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Fig. 1. We introduce an image-space adaptive sampling technique as a form of pixel-level mini-batching for inverse rendering (that only renders a subset of
pixels per iteration). Our method is loss- and variance-aware, enabling fast inverse rendering with low per-iteration computation budget. In this example, we
jointly optimize the surface albedo of three CATCAKE objects. At equal time, our technique outperforms uniform mini-batching by allowing faster convergence.
Inverse rendering animations generated using our technique and uniform mini-batching can be found in the supplemental material.
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1 INTRODUCTION
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3 IMAGE-SPACE ADAPTIVE SAMPLING
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Fig. 2. We compute pji and p; defined in Eq. (1 ) approximately by first
obtaining low-resolution estimates using low sample counts, and enhancing
them by applying upsampling and denoising.
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tions. In this example, we compare inverse-rendering results generated using
our technique and uniform mini-batching at equal time with absolute and
relative L losses. Our method outperforms the baseline in both cases.
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Fig. 5. Multi-resolution modeling: Our multi-resolution scheme intro-
duced in §4.2 allows uniform convergence on objects with greatly varying
levels of details. This example involves an untextured TRASHCAN and a tex-
tured CATcAKE, and we jointly optimizing the surface albedo of both objects.
Without our multi-resolution scheme, the optimization allocates most sam-
ples on the trashcan, reducing the convergence rate of the CATCAKE.
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Fig. 6. Differential BRDF sampling: Our method makes no assump-
tion on BRDF sampling used by the underlying primal and differentiable
rendering processes. In this example, image deriatives Ij/ 6 are estimated
using the differential sampling method introduced by Belhe et al. [2024].
At equal time, our method outperforms uniform mini-batching by allowing
significantly faster convergence.
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Fig. 7. Failure case: For scenes that cannot be efficiently rendered using
unidirectional path tracing (a), our estimated sampling probability p; can
be unreliable (b)—unless using impractically high sample counts (c).
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Fig. 8. Material reconstruction: We compare inverse-rendering results where object material properties are optimized. For each example, we show results
obtained in equal optimization time using three pixel sampling strategies: (c) our technique (1 ); (d) previous method ( ); and (e) uniform sampling. The
parameter error (f) measures the difference (in L ) between the optimized parameters and the groundtruth. It is only used for evaluation (i.e., not for
optimization).
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Fig. 9. Additional inverse-rendering comparison: We compare inverse-rendering results where material properties are optimized for DopocoA, EARTH,
and BowL, and object geometries are optimized for Dopocos and KIrBy. For each example, we show results obtained in equal optimization time using two

pixel sampling strategies: (c) our technique (1 ); and (d) uniform sampling. The parameter error is only used for evaluation (i.e., not for optimization).
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