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Fig. 1. Video Numerical Continuation. Top-left: Given a target image of Bob [Crane 2014]∗, we aim to recover its geometry starting from a small polyhedron
using a differentiable renderer Nvdiffrast [Laine et al. 2020]. Blue block: The baseline [Nicolet et al. 2021] optimizes the mean squared error between the
current render and the target image. It struggles to model the hole and instead produces flipped mesh geometry to approximate the shading. Such suboptimal
recovery is a common issue in inverse rendering across a wide range of settings, largely arising from non-convex loss landscapes and gradient sparsity [Fischer
and Ritschel 2023; Mehta et al. 2025; Zhang et al. 2025]. Green block: Instead, we use a video generative model conditioned on the initial render and target
image as first–last frames, along with a text prompt, to generate a sequence depicting a smooth transition between them. Orange block: We use each
frame in the generated sequence as the target sequentially to guide the progressive reconstruction of the hole and yielding a correct topology within the
same number of iterations. Our idea is broadly applicable beyond geometry optimization. We report Peak Signal-to-Noise Ratio values with respect to the
target image at the top-left of each state. Although our method starts with lower PSNR (as it does not directly optimize against the final target), it ultimately
achieves higher final quality. “The longest way round is the shortest way home.”†— James Joyce

While differentiable rendering enables gradient-based scene parameter re-
covery, it is frequently hampered by high non-convexity and poor local
minima. We present a practical approach that circumvents these challenges
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by leveraging priors from foundation video models. Given initial and tar-
get images, we synthesize a smooth video trajectory and optimize scene
parameters sequentially across its frames. This creates a gradually evolving
objective that guides parameters along a tractable path, allowing the opti-
mizer to escape local minima that stall standard methods. Conceptually, our
approach acts as a form of numerical continuation, progressively deforming
the objective to ensure robust convergence. We demonstrate its effective-
ness across diverse inverse rendering tasks – including 6D pose estimation,
lighting and PBR material recovery, geometry optimization, and skeleton
optimization – successfully achieving convergence to the global optimum,
from poor initializations where standard methods struggle.

CCS Concepts: • Computing methodologies→ Rendering.

Additional Key Words and Phrases: inverse rendering, differentiable render-
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Fig. 2. Rotation Optimization. First column: We optimize the rotation of a house around the up-axis using a di�erentiable renderer [Laine et al. 2020],
with image Mean Square Error as the objective. Optimization with MSE against the target image becomes trapped at the initial state, while our method
converges to the correct rotation. Blue block: This occurs because the initial (0� ) and target (180� ) states exhibit strong visual similarity due to partial
symmetry, making the initial state a local minimum, as shown in the loss landscape. Progress toward the global minimum would initially increase the loss,
preventing standard gradient descent from escaping this minimum. Orange block: Instead of directly optimizing against the target image, we sequentially use
intermediate frames from the generated video as targets.1This gradually reshapes the loss landscape so that each intermediate objective admits a nearby local
minimum reachable by gradient descent from the current state. These minima progressively move toward the global minimum, enabling global convergence.
For each step, we visualize the parameter updates under idealized gradient descent: the le� marker denotes the parameter value before the update, while the
right marker denotes the updated value. Over time, the trajectory does converge to the global minimum a�er all 6 frames.
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1 INTRODUCTION
Di�erentiable rendering is a powerful tool for recovering scene
parameters from reference images via gradient-based optimization.
However, the underlying inverse problem is usually highly non-
convex, making optimization sensitive to initialization and prone
to poor local minima [Fischer and Ritschel 2023; Mehta et al. 2025;
Zhang et al. 2025]. To address this, we use a foundation video model
to generate a video trajectory from the initial state to the target
image, and sequentially optimize over its frames to guide the pa-
rameters to evolve smoothly toward the global optimum.

As a concrete example, consider optimizing a building's yaw angle
in Fig. 2. Due to the object's near symmetry, the initial state forms
a local minimum: small rotations in either direction increase the
image MSE, causing standard inverse rendering methods [Laine et al.
2020] to remain trapped at the starting point. Instead, we synthesize
a video trajectory depicting a smooth rotation from the initial state
to the target. By optimizing sequentially over these intermediate
frames, our rotation parameter tracks the rotation and escapes the
local minimum, ultimately converging to the �nal reference image.

The visualized loss landscapes illustrate how our method works:
starting with a target that is close to the initial state creates a lo-
cal minimum that is easily accessible via gradient descent. As the
target frames gradually change, this minimum shifts toward the

*Black backgrounds are removed here; full images are shown in the supplementary.
„ Strictly speaking, our method is not taking the "longest" way around; the point is that
the seemingly shortest path (directly minimizing the target) is not necessarily the best.

global optimum while remaining su�ciently close to make optimiza-
tion tractable. The concept of guiding optimization with a smoothly
evolving loss can be seen as a variant of numerical continuation [All-
gower and Georg 2012].

In summary, our contributions are as follows:

� We propose a practical method for mitigating local minima
in inverse rendering using foundation video models in a nu-
merical continuation method.

