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Abstract

Class Activation Mapping (CAM) and its extensions have become indispensable
tools for visualizing the evidence behind deep network predictions. However, by re-
lying on a final softmax classifier, these methods suffer from two fundamental distor-
tions: additive logit shifts that arbitrarily bias importance scores, and sign collapse that
conflates excitatory and inhibitory features. We propose a simple, architecture-agnostic
dual-branch sigmoid head that decouples localization from classification. Given any
pretrained model, we clone its classification head into a parallel branch ending in per-
class sigmoid outputs, freeze the original softmax head, and fine-tune only the sig-
moid branch with class-balanced binary supervision. At inference, softmax retains recog-
nition accuracy, while class evidence maps are generated from the sigmoid branch –
preserving both magnitude and sign of feature contributions. Our method integrates
seamlessly with most CAM variants and incurs negligible overhead. Extensive evalu-
ations on fine-grained tasks (CUB-200-2011, Stanford Cars) and WSOL benchmarks
(ImageNet-1K, OpenImages-30K) show improved explanation fidelity and consistent
Top-1 Localization gains – without any drop in classification accuracy. Code is avail-
able at https://github.com/finallyupper/beyond-softmax.

1 Introduction
Deep neural networks have achieved remarkable success across a wide range of visual recog-
nition tasks, from fine-grained classification [27] to large-scale object detection [18]. How-
ever, their decision processes remain largely opaque, limiting trust in safety-critical domains
such as medical imaging and autonomous driving. Class Activation Mapping (CAM) [32]
was proposed to bridge this gap by projecting the weighted sum of high-level feature maps
back onto the input image, yielding a heatmap that highlights discriminative regions for a
given class. While effective, CAM requires architectural constraints (Global Average Pool-
ing & fully-connected layers) and exposes only linear combinations of feature maps.

Grad-CAM [19] and Grad-CAM++ [5] generalize CAM to arbitrary network architec-
tures – be they convolutional backbones with deep MLP heads or transformer encoders with
[CLS] tokens – by using gradients of the target logit to compute per-channel importance
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scores. A host of further variants have since been developed: Score-CAM [28] and Ablation-
CAM [17] eschew gradients entirely, measuring score perturbations under masking or abla-
tion; Layer-CAM [13] and Eigen-CAM [15] fuse multi-layer activations or principal com-
ponents; and attention-based methods directly visualize ViT attention maps [1, 10].

Despite these advances, most CAM-style explanations inherit two fundamental distor-
tions from the ubiquitous softmax classifier: (i) additive logit shift, whereby adding a con-
stant to all class logits leaves softmax probabilities unchanged but arbitrarily biases impor-
tance scores; and (ii) sign collapse, whereby softmax depends only on relative ordering of
logits and discards the absolute sign of feature contributions. We show in Section 3.2 that
these artifacts can dramatically mislead localization maps.

To overcome these issues, we decouple localization from classification via a lightweight,
architecture-agnostic dual-branch sigmoid head. Starting from any pretrained model, we
clone its classification head into a parallel sigmoid branch – freeze the original softmax
branch and fine-tune only the sigmoid branch with class-balanced binary supervision. At
inference, we retain softmax for recognition and use the sigmoid branch to generate class
evidence maps with absolute, signed feature importance. This plug-in approach works across
any CAM variants and delivers consistent gains in two scenarios: (1) explanation fidelity on
fine-grained tasks (CUB-200-2011 [27] and Stanford Cars [14]), reducing Average Drop
and boosting % Increase in Confidence and (2) weakly supervised object localization on
ImageNet-1K [18] and OpenImages-30K [4] – improving Top-1 Loc, MaxBoxAccV2, and
PxAP without harming classification – across multiple CAM methods.

In summary, our contributions are:
• A formal analysis of two softmax-induced distortions – additive logit shift and sign

collapse – that undermine CAM-style explanations.
• A dual-branch sigmoid head that restores absolute, signed feature importance for ar-

bitrary classifier architectures.
• Extensive experiments showing enhanced explanation fidelity on CUB-200-2011 and

Stanford Cars, and WSOL improvements on ImageNet-1K and OpenImages-30K, all
with negligible overhead.

