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1 . Teacher gradients need expensive Monte Carlo estimates 2 - Method: three unbiased drop-ins

3 Stratified inverse-CDF
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Reuse (R: 1, K: 4) Stratified Sampling: SDS Weighting w(t) = o7, B = 8 Strata

A frozen diffusion teacher supplies gradients to a differentiable generator with parameters @, used in text-to-3D (SDS), one-step 1 Amortized compute reuse 2 Timestep importance weighting (IW)

distillation (DMD), and data attribution. Each gradient is an expectation over a noise level £ and Gaussian noise €, estimated by
Monte Carlo and applied through the chain rule: Baseline (R=2, K=1)
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x encoded render, x = Encode (g(O, 1r)): a differentiable render g from camera 7, encoded into the teacher's 4{: t gzooo o 3;0'51:: // Ozg
latent space. A% % I A 5
f(x,t,€) teacher direction. For SDS, f = wgpg(t) r with residual r = €4(2¢,t,¢) — €, Z; = a:X + oy€. © }‘ / 0.1
8x/80 renderer [ encoder Jacobian: backprop through render + encode. This is the dominant cost. S 00010/ | 90.5 U S ;”80
Timestep ¢ t
Naive variance reduction is wasteful: each Monte Carlo estimate of the gradient averages R samples, and every sample ) 1 . 1 - i i Hx (™) X 5 b1+ g(r)
pays the full render/encode cost (Cgenoise << Crendertencode ), SO reducing variance by naively growing the batch size R scales Uy = 7 Zr:1 (f Zkzl f(x™, P el ))) 50 q"(t) o< p(t) \/E[”f(t’ OlIz 1] — g(t) o< p(t) wsps(?) u,(f) = = b t,(f) = CDF;I(u,(f))
this dominant cost. Downstream pipelines inherit the teacher’s schedule and average ad hoc, sometimes biasing the objective, , , o
without accounting for which randomness dominates or how it trades against compute. The naive estimator renders once per teacher evaluation (K = 1). The variance-optimal proposalis intractable. After backprop, the 9 IID draws of £ clump and leave gaps. Forcing one draw per equal-mass

parameter-gradient norm tracks the teacher weight wgpg (t) = 03}
(green), a free, near-oracle surrogate. Weighting each draw by p(t)/q(t)
keeps the estimator unbiased.

Instead, reuse render x and average K teacher evaluations with fresh
(t, €): the shared vector-Jacobian product through 0x /980 is computed
once, so within-render variance falls at little added cost.

bin (B = K bins per render) and mapping through the proposal’s
inverse-CDF combines stratification with importance weighting at no
extra compute.

CARYV is a compute-aware variance-accounting framework: it measures gradient variance against wall-clock to expose which
randomness actually dominates, then reduces it with three unbiased drop-ins that leave the objective unchanged.

4 - Applications beyond text-to-3D

3 - Results: 2-3x effective compute on text-to-3D
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One-step distillation: when variance isn’'t the bottleneck
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0.20- CARYV stays unbiased, and its variance-per-compute accounting exposes the regime where MC variance is the bottleneck, and, as in
DMD, where itisn’t.
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When CARV helps: the MC teacher gradient dominates the update - rendering / encoding costs more than denoising
CARV (red, (1,16)), whose iterations cost less, reaches a higher CLIP score than the uniform baseline (blue, (4, 1)) at a fixed iteration (Crendertencode > Cdenoise) - Variance limits convergence.

CARV'’s (1, 16) iterations cost less than the baseline’s (4, 1), yet it reaches comparable quality in fewer iterations.
count (30 prompts x 3 seeds).



