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Abstract. Deep vision models can perform very well on clean test sets
but still break down when inputs are corrupted by noise, blur, or occlusion.
We introduce Dynamic Region-Aware Gradient Suppression (DRAGS),
a lightweight training-time mechanism that suppresses gradients from
spatial regions detected as noisy or spurious for the current mini-batch.
DRAGS computes a saliency score at each location in an intermediate
feature map, keeps only the top T fraction, and detaches the gradients
from the remaining locations. This dynamic, region-level gating differs
from classical regularizers that act uniformly across space or channels.

On CIFAR-10 with a ResNet-18 backbone, DRAGS yields a consistent
improvement in clean accuracy over a strong baseline (+1.39 points;
64.15% + 2.30 vs. 62.76% * 1.05 across three seeds) and maintains robust-
ness under common corruptions, with slight gains on Gaussian noise and
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occlusion and a measured trade-off under motion blur. A short ablation
over 7 and layer placement shows that moderate suppression on early
layers is the most reliable setting. Heatmaps confirm that DRAGS down-
weights visually noisy background zones while preserving informative
object regions. Overall, DRAGS is simple to implement and compute-
efficient relative to adversarial training, making it a practical option for
robustness-minded training at scale.

Keywords: Robustness - regularization - gradient gating - dynamic masking -
corruptions - CIFAR-10 - ResNet-18 - computer vision

1 Introduction

Deep vision models can achieve very strong performance on clean test sets, but
they often remain brittle once the input distribution shifts because of noise, blur,
or occlusion [6]. Regularization and augmentation methods such as Cutout [2],
DropBlock [3], Mixup [11], and AutoAugment [1] help generalization, but they
usually act uniformly across space or channels. In other words, they do not
distinguish between regions that carry useful signal and regions that are mostly
background clutter or artifacts. Adversarial training [4,8] can improve robustness
more directly, but it comes with a considerable computational cost and is rarely
used as a default training strategy.

In this paper, we explore a simple alternative: instead of regularizing all
locations equally, we try to steer the optimizer to listen more to the parts of the
feature map that look informative and less to those that look noisy. We propose
DRAGS—Dynamic Region-Aware Gradient Suppression—a small training-time
module that sits on top of intermediate feature maps. For each mini-batch,
DRAGS builds a saliency proxy at every spatial location, keeps the top 7 fraction
of locations, and detaches the gradients flowing through the rest. The forward
activations are left unchanged, so the model behaves exactly like the baseline
at inference time, but the parameter updates during training are guided toward
regions that consistently appear useful.

Our contributions are:

— Method. We introduce a simple, drop-in, region-aware gradient gate that runs
only at training time and can be plugged into standard backbones without
changing their architecture or inference cost.

— Analysis. We provide multi-seed evaluation with mean+std reporting and
study how the keep ratio and layer placement affect accuracy, robustness, and
training time on CIFAR-10 with ResNet-18.

— Visualization. We present qualitative heatmaps that illustrate how DRAGS
tends to suppress visually noisy background regions while preserving salient
object areas.
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Table 1: Conceptual comparison of DRAGS with representative robustness and
regularization approaches.

Method Level Region selection Primary effect Inference cost
Cutout / DropBlock Input / features Random patches Masked activations Unchanged
Mixup / AutoAugment Input Global transforms Data / labels Unchanged
Grad-CAM (saliency) Features / logits ~ Gradient-based (post-hoc) Visualization only Unchanged
Adversarial training Input ‘Worst-case perturbations Loss and gradients Increased
DRAGS (ours) Intermediate features ~ Top-7 by saliency S Gradients gated by M Unchanged

2 Related Work

Robustness to Common Corruptions. CIFAR-10-C/ImageNet-C benchmark
robustness to noise, blur, and other corruptions [6]. Antialiasing and blur-aware
layers [12] can help, though effects can be architecture-dependent.
Regularization & Augmentation. Spatial dropout and masking techniques
(Cutout [2], DropBlock [3]) remove random patches or contiguous regions;
Mixup/AutoAugment [1,11] reshape the data distribution. These are input-
level; DRAGS intervenes at feature-level during backprop.

Saliency & Gradient Manipulation. Gradient-based explanations (Grad-
CAM [9]) relate spatial saliency to decision making. DRAGS shares the intuition
that not all locations should contribute equally, but instead modifies gradients
during training to suppress unhelpful regions.