2 Related Work
Gradient-Based Methods. Early pixel-level saliency maps compute the gradient of a class
score with respect to each input pixel [22]. SmoothGrad [24] reduces noise by averaging
over noisy inputs, and Integrated Gradients [25] accumulates gradients along a path from
a baseline. CAM [32] first extended saliency to feature maps via Global Average Pooling
and a linear head. Grad-CAM [19] and Grad-CAM++ [5] generalized this to arbitrary archi-
tectures by averaging channel gradients, with Grad-CAM++ using higher-order derivatives
for multiple-instance localization. Layer-CAM [13] fuses activation-gradient products across
layers, and XGrad-CAM [9] derives weights from axiomatic properties.

Gradient-Free and Perturbation-Based Methods. To avoid gradient saturation, Score-
CAM [28] uses the forward pass with feature-map masks to measure class scores, and
Ablation-CAM [17] quantifies score drops when ablating channels. RISE [16] averages ran-
dom input masks, while Extremal Perturbations [8] optimize sparse masks to highlight im-
portant regions. These perturbation methods often yield sharper maps but require multiple
forward passes.
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Statistical and Structural Methods. Eigen-CAM [15] leverages the first principal compo-
nent of the feature tensor as a heatmap. Transformer-specific approaches – Attention Roll-
out [1] and TS-CAM [10] – visualize aggregated self-attention. Relevance propagation tech-
niques such as LRP [2] and DeepLIFT [20] distribute the prediction score back through
network layers.
Weakly-Supervised Object Localization. WSOL methods seek to predict object bound-
ing boxes or masks using only image-level labels. Early works [6, 23, 29, 30] train models
by adapting CAM heatmaps to cover entire objects. More recent work, such as Rethinking
CAM [3], improves the CAM pipeline itself through refined thresholds and evaluation pro-
tocols. Unlike post-hoc explanations, WSOL integrates localization objectives or auxiliary
branches during training to directly encourage complete object coverage.

Most CAM-style methods derive channel or pixel weights from softmax logits (or their
perturbations) and thus inherit additive logit shifts and sign collapse distortions. In contrast,
our dual-branch sigmoid head trains per-class binary classifiers to recover absolute magni-
tude and polarity of feature contributions, and plugs seamlessly into any CAM or WSOL
pipeline to produce more faithful localization maps.

3 Our Approach
We propose a dual-branch sigmoid head that decouples localization from classification by
restoring absolute, signed feature importance in CAM-style heatmaps. Our approach unfolds
in three parts: first, Sec. 3.1 reviews CAM fundamentals; next, Sec. 3.2 analyzes softmax-
induced distortions; and finally, Sec. 3.3 details our dual-branch sigmoid architecture along
with its training and inference procedures.

3.1 Preliminaries: CAM Definitions
Given an input image x, let Fi → RP↑Q be the i-th channel feature map of the final convolu-
tional layer, with i = 1, . . . ,N. A classification head h maps the feature tensor F → RN↑P↑Q

to logits
ωk = hk(F), k = 1, . . . ,C, (1)

with softmax probabilities:

yk =
exp(ωk)

!C
j=1 exp(ω j)

. (2)

Vanilla CAM. In the original CAM [32], h is a Global Average Pooling (GAP) layer fol-
lowed by a fully-connected (FC) layer. Specifically,

ωk =
N

!
i=1

wi,k F̄i +bk, F̄i ↭ 1
PQ

P

!
p=1

Q

!
q=1

F(p,q)
i . (3)

where wi,k and bk are the FC weights and bias. The (linear) class activation map for class k
is

Mk(p,q) =
N

!
i=1

wi,k F(p,q)
i . (4)
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Gradient-Based CAM. To remove architectural constraints, gradient-based CAM vari-
ants [5, 19] first compute intermediate importance scores:

!i,k =
1

PQ

P

!
p=1

Q

!
q=1

∀ωk

∀F(p,q)
i

, (5)

which are then post-processed – e.g., directly as wi,k = !i,k in Grad-CAM, refined by higher-
order derivatives in Grad-CAM++ [5], or fused across layers in Layer-CAM [13] – to obtain
the final weights for Eq. (4). Many variants additionally apply an elementwise ReLU to
obtain a non-negative heatmap:

Mk(p,q) ↓ ReLU
(
Mk(p,q)

)
. (6)

We adopt this ReLU-applied map as the default for visualization and evaluation; however,
for analytical clarity (e.g., in Sec. 3.2) we refer to the linear score Mk in Eq. (4) without the
ReLU.

