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Abstract

Attention-based attribution methods like TransMM identify
where a Vision Transformer attends but not which internal
features drive the prediction. Sparse Autoencoders (SAEs)
can decompose ViT activations into interpretable feature dic-
tionaries, yet their signals have not been integrated directly
into attribution mechanisms. We propose feature-gradient
gating: residual-stream gradients are projected onto SAE de-
coder directions, combined with feature activations to score
patches, and used as multiplicative gates on TransMM’s
gradient-weighted attention before relevance propagation.
The resulting per-patch scores decompose linearly into per-
feature contributions, enabling inspection of which learned
features drive each region’s relevance. Across chest X-ray,
endoscopy, and natural-image benchmarks, feature-gradient
gating consistently improves Faithfulness Correlation and
Salience-guided Faithfulness Coefficient (SaCo) over vanilla
TransMM, with smaller or mixed gains on Pixel Flipping.

1. Introduction

Vision Transformers (ViTs) [5] have become a standard ar-
chitecture in computer vision, achieving strong performance
across tasks ranging from natural image classification to
medical imaging [13, 16, 19]. Their self-attention mecha-
nism enables global information flow, but, like other deep
models, ViTs remain difficult to interpret. This lack of trans-
parency is especially problematic in high-stakes settings,
where users must verify that predictions rely on meaningful
visual evidence rather than spurious correlations or dataset
artifacts. Attention-based attribution methods aim to address
this by producing spatial explanations for ViTs. Among
these, TransMM [4] has emerged as a strong baseline by
combining attention weights with gradients to propagate
class-specific relevance through transformer layers. Yet it
identifies where the model attends, while ignoring the rich
semantic information encoded in residual-stream activations,

Code available at: https://github.com/piragi/featuregradientgate

julius.sula@gmail.com

making it difficult to determine what specific internal fea-
tures drive those attention patterns.

In parallel, recent work in mechanistic interpretability
has shown that Sparse Autoencoders (SAEs) can decompose
dense activations into sparse, interpretable features that often
correspond to semantically meaningful concepts, and that
manipulating these features can causally affect model behav-
ior [3, 10-12, 14]. Prior work uses gradient-based attribution
to identify causally relevant SAE latents in language mod-
els [7, 8, 15] and to explain SAE features in vision [6, 9, 21],
but not to modulate spatial ViT attribution directly.

We connect these two lines of research by proposing
feature-gradient gating, an extension of TransMM that uses
feature-level activation—gradient scores derived from SAEs
trained on the residual stream to modulate gradient-weighted
attention maps before relevance propagation. The SAE is not
inserted into the forward pass; gradients are projected onto
SAE decoder directions as a side channel, yielding attribu-
tion maps that are both spatially faithful and decomposable
into contributions from individual SAE features, so users
can trace relevance changes back to specific learned features
rather than only to token-level scores. Our contributions
are threefold:

* We introduce feature-gradient gating, a simple extension
of TransMM that incorporates sparse SAE feature signals
into attention attribution without modifying the model
forward pass.

* The resulting per-patch score decomposes linearly into
SAE feature contributions, enabling feature-level auditing
of relevance at each spatial location.

e Across three datasets and three faithfulness metrics,
feature-gradient gating improves SaCo and Faithfulness
Correlation over vanilla TransMM in all settings, while
remaining competitive on Pixel Flipping and being more
consistent than direct activation-gradient gating across
datasets.
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Figure 1. Feature-gradient gating. Residual-stream gradients are projected onto SAE decoder directions (§f,: = DT (%’t), combined with
feature activations, normalized, and mapped to multiplicative gates. Gates modulate TransMM gradient-weighted attention before relevance
propagation, yielding spatial attributions decomposable into per-feature contributions.

2. Method
2.1. Background and Notation

Consider a transformer with L layers and IV spatial patches
(N + 1 tokens including CLS).