Adversarial Training. While effective [4, 8], adversarial training is compute-
intensive. DRAGS offers a compute-light alternative that improves clean accuracy
and preserves robustness on common corruptions without adversarial inner loops.

2.1 Novelty and Positioning of DRAGS

Most robustness methods fall into three groups: (i) make inputs harder through
augmentation or masking, (ii) harden the model with adversarial objectives,
or (iii) inspect saliency maps after training without changing the learning rule.
DRAGS sits a bit differently. It takes a simple, instance-wise saliency signal S
from intermediate features and uses it inside the training loop to gate gradients
via a mask M, while leaving the forward activations and architecture untouched.
This makes DRAGS more targeted than uniform regularizers (which treat
all locations equally) and much lighter than adversarial training (no inner-loop
optimization, no extra inference cost). Table 1 highlights this contrast.

3 Method: Dynamic Region-Aware Gradient Suppression
(DRAGS)

Let X € REXOXHXW he feature maps at an intermediate layer. DRAGS computes
a region saliency proxy S € REXIXHXW ‘o o average across channels (optionally
after local pooling), and forms a top-k binary mask M = 1{S in top 7} where
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Fig. 1: Overview of the Dynamic Region-Aware Gradient Suppression (DRAGS)
module. An input image is processed by the backbone to produce an intermediate
feature map. DRAGS computes saliency scores S, selects the top-7 locations to
form a binary mask M, and uses it to suppress gradients at masked locations while
leaving forward activations unchanged. The classifier operates on the backbone
features as usual; DRAGS is applied only at training time.

7 € (0,1] is the keep ratio. During backprop, we detach gradients from locations
where M = 0: }
X=MoX+(1-M)o stopgrad(X). (1)

Forward activations pass through unchanged, preserving inference-time behavior.
Only gradients from the bottom (1 — 7) fraction are suppressed. An overview of
how DRAGS is inserted into a standard backbone and how gradients are gated
during training is shown in Fig. 1.

3.1 Design Choices

Saliency proxy. We use channel-average (optionally preceded by kxk average
pooling) to stabilize ranking across channels.

Gating granularity. A spatial mask operates per location.

Placement. We insert DRAGS in early/mid blocks (e.g., ResNet-18 layer1/layer2)
to steer feature learning without interfering with late layers.

Hyperparameters. Top-k ratio 7 and pool kernel k are the only tunables.
In our ablation we vary 7 € {0.05,0.10,0.15}.
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Algorithm 1 DRAGS (training-time, per mini-batch)

Require: Feature maps X € REXCXHXW ‘yoop ratio 7, pool kernel k.

1: A + AvgPool, (X) > stabilize local responses
2: S + Meanc(A) > saliency proxy, shape B x 1 x H x W
3: For each b: compute threshold ¢, so that 7 fraction of S, are > ¢,

4: My« 1{Sp, > tp} > binary top-k spatial mask
5 X+ MO X+ (1 - M) ©stopgrad(X)

6: return X

Table 2: Baseline vs DRAGS on CIFAR-10 (meanztstd over seeds 42, 43, 44).
Model Clean Gaussian Motion Blur Occlusion Train Time (s)

Baseline 62.76 £1.05 57.30+2.51 27.16£1.64 55.06 £2.71 113.25+ 2.69
DRAGS 64.15+2.30 57.54 +2.08 2541 +1.12 55.26 +1.38 225.76 +3.21

3.2 Complexity

DRAGS adds only light pooling and top-k operations. In our runs, training time
roughly doubled compared with the baseline (no gating), still far cheaper than
adversarial training.

4 Experimental Setup

Dataset. CIFAR-10 [7] train/test split; we additionally evaluate under four
common test conditions: clean, Gaussian noise, motion blur, and occlusion (as in
CIFAR-10-C [6]).

Backbone. ResNet-18 [5].

Optimization. Stochastic gradient descent with standard settings; label
smoothing and heavy augmentation were not used to isolate DRAGS effects [10].

Training budget. Each run used a short schedule (2 epochs) to standard-
ize compute across ablations and seeds; we report mean=+std over three seeds
{42,43,44}. While longer schedules would increase absolute accuracy, we focus
on the differential impact of DRAGS, which is stable across seeds.

DRAGS placement. Unless otherwise stated, DRAGS is inserted at layer1
and layer2 with pool kernel k=3 and keep ratio 7=0.10.