Other Variants. Beyond vanilla CAM and gradient-based extensions, many CAM meth-
ods [9, 15, 17, 28, 31] adhere to the same two-step recipe. First, they derive per-channel
importance scores wi,k from the model’s softmax logits or scores – using gradients, higher-
order derivatives, or perturbations of inputs or feature maps. Second, they linearly combine
these weights with the feature maps to yield the final heatmap as Eq. (4). For example, Score-
CAM [28] masks the input with each feature map in turn and measures the resulting change
in logit

!i,k = ωk(x↔maski) ↗ ωk(x), (7)

then normalizes {!i,k} to obtain wi,k.

3.2 Softmax-Induced Distortions
As reviewed above, all CAM variants ultimately form a heatmap by linearly combining fea-
ture maps with per-channel weights (Eq. (4)). For this linear combination to be semantically
valid, the weights should satisfy two tacit requirements: (i) relative magnitude semantics
– wi,k should reflect how important channel i is for class k so that weights are compara-
ble across channels; and (ii) sign semantics – the sign of wi,k should indicate whether the
corresponding activation contributes evidence (positive) or inhibition (negative) to class k.

However, when weights are derived from softmax-based scores, softmax’s invariances
break these assumptions: additive logit shifts arbitrarily bias magnitudes, and sign collapse
conflates evidence and inhibition. Figure 1 illustrates these effects with concrete examples.

1) Additive Logit Shift. Softmax is invariant to adding the same constant to all class logits.
Let ω → RC and 1 → RC be the all-ones vector. For any ∀ → R, define ω↘ = ω+∀1. Then

y↘k =
eωk+∀

!C
c=1 eωc+∀ =

eωk e∀

e∀ !C
c=1 eωc

= yk. (8)

Now apply a uniform shift to all FC weights connected to the i-th feature map across
classes:

w↘

i,k = wi,k +# (≃k), w↘

j,k = w j,k ( j ⇐= i).
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Figure 1: Softmax-induced distortions in CAM-based localization. (a) Additive Logit Shift:
adding a constant # to all feature weights leaves the softmax probability yk unchanged but
disproportionately amplifies feature fi in the heatmap. (b) Sign Collapse: subtracting # flips
formerly positive feature weights to negative without affecting yk, causing previously high-
lighted regions to vanish. In both cases, identical classification outputs produce drastically
different localization maps.

Under the GAP+FC head in Eq. (3), each logit becomes

ω↘k =
N

!
j=1

w↘

j,k F̄j +bk = ωk +# F̄i,

so softmax probabilities are unchanged by (8). However, the linear CAM combination in
Eq. (4) changes spatially:

M↘

k(p,q) =
N

!
j=1

w↘

j,k F(p,q)
j =

N

!
j=1

w j,k F(p,q)
j + # F(p,q)

i = Mk(p,q)+#F(p,q)
i . (9)

Thus – even with identical class probabilities – the heatmap can be arbitrarily brightened or
dimmed where Fi is large (and likewise after applying ReLU when used).

2) Sign Collapse. Softmax depends only on the relative differences among logits and ig-
nores their absolute sign. For example, subtracting a large constant from every FC weight in
Eq. (3),

w↘

i,k = wi,k ↗# , # ⇒ 0, (10)

shifts all logits uniformly (so yk remains unchanged by the shift invariance in Eq. (8)), yet it
inverts CAM contributions: channels that were positive become inhibitory, thereby mislead-
ing the localization.
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Figure 2: Inference pipeline of the dual-branch sigmoid CAM. After feature extraction, the
frozen softmax head predicts the class label k⇑. In parallel, any CAM variant computes
per-channel importance scores w̃k⇑ (via weights or gradients) for sk⇑ , which are rectified
by clamping to positive values. These positive-only scores are then linearly combined with
the feature maps to produce the final class evidence heatmap M̃k⇑ .

3.3 Dual-Branch Sigmoid Head
To disentangle these distortions, we introduce a dual-branch sigmoid head that decouples
localization from classification.

Head Replication. Starting from a pretrained classifier, we copy its head h into a new
branch h̃ with identical architecture (GAP+FC or MLPs), but fresh parameters. The sigmoid
branch outputs class-wise scores:

sk = ∃
(
h̃k(F)

)
, ∃(z) = 1/(1+ e↗z), k = 1, . . . ,C. (11)

The original softmax head and backbone remain frozen.