TransMM Attribution. TransMM [4] defines gradient-
weighted attention at layer ¢ as
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and propagates relevance via R(Y) = R(—1D 4 A0 . R(E=1),
with R(®) = I. Spatial attributions are read from CLS-to-
patch entries of R(5).

AY = E, : (1)

Notation. For layer ¢ and token ¢: residual-stream acti-
vation xy) € RY; gradient gg) = Jy/ 8x§4) € RY; SAE
decoder D¥) € R4 with columns as learned feature di-
rections; sparse feature activations ft(e) € RI>(0 satisfying

DO L p® ~ 2" The SAE is a side channel: not in
the model’s forward pass.

2.2. Feature-Gradient Gating

Feature-Direction Sensitivity. We estimate per-feature
directional sensitivity (Fig. 1) by taking inner products be-
tween the residual-stream gradient and SAE decoder direc-
tions:

~ T
) = (DY) g e RX. )

The k-th component estimates first-order sensitivity of y

along decoder direction D,(f).

Feature-Gradient Scoring. Combining sensitivity with
feature presence gives a per-patch importance score:
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where 55@ = DW ft(z) is the bias-free SAE reconstruction
(derivation in Appendix A). This differs from the Direct
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baseline (g, )T:c?) by the reconstruction error.

Gate Computation. Scores are normalized using median
and MAD per image per layer (details in Appendix B):
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with base « > 1, yielding wy) € [1/a, a] (we select a on
validation; Appendix B). The CLS gate is fixed to 1 (it is not
a spatial source).

2.3. Integration with TransMM

Gates modulate TransMM’s gradient-weighted attention via
right-multiplication:
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Al g = A9 - diag(wl, ... w{). )
Right-multiplication scales source-token contributions: to-
kens with negative feature-gradient scores are downweighted

as attribution sources. Gating is applied at selected layers
Lsag identified by validation performance (Appendix D).

Normalization. We do not renormalize fl(g?t oq after gating,
instead bounding gates to [1/«, ] to limit scale changes

while preserving relative source-token reweighting.



Figure 2. Qualitative comparison (predicted class: badger). Left:
vanilla TransMM assigns relevance across both the badger and the
otter. Right: feature-gradient gating concentrates on the badger
itself. Much of the suppression is driven by the face/eye region
feature (Feature 10968, Layer 6), which detects faces in animals
but is not discriminative for the predicted class. See supplementary
material for prototype analysis of this feature across additional
examples.

3. Experiments

Setup. We evaluate on three datasets: COVID-QU-Ex
(chest X-rays, 3 classes, ViT-B/16 fine-tuned by Mondal et al.
[16]), Hyperkvasir (endoscopy, 23 classes, ViT-B/16 fine-
tuned by Sanderson and Matuszewski [19]), and ImageNet-
1k (natural images, 1000 classes, CLIP ViT-B/32 [17]).
We use a unified ReLU SAE architecture (expansion fac-
tor 64 %, L1 sparsity); training details are in Appendix C.
For COVID-QU-Ex and Hyperkvasir, SAEs are trained on
residual-stream patch activations at layers 2—10; for Ima-
geNet, we use pre-trained SAEs from the Prisma multimodal
release [12]. We select the gated-layer set Lgag and gate
base « on a validation subset of 500 images per dataset us-
ing joint validation performance across SaCo, Faithfulness
Correlation, and Pixel Flipping (Appendix D, Appendix B),
and keep these values fixed for all test-set results. Direct and
Random Dict. use the same (Lsag, @) as feature-gradient
gating, while other baselines use their standard published
settings. Faithfulness is measured via: SaCo [23], Faith-
fulness Correlation [2], and Pixel Flipping [18]. Unless
stated otherwise, perturbations replace masked patches with
the per-image mean. We average each metric over nyja1s=3
trials. Faithfulness Correlation uses 20 random perturbations
per image with subset size 20 patches (10 for ViT-B/32).
Pixel Flipping perturbs 1 patch per step. Statistical signifi-
cance is assessed using two-tailed paired ¢-tests on per-image
metric differences relative to Vanilla TransMM.