5 Results

5.1 Main Comparison (3 Seeds)

Table 2 reports clean and corrupted accuracy (%) and training time in seconds.
DRAGS improves clean accuracy by +1.39 points on average and maintains
robustness under Gaussian noise and occlusion with a small cost on motion blur.
Per-seed raw results. For completeness, Table 3 lists the raw per-seed scores
you obtained.
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Table 3: Per-seed accuracy (%) and train time (s).
Seed Model Clean Gauss Motion Occl. Time

42  Base 62.31 54.42 29.01 52.31 112.42
42 DRAGS 66.10 59.93 26.63 56.84 222.92
43 Base 63.96 59.03 25.90 57.72 111.07
43 DRAGS 61.61 56.13 25.18 54.64 225.13
44 Base 62.00 58.46 26.57 55.14 116.26
44 DRAGS 64.75 56.56 24.42 54.31 229.24

5.2 Ablation Study

We sweep the keep ratio 7 € {0.05,0.10,0.15} and placement (layerl vs
layeri+layer2). Table 4 shows meantstd over seeds. Trends:

— Moderate keep ratios (7=0.10 or 0.15) on layer1 yield the most reliable clean
accuracy (50.08% =+ 1.69 to 50.50% =+ 2.21).

— Adding layer2 generally increases compute (~ 92.0s vs 66.0s) and can reduce
stability at high suppression (e.g., 7=0.15).

— Robustness under Gaussian/occlusion tracks clean performance; motion blur
is sensitive to spatial gating and benefits from careful tuning.

5.3 Visualization
Fig. 2 shows DRAGS heatmaps overlaid on test images. Suppressed regions (cool

colors) typically align with background clutter and occluders, while salient object
regions are preserved.

5.4 Bar Chart Summary

As shown in Fig. 3, DRAGS consistently outperforms the Baseline across clean
and corrupted conditions.

Table 4: Ablation on top-k ratio 7 and layer placement (mean+std over seeds).

T Layers Clean Gaussian  Motion Blur  Occlusion Train Time (s)
0.05 layeri 48.66 £2.74 47.72+1.05 25.97+1.92 41.46+0.71 68.15+1.18
0.05 layeri+layer2 48.66 +2.74 47.72£1.05 25.97+1.92 41.46 £0.71 90.78 +1.40
0.10 layer1 50.08 +1.69 48.90 £1.74 25.20 £ 2.84 44.12£2.35 66.54 + 0.56
0.10 layeri+layer2 49.55 + 2.23 48.29 £1.88 26.80 & 3.52 43.57 £2.20 92.67£0.36
0.15 layer1 50.50 +2.21 48.01 £1.31 26.30 +1.49 42.75+£1.33 65.84 £ 0.52

0.15 layeri+layer2 45.96 +5.11 44.65 £ 3.87 26.19 +3.30 39.22 +£4.95 93.45+£0.39
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6 Discussion

Where DRAGS helps. Clean accuracy and noise/occlusion robustness benefit
from region-aware suppression, likely because DRAGS discourages reliance on
background textures and spurious edges.

Motion blur sensitivity. Spatially uniform blur reduces localized contrast;
a strict top-k mask can discard weak-but-useful evidence. Tuning 7 and using
earlier layers mitigates this.

Compute trade-off. DRAGS doubles training time in our setup but remains
far cheaper than adversarial inner loops. At inference, there is no overhead.

7 Limitations and Broader Impact

We trained with a short schedule to enable extensive ablations. Absolute accuracy
would increase with longer schedules; we expect conclusions to persist. DRAGS’
suppression relies on a saliency proxy; poorly chosen proxies could attenuate
minority cues. Evaluating fairness and class-conditional effects is an important
future direction.

8 Conclusion

We presented DRAGS, a simple training-time region-aware gradient gate. Across
three seeds on CIFAR-10 with ResNet-18, DRAGS improves clean accuracy and
preserves robustness to common corruptions, with interpretable heatmaps that
show the mechanism’s effect. DRAGS is easy to add to standard backbones and
offers a practical path to robustness with minimal engineering.
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Fig. 2: DRAGS heatmap overlays on CIFAR-10 examples. The colorbar indicates
suppression intensity (higher = more suppressed). Best viewed in color and
zoomed in.



686

Accuracy (%)

M. M. Meherab et al.

I Baseline 3 DRAGS

*

60

40 -

20 A

cest Q.a\lss\an W occ\US\O“

Fig. 3: Baseline vs DRAGS across clean and corrupted conditions (mean over
three seeds).
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