Binary Supervision. Each image is a positive sample for exactly one class and a negative
sample for the other C↗1 classes, inducing a strong imbalance (e.g., 1:999 on ImageNet).
We therefore train the sigmoid head h̃ with class-balanced binary cross-entropy:

L=↗
1
B

B

!
n=1

[(
1↗ 1

C
)

logsy(n)︸ ︷︷ ︸
positive

+ 1
C !

k ⇐=y(n)
log(1↗ sk)

︸ ︷︷ ︸
negatives

]
. (12)

Sigmoid Branch Semantics. Each sigmoid head sk = ∃(ω̃k) is trained as an independent
binary classifier for class k with BCE (Eq. (12)). Because classes are optimized indepen-
dently, w̃i,k is determined solely by its effect on sk rather than by cross-class normalization
or logit ranks. This breaks softmax invariances (additive logit shifts and sign collapse) and



OH & NOH: BEYOND SOFTMAX 7

restores both the magnitude and polarity needed for CAM-style maps. For example, under a
GAP+FC head (as in vanilla CAM), the sigmoid logit can be written as ω̃k = b̃k +!N

i=1 w̃i,k F̄i
(c.f ., Eq. (3)), and it satisfies:
• Relative importance. The BCE objective increases w̃i,k for channels whose activations

raise sk on positives and decreases it otherwise, yielding within-class comparability: larger
|w̃i,k| denotes stronger influence on sk for class k.

• Sign semantics (evidence-only mapping). Since ∃(·) is strictly increasing, increasing F̄i
raises sk iff w̃i,k > 0 (evidence) and lowers it iff w̃i,k < 0 (inhibition), thereby restoring the
polarity lost under softmax. Leveraging this at inference, we retain only positive contribu-
tions – using max(0, w̃i,k) (or max(0, !̃i,k)) – and combine them with feature maps as in
Eq. (4) to produce class-k evidence maps without negative leakage.

Inference. During testing, we first predict the class via the softmax branch and obtain
k⇑ = argmaxk yk. For localization, we apply the chosen CAM variant to the sigmoid branch
– i.e., compute per-channel scores w̃i,k⇑ from the sigmoid logit sk⇑ rather than the softmax
logit ωk⇑ (c.f ., Eqs. (5), (7)). We then retain only positive evidence by clamping negatives
to zero and combine the resulting weights with feature maps as in Eq. (6) to obtain M̃k⇑ .
This drop-in substitution (softmax ⇓ sigmoid) makes the procedure applicable to any CAM
variant and yields signed, distortion-free maps. Figure 2 illustrates the complete inference
pipeline.

4 Experiments
We evaluate our dual-branch sigmoid head on two complementary tasks: (1) explanation fi-
delity in fine-grained classification, which measures how faithfully heatmaps highlight the
subtle, class-specific cues that distinguish similar categories; and (2) weakly-supervised ob-
ject localization (WSOL) on large-scale datasets, which tests whether our method can re-
cover full object extents from image-level supervision. For vanilla CAM both softmax and
sigmoid heads employ a GAP+FC design; for all other variants we preserve the original clas-
sifier head architectures. Full implementation details and additional results are provided in
the Appendix.

4.1 Fine-Grained Explanation Fidelity
Fine-grained classification requires distinguishing very similar categories based on subtle
visual cues. Explanation fidelity metrics measure whether heatmaps correctly highlight these
small, discriminative regions, and thus reflect the true model reasoning.

Datasets. We evaluate two fine-grained benchmarks:
• CUB-200-2011 [27]: 6,033 train, 5,755 test images of 200 bird species.
• Stanford Cars [14]: 8,144 train, 8,041 test images of 196 car models.

Metrics. We use masking-based Average Drop (%) and % Increase in Confidence [5].
Following [5], the explanation map is constructed by element-wise multiplying the class-
conditional saliency map (upsampled to the input size) with the original image as Ek⇑ =
M̃k⇑ ⇔x, where ⇔ denotes the Hadamard product, M̃k⇑ is the saliency map for predicted class
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Backbone Method CUB-200-2011 Stanford Cars
% Avg Drop (↖) % Inc Conf (↙) % Avg Drop (↖) % Inc Conf (↙)

