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• Backpropagation (BP) fails for gradient-agnostic objectives (e.g., 0-1 loss,
truncated loss) – gradients are zero, undefined, or uninformative.

• Existing LR / ES methods perturb parameters or hidden layers
(high-dimensional) → cost scales with model size → not scalable for
deep networks.

• Thus, we need a scalable estimator that: (i) directly optimizes
gradient-agnostic targets (where BP fails), and (ii) matches BP’s
efficiency (where LR/ES fails).

• OVLR framework – Shifts Perturbation from parameter space →
low-dimensional output space.
◦ Single deterministic forward pass + one Vector-Jacobian Product (VJP).
◦ Speed & memory on par with BP

• Variance reduction – Output-level repetition + antithetic sampling →
gradient variance decoupled from ⁄1 σ2 (near-constant, R2 ≈ 0 ).

• Theoretical guarantees – Unbiased estimator, variance upper bound,
convergence rate O ⁄(1 𝐾𝐾).

• Empirical excellence – OVLR handles both worlds: standard
differentiable tasks (with BP-level efficiency) and gradient-agnostic tasks
(where BP fails).

• Plug-and-play – Works with any architecture (ResNet, ViT, Mamba). No
model modification. Open-source (PyTorch).

Figure 1. Comparison of Gradient Estimation Paradigms.

Table 1. Computational and memory profiles during training.

• 𝜇𝜇 𝜃𝜃 = 𝑓𝑓 𝜃𝜃;𝑥𝑥 – deterministic output
• 𝑧𝑧 = 𝜇𝜇 𝜃𝜃 + 𝜎𝜎𝜎𝜎 – perturbed output
• 𝜖𝜖 ∼ 𝑁𝑁(0,1) – Gaussian noise

• 𝜎𝜎 – noise scale
• 𝐿𝐿(𝑧𝑧, 𝑦𝑦) – general loss function
• 𝑦𝑦 – ground truth label
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Figure 2. Variance Reduction Efficacy of Different Strategies.
(a) Repetition (100) + AS (b) Repetition (1000) + AS

Table 2. Ablation Study on Variance Reduction Strategies and Noise Robustness

Table 3. OVLR Achieves Competitive Accuracy
with Negligible Overhead.

Figure 3. OVLR Filters Noisy Gradients for
Robust Convergence.

Figure 4. OVLR Overcomes Gradient
Vanishing in Truncated Loss Optimization.

Table 4. Memory Profile

◦ Output-level repetition
Reuse the same forward
pass Z for n noise samples
→ no n× backbone cost.

◦ Antithetic sampling (AS)
Pair ϵ and −ϵ → cancels
odd-order noise, variance
nearly constant vs ⁄1 σ2.

𝐿𝐿 𝜃𝜃 = 𝔼𝔼 𝑥𝑥,𝑦𝑦 ~𝒟𝒟 𝐿𝐿 𝑓𝑓(𝜃𝜃; 𝑥𝑥),𝑦𝑦

Goal: Minimize 𝔼𝔼𝑧𝑧 𝐿𝐿 𝑧𝑧,𝑦𝑦
by estimating 𝛻𝛻𝜃𝜃𝔼𝔼𝑧𝑧 𝐿𝐿 𝑧𝑧,𝑦𝑦
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