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Figure 1. Comparison of Gradient Estimation Paradigms.

Motivation

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).

Contribution

* OVLR framework — Shifts Perturbation from parameter space —
low-dimensional output space.

o Speed & memory on par with BP

* Variance reduction — Output-level repetition + antithetic sampling —
gradient variance decoupled from 1/c? (near-constant, R? =~ 0).

* Theoretical guarantees — Unbiased estimator, variance upper bound,
convergence rate O (1/vVK).

* 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).

» Backpropagation (BP) fails for gradient-agnostic objectives (e.g., 0-1 loss,

o Single deterministic forward pass + one Vector-Jacobian Product (VIP).

Method

Algorithm 1 Vectorized Training with OVLR

* Problem Formulation
L(0) = E(xy)~plL(f(0;x),¥)]

Goal: Minimize E,[L(z,y)]
by estimating Vg E,[L(z, y)]

1: Input: Mini-batch (X, Y'), parameters 8, noise scale o,
sample count n, batch size B, feature dimension d

2: Qutput: Updated model parameters 6

3: Forward Pass:

4. Z = [f(0;X) {Single deterministic backbone pass;
Ze ]Rnxd}

5. Z = Zrepeat(n,1), Y =
pansion to N = B x n samples}

6: Symmetric Sampling:

7: Sample 1,572 ~ N(0, 1), sel expapin = —€nny2
{Antithetic sampling}

* Variance Reduction

° QOutput-level repetition
Reuse the same forward 8 Zperturbed =

7 . 1 tures with Gaussian noise }
pass Or N noise samples 9: Loss & Gradient Construction:

— no nX backbone cost. 10: L = l(Zperturbed, Y') {Batch-wise black-box loss eval-

uation}
o Antithetic sampling (AS) 1: v=
nal; @ is element-wise product }
12: Backward Pass:
13: VgL = VIP(Z,0,v) {Single VIP through backbone
network (equivalent to Z.backward(v) in PyTorch)}

Pair € and —e — cancels
odd-order noise, variance

2
nearly constant vs 1/¢°. 14: @' = Optimizer(f, VL) {Update parameters using op-

timizer }
15: Return 8"

* For Gaussian (Default)
€
VoEz[L(z,¥)] = Econeo,1) lL(Z,Y) ;] - Vo u(0)

* u(8) = f(8; x) — deterministic output * ¢ — noise scale
» z = u(6) + ge — perturbed output * L(z,y) — general loss function
* € ~ N(0,1) — Gaussian noise » y — ground truth label

* For Laplace

V2 - sign(e)]
—

VG]EZ[L(Z' J/)] = ]EE~Laplace(0,1/ﬁ) L(Z: J/) : Vo /1(9)
* For Student-t W+ 1e
E,[L(z,y)] = Ee.t, [L(z, y) m] - Vo u(6)

Table 1. Computational and memory profiles during training.

Y.repeat(n) { Vectorized ex-

Z + oe {Batch-wise perturbation of fea-

(L @ €) {Vectorized output-level gradient sig-
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Figure 2. Variance Reduction Efficacy of Different Strategies.

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

Dataset Mode Repetition (n) Noise Scale o

Vanilla AS 1 20 50 100 200 300 400 500 |0.01 01 05 1 2 5
CIFAR10 88.15 88.47|30.27 86.86 88.06 88.16 88.47 88.34 87.35 88.40|87.96 88.33 87.21 88.47 87.76 88.20
CIFAR100 36.62 60.06| 1.85 38.43 54.82 59.77 60.06 61.20 61.73 62.45|60.94 59.32 59.92 60.06 60.26 58.98
TinyImageNet| 18.78 46.90| 0.71 22.05 37.91 44.94 46.90 45.68 45.69 46.39|46.92 46.36 45.24 46.90 45.99 47.31

Table 3. OVLR Achieves Competitive Accuracy
with Negligible Overhead.

Table 4. Memory Profile

Model CIFARIOD TinyTmageNet
CIFARI00 “TinyImageNet Allocated Reserved Allocated  Reserved
Modcl (BPIOVLR)  (BPIOVLR)  (BPIOVLR)  (BPIOVLR)
Accuracy  Time(s)  Accuracy  Time(s)
(BPIOVLR)  (BPIOVLR) (BPIOVLR) (BP/OVLR) ResNet-18

1,565/1,587  3460/3,466  1,505/1,625  3,468/3.454
0

RoNol-18 631076210 488574919 4727/4683 97.87/98.22 DenseNet-121 8,112/8,132  9334/9338  8113/8,174  9348/9418
-1.00 ; 0.4 0
DenseNet-121 65,92 /6531 15362/ 153,53 5388/ 52.86 307,10/ 306.92 ViT-B/16 10082/ 10,102 103947 10.406 10083/ 10,144 10,402/ 10,504
-0.61 -0.09 -1.02 -0.18 +12 +102
ViT-B/16 86.79/88.17 373.06/373.75 79.72/79.89 746.74 / 748.05
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Figure 4. OVLR Overcomes Gradient
Vanishing in Truncated Loss Optimization.

Figure 3. OVLR Filters Noisy Gradients for
Robust Convergence.
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