VGG-16

CAM 45.36 7.08 31.45 9.68
+ Ours 37.20 (-8.16) 18.86 (+11.78) 43.58 (+12.13) 10.74 (+1.06)
Grad-CAM 38.88 11.36 56.10 8.11
+ Ours 35.66 (-3.22) 22.06 (+10.70) 9.96 (-46.14) 19.46 (+11.35)
Grad-CAM++ 31.11 14.46 39.63 11.71
+ Ours 33.98 (+2.87) 21.75 (+7.29) 9.46 (-30.17) 18.46 (+6.75)
XGrad-CAM 38.56 11.10 50.59 9.14
+ Ours 38.04 (-0.52) 20.99 (+9.89) 9.69 (-40.90) 20.53 (+11.39)
Layer-CAM 37.19 11.27 47.51 9.70
+ Ours 41.58 (+4.39) 19.50 (+8.23) 10.51 (-37.00) 19.39 (+9.69)

ResNet-50

CAM 44.17 14.76 48.86 4.32
+ Ours 13.86 (-30.31) 18.42 (+3.66) 3.77 (-45.09) 40.62 (+36.30)
Grad-CAM 46.38 13.07 29.53 14.56
+ Ours 19.07 (-27.31) 13.22 (+0.15) 3.66 (-25.87) 41.41 (+26.85)
Grad-CAM++ 43.15 14.50 24.68 17.31
+ Ours 18.88 (-24.27) 13.72 (-0.78) 3.65 (-21.03) 41.62 (+24.31)
XGrad-CAM 46.38 13.07 29.53 14.56
+ Ours 19.07 (-27.31) 13.22 (+0.15) 3.66 (-25.87) 41.41 (+26.85)
Layer-CAM 43.69 13.91 22.64 18.90
+ Ours 19.07 (-24.62) 13.22 (-0.69) 3.66 (-18.98) 41.39 (+22.49)

Table 1: Fine-grained explanation fidelity on CUB-200-2011 and Stanford Cars. For % Av-
erage Drop (lower is better) and % Increase in Confidence (higher is better), improved values
are shown in blue and worsened values in red; parentheses indicate the change relative to the
baseline.

k⇑, and x is the input image. These quantify whether the regions highlighted by a heatmap
preserve or boost the target class score, serving as proxies for explanation faithfulness.

Backbones & Methods. We use VGG-16 [21] and ResNet-50 [11, 12] backbones. To
demonstrate generality, we evaluate five CAM variants – CAM [32], Grad-CAM [19], Grad-
CAM++ [5], XGrad-CAM [9], and Layer-CAM [13] – each with and without our sigmoid
branch. This comprehensive setup shows how the sigmoid add-on improves diverse explana-
tion techniques under fine-grained conditions, particularly for gradient-based methods.

Results. Table 1 demonstrates that our sigmoid branch markedly improves explanation fi-
delity across both backbones. On CUB-200-2011 with VGG-16, average drop is reduced by
0.52-8.16 percentage points (e.g., CAM: 45.36 ⇓ 37.20, ↗8.16) while confidence increase
rises by 7.29-11.78 points. Stanford Cars shows similar trends: most methods cut average
drop by 30-46 points (e.g., Grad-CAM: 56.10 ⇓ 9.96, ↗46.14), and boost confidence by
1-11 points. ResNet-50 yields even larger gains – CAM’s drop falls from 44.17 to 13.86
(↗30.31) and its confidence jump from 14.76 to 18.42 (+3.66), with analogous improve-
ments for other variants. Only Grad-CAM++ on CUB and one Layer-CAM case exhibit
minor reversals; overall, our approach sharply reduces drop and elevates confidence without
exception or trade-offs.
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Backbone Method ImageNet-1K OpenImages-30K
Top1 Cls Top1 Loc GT Loc MBAv2 Top1 Cls PxAP

VGG-16

CAM 66.56 43.13 59.54 60.00 70.00 58.17
+ Ours – 43.14 59.57 60.25 – 60.11
∀ – (+0.01) (+0.03) (+0.25) – (+1.94)
Grad-CAM 69.61 37.04 49.02 52.49 70.12 55.25
+ Ours – 44.68 59.43 60.17 – 56.53
∀ – (+7.64) (+10.41) (+7.68) – (+1.28)

ResNet-50

CAM 73.89 47.69 60.80 63.53 74.02 59.36
+ Ours – 49.44 62.68 64.73 – 60.49
∀ – (+1.75) (+1.88) (+1.20) – (+1.13)
Grad-CAM 69.01 41.14 55.28 57.04 74.02 60.56
+ Ours – 40.34 53.61 57.98 – 60.24
∀ – (-0.80) (-1.67) (+0.94) – (-0.32)

