are fixed at 0.5 and 0.5. Its diffuse albedo is linearly
interpolated in RGB space from blue (0,0,1) to green
(0,1,0).

The results illustrate that our model can faithfully render
the smooth transitions between material properties, synthe-
sizing the changing appearance from diffuse to specular re-
flections on the cone, dielectric to conductive properties on
the cylinder, and the color shift on the cube. This highlights
the model’s potential for downstream applications, such as
interactive material editing.

4. Analysis on inference steps

Our model is trained in a 4-step bridge matching frame-
work, making it possible to either choose to perform single-
step or multi-step (2 or 4 steps) inference. In our experi-
ments, we empirically found that single-step inference con-
sistently outperforms multi-step inference across all quan-
titative metrics. We attribute this to error propagation: our
model is trained to predict the final rendered latent ẑ1 di-
rectly from the initial albedo latent z0. Due to the inaccu-
racy of each network evaluation, intermediate errors will be
accumulated, resulting in greater offsets from the ground
truth.

Qualitatively, as shown in Figure 3(a), we observe that
multi-step inference can produce visually sharper high-
frequency details, such as contact shadows. We hypothe-
size that this apparent sharpness comes at the cost of geo-
metric and photometric accuracy. The iterative process may
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Figure 3. Analysis on inference steps. (a) Top: Multi-step in-
ference can generate sharper shadows but leads to lower metrics
due to misalignments with ground truth. (b) Bottom: In favorable
cases where generated content aligns with ground truth, 4-step in-
ference yields sharper and more detailed results.

amplify certain features, making them visually prominent
but causing them to deviate from the ground truth. There-
fore, while multi-step inference can create plausibly sharp
details, the single-step approach achieves a better balance
of visual quality and quantitative accuracy. Nevertheless,
in cases where the generated content aligns well with the
ground truth, 4-step inference can produce better results
both visually and quantitatively. Figure 3(b) illustrates such
a case, where 4-step inference yields sharper and more de-
tailed outputs compared to single-step inference.

5. Dataset Curation

Our dataset was synthesized using the Movie Render Queue
in Unreal Engine 5. The dataset is composed of two main
sources: pre-existing, artist-crafted environments and pro-
cedurally generated synthetic scenes. The artist-crafted en-
vironments were sourced from the Unreal Engine Market-
place [7] and include professionally built scenes with high-
quality assets. To adapt these scenes for our task, we re-
moved all explicit light sources, relying solely on image-
based lighting from HDR environment maps. We also
manually modified materials to eliminate transparent and
translucent surfaces, ensuring that the G-buffers provide a
complete and unambiguous representation of the scene ge-
ometry.

Rendering these complex, pre-existing environments is
time-intensive, often taking over one hour for a 100-frame
sequence. To significantly increase data diversity and vol-
ume, we developed a procedural pipeline to generate syn-
thetic scenes. This pipeline randomly places objects from
a curated asset collection onto a ground plane and assigns
them dynamic materials with randomized properties. This
automated approach reduced rendering time to approxi-

mately 15 minutes per 100-frame sequence. For the artist-
crafted environments, we defined fixed camera trajectories,
whereas for the synthetic scenes, we primarily utilized or-
bital camera paths. To further diversify lighting conditions,
we augmented the environment maps from the pre-existing
scenes with additional HDRIs from Poly Haven [5].

In total, our asset library contains over 4,000 unique
meshes and more than 30 HDR environment maps. The
final dataset consists of approximately 30,000 frames from
artist-crafted environments and 100,000 frames from syn-
thetic scenes. All frames were rendered at a resolution of
512x512 pixels with 256 samples per pixel (SPP) and sub-
sequently denoised using Intel Open Image Denoise [1].
While our dataset is smaller than that used by Diffusion-
Renderer [3], which contains 150,000 videos, our model’s
efficiency and training strategy allow it to achieve strong
performance. A preview of our dataset is provided in Fig-
ure 2.

6. Limitations and Future Work.

While RenderFlow demonstrates significant advancements,
several avenues for improvement remain. First, the gen-
eralization of our model is limited by the diversity of our
current dataset. Expanding the training data to include a
broader range of lighting phenomena and geometric com-
plexity would enhance the model’s robustness. Second, the
VAE’s latent space can cause information loss, potentially
limiting the reconstruction of details in highly complex ge-
ometries as shown in Figure 4. Furthermore, the causal
convolution within the Wan VAE encoder performs tempo-
ral compression that affects frame consistency. Specifically,
later frames tend to exhibit progressive blurring compared
to the sharp initial frame due to causal dependencies in the
latent space as shown in Figure 5. Finally, the VAE encoder
and decoder still constitute a significant computational bot-
tleneck. Future work could explore more efficient encoding
strategies for G-buffers to enhance quality and speed. We
believe that with larger and more diverse datasets, more ef-
ficient model architectures, our proposed paradigm has the
potential to achieve greater performance in neural rendering
and video synthesis.

7. Additional Qualitative Results

We provide additional qualitative comparisons in Figures 6
and 7, including error maps to highlight differences between
the ground truth and our predictions. The results show that
our model achieves performance comparable to Diffusion-
Renderer in synthesizing complex effects like shadows and
detailed reflections, while better preserving the underlying
geometry of the scene. Resolving misalignments in shad-
ows and reflections is challenging, as the information pro-
vided by G-buffers alone can be ambiguous. However, we
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Figure 4. Failed cases and analysis. Top: Rendered images for
scenes with highly complex geometries. Bottom: The VAE com-
pression leads to loss of fine-grained details
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Figure 5. Analysis on video latent downsampling. The causal
design of the VAE encoder leads to the phenomenon that the initial
frame retains sharpness while subsequent frames exhibit progres-
sive blurring due to temporal downsampling dependencies.

demonstrate that with keyframe guidance, our model can
leverage information from the reference view to generate
these high-frequency details with greater physical plausi-
bility and accuracy.
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Figure 6. Additional qualitative forward rendering results. We provide more qualitative comparisons with error maps to highlight the
differences between our predictions and the ground truth. For keyframe guidance, we sample keyframes with a 25-frame gap. Our method
clearly outperforms the baseline methods. In addition, with the keyframe guidance our model achieves the best results among all models.
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Figure 7. Additional qualitative forward rendering results (continued).
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Figure 8. Additional qualitative inverse rendering results.
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