� We show the e�ectiveness of our method across a range of
tasks, including 6D and body pose estimation, lighting and
material recovery, and mesh optimization. We also provide
an analysis of the strengths and limitations of our method.

� We extend our method to challenging scenarios, such as ma-
terial�lighting ambiguities and multi-view settings.

An open-source implementation of our method is available at
https://github.com/suikasibyl/vnc.

2 BACKGROUND AND RELATED WORK
Di�erentiable inverse rendering. Given one or more reference im-

ages Iref, inverse rendering aims to recover scene parameters\ via
a di�erentiable renderer I¹\ º by minimizing a loss L:

\ � = arg min
\

L
�
I¹\ º• I ref

�
” (1)

Extensive research has focused on developing e�cient di�erentiable
renderers, based on either rasterization [de La Gorce et al. 2011;
Laine et al. 2020; Liu et al. 2019; Loper and Black 2014; Pidhorskyi
et al. 2024] or path tracing [Bangaru et al. 2020; Li et al. 2018; Loubet
et al. 2019; Nimier-David et al. 2019; Zhang et al. 2020, 2023]. How-
ever, a key practical challenge is the non-convexity of the objective
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Fig. 3. Inverse Rendering with Local Minima. Non-convexity is common in inverse rendering, as illustrated by two 1D examples. In PenguinGirl (le�),
optimizing the x-translation yields a local minimum when moving far to the le� (out of view), since the image MSE also decreases. Moving right toward
the target produces a flat plateau until the objects overlap, and both e�ects hinder optimization. SandCastle (right), which exhibits approximate fourfold
symmetry, has four local minima in yaw optimization.2 We compare four methods under identical number of iterations and learning rates, reporting parameter
mean absolute error (MAE) in the top-le� labels. Nvdi�rast [Laine et al. 2020] gets trapped in local minima due to its naive objective. PRDPT [Fischer and
Ritschel 2023] smooths the loss, which can alleviate local minima and plateaus but still leads to unstable or suboptimal convergence. RGBXY [Xing et al. 2022]
leverages pixel correspondences and works well for translation, but provides li�le improvement in the SandCastle case. In contrast, our method generates a
video trajectory (shown as overlays) and optimizes along it using Nvdi�rast, escaping local minima and converging to the correct solution in both cases.

in Eq. (1), as shown in Fig. 3, which cannot be resolved simply by
improving gradient estimation.

Fig. 4. Loss Smoothing and Reshaping. We visualize the loss landscapes
for the examples in Fig. 3 under di�erent objectives, with initial and target
parameters indicated by red and green markers, respectively. Gaussian
pyramid and PRDPT filter the loss landscape in di�erent ways, but may
still preserve non-convex structures (second row) and can even blur out
the global minimum (first row, third column). LOIR reshapes the first loss
landscapes pre�y well, but only makes the second landscape noisier.

Variational optimization. One workaround is variational optimiza-
tion [Rechenberg and Eigen 1973; Spall 1992; Staines and Barber
2012], which replaces the original loss with a smoothed objective
obtained by averaging over a parameter distribution:

min
\

L¹I¹\ º• I refº � min
\ 0

E\ �? ¹\ j \ 0•f º »L¹I¹\ º• I refº¼• (2)

1For better visualization, we uniformly pick six frames from the generated video here. In
practice, all frames can be densely used for an even smoother evolution of the objective.

where the distribution?¹\ j \ 0• fº is typically Gaussian with mean
\ 0 and variancef . This expectation de�nes a locally smoothed
objective over\ 0, helping to escape local minima and plateaus. While
this idea integrates well with inverse rendering [Deliot et al. 2024;
Fischer and Ritschel 2023; Lidec et al. 2021], it has some limitations:
gradient estimation is usually more expensive, the variance increases
with problem dimensionality. Importantly, variational optimization
does not necessarily improve global convergence as shown in Fig. 3.

RGBXY derivatives. Xing et al. [2022] introduced an alternative
approach that mitigates the issue of convexity, by establishing corre-
spondences between pixels in image space and directly minimizing
pixel distances. While very e�ective when the correspondences
are easy to identify, it struggles in more general settings where
correspondences are ambiguous: e.g., under large rotations, signif-
icant lighting or shape variations, or when only weak texture or
geometric cues are present. In comparison, our method is more gen-
erally applicable. Moreover, RGBXY relies on a rasterizer to track
Lagrangian gradients and thus �nd it di�cult to handle global il-
lumination [Worchel and Alexa 2023] and volumetric e�ects like
subsurface scattering.

Gaussian Pyramid and LOIR. Loper and Black [2014] use a Gauss-
ian pyramid to smooth the loss landscape by �ltering both render-
ings and targets in image space, while PRDPT [Fischer and Ritschel
2023] does that in parameter space. Mehta et al. [2025] further extend

2The entire castle undergoes a rigid rotation; we visualize only the top red �ag in the
insets, as its motion is the most visually apparent.
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