InceptionV3

CAM 69.72 42.16 57.69 63.51 56.22 62.25
+ Ours – 44.11 60.12 64.98 – 63.65
∀ – (+1.95) (+2.43) (+1.47) – (+1.40)
Grad-CAM 67.79 34.57 46.35 52.30 68.56 49.64
+ Ours – 33.72 45.18 53.06 – 48.16
∀ – (-0.85) (-1.17) (+0.76) – (-1.48)

Table 2: WSOL results on ImageNet-1K and OpenImages-30K. For each base method we
shade the baseline row in gray; “+ Ours” rows report updated scores with their С shown in
parentheses (blue for gains, red for drops).

4.2 Weakly-Supervised Object Localization
WSOL benchmarks assess a model’s ability to localize entire objects using only image-level
labels. Because traditional CAM-based explanations often focus on the most discriminative
parts, WSOL on large-scale datasets reveals whether our sigmoid branch restores complete
object coverage.

Datasets. We use two standard WSOL benchmarks:
• ImageNet-1K [18]: 1.28M train, 50K val images over 1,000 classes, with bounding boxes

used only for evaluation.
• OpenImages-30K [4]: 29,819 train, 2,500 val, and 5,000 test images with pixel-wise

masks.

Metrics. On ImageNet-1K, we report Top-1 classification accuracy, Top-1 localization,
GT-known localization (IoU∝ 0.5), and MaxBoxAccV2 (MBAv2) [7]. On OpenImages-
30K, we report Top-1 classification and pixel-level average precision (PxAP) over the masks [7].
These metrics together ensure that our sigmoid branch maintains recognition performance
while improving localization.

Backbones & Methods. We test three widely-used architectures: VGG-16 [21], ResNet-
50 [11, 12], and InceptionV3 [26]. As base localization methods, we choose CAM [32] and
Grad-CAM [19], then integrate our sigmoid branch into each. This setup evaluates how well
our add-on improves diverse architectures and CAM variants.
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Results. Table 2 summarizes our WSOL performance. With VGG-16, CAM + Ours yields
slight gains in Top-1 Loc (+0.01), GT Loc (+0.03), MBAv2 (+0.25) and a larger boost in
PxAP (+1.94), while Grad-CAM + Ours delivers substantial improvements (+7.64 Top-1
Loc, +10.41 GT Loc, +7.68 MBAv2, +1.28 PxAP). For ResNet-50, CAM + Ours improves
all metrics, whereas Grad-CAM + Ours trades minor drops in Top-1 Loc (↗0.80), GT Loc
(↗1.67) and PxAP (↗0.32) for a MBAv2 gain (+0.94). InceptionV3 + CAM + Ours shows
consistent gains, and InceptionV3 + Grad-CAM + Ours experiences small declines in Top-
1 Loc (↗0.85), GT Loc (↗1.17) and PxAP (↗1.48) alongside a +0.76 MBAv2 increase.
Overall, our sigmoid branch consistently enhances CAM-based localization, with only minor
trade-offs in select Grad-CAM cases.

4.3 Qualitative Results
Figure 3 shows two ImageNet WSOL examples – one with VGG-16 and one with ResNet-
50. Our sigmoid branch consistently extends heatmaps to cover the full object rather than just
the most discriminative part. Additional qualitative results are provided in the Appendix.

Input CAM +Ours +OursGrad-CAM

V
G
G
-1
6

R
es
N
et
-5
0

Figure 3: Qualitative WSOL on ImageNet-1K for VGG-16 (top) and ResNet-50 (bottom).
From left to right: input, CAM, CAM+Ours, Grad-CAM, Grad-CAM+Ours. The boxes in
green and red represent the predictions and ground truths of localization.

5 Conclusion
We have identified two inherent flaws – additive logit shift and sign collapse – in all softmax-
based CAM explanations, and shown how they can lead to misleading localization. To rem-
edy this, we introduced a dual-branch sigmoid head that restores absolute and signed feature
importance without touching the backbone or softmax branch. Our approach is architecture-
agnostic and compatible with most CAM variants. Extensive experiments on fine-grained
explanation and WSOL benchmarks demonstrate that our method consistently improves ex-
planation fidelity and localization robustness, all without degrading classification accuracy.
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