Baselines. We compare against: Rollout [1], which
aggregates raw attention across layers recursively; Grad-
CAM [20], adapted for ViTs using last-layer patch features
weighted by class gradients; TokenTM [22], which extends
TransMM with MLP token transformations for improved lo-
calization; Random Dict., a permutation control that keeps

the gating pipeline identical but breaks learned feature—
direction alignment by permuting SAE decoder columns
D®); this tests whether improvements depend on the learned
correspondence between feature activations and decoder di-
rections rather than generic gating alone; and Direct, which
scores patches as sff) = (g@)%ﬁf) with identical normal-
ization and gate mapping, isolating the effect of SAE decom-
position over raw activation-gradient scoring.

Results. Tab. 1 shows that feature-gradient gating con-
sistently improves SaCo and Faithfulness Correlation across
all three datasets, while Pixel Flipping gains are smaller and
mixed (Fig. 2 shows a qualitative example). The strongest
baseline is Direct, which performs especially well on Ima-
geNet, including the best Pixel Flipping score, but is less con-
sistent: on Hyperkvasir it underperforms vanilla TransMM
on Faithfulness Correlation and Pixel Flipping, whereas
feature-gradient gating maintains gains on both main faith-
fulness metrics across all datasets. Direct also only produces
a scalar token-level score, whereas feature-gradient gating
decomposes each patch attribution into per-feature contri-
butions, making explanations auditable at the feature level.
The Random Dict. control generally underperforms feature-
gradient gating and often underperforms vanilla TransMM,
suggesting that learned feature structure matters. However,
on Hyperkvasir SaCo, Random Dict. captures most of the
gain over vanilla TransMM (0.504 vs. 0.510), indicating that
generic token reweighting contributes substantially in this
setting; the advantage of learned features is more evident
on Faithfulness Correlation and the other two datasets. Ran-
dom Dict. SaCo on Hyperkvasir ranges from 0.466 to 0.508
over five permutation seeds, with the reported value near the
upper end.

4. Discussion

4.1. Feature-Level Analysis

To probe the mechanism, we analyze 15,000 active (feature,
patch) pairs from ImageNet case studies. Of these, 89.4%
are suppressions (gate < 1) and 10.6% boosts (gate > 1),
indicating that gains primarily come from suppressing non-
discriminative regions rather than amplifying class-relevant
ones. Manual inspection of the top 50 suppressed features
reveals coherent categories including text/watermark detec-
tors, co-occurring human faces, and generic background
textures; other features respond to lower-level edge patterns
rather than clear semantic concepts (Appendix E). Because
per-patch scores decompose linearly into per-feature contri-
butions (Eq. (3)), users can trace which SAE features drive
each region’s attribution and compare them against feature
prototypes. We do not claim full interpretability by design,
but the decomposition supports targeted auditing.



Table 1. Faithfulness results on test sets. Bold marks the best value per metric per dataset. Layer configs: COVID-QU-Ex [2,3.4],
Hyperkvasir [3,4,6], ImageNet [3,4,9]. All differences vs. Vanilla TransMM are statistically significant (p < 0.05, two-tailed paired ¢-test on

per-image metric differences) except where marked with °.

Dataset Model Method SaCoT F.C.t Pixel]
Rollout —0.114 —0.018 120.83
GradCAM —0.106  0.002  124.53
TokenTM 0.307 0.274 94.44
COVID-QU-Ex ViT-B/16 Vanilla TransMM 0.352 0.310  93.17
Random Dict. 0.328 0.302  96.34
Direct 0.349°  0.359  90.09
Feature-gradient gating (ours) 0.391  0.420 84.95
Rollout 0.076 0.131  154.32
GradCAM 0.335 0.167  146.29
TokenTM 0.342 0.430  93.73
Hyperkvasir ViT-B/16 Vanilla TransMM 0.441 0.481 94.27
Random Dict. 0.504 0.468 102.05
Direct 0.449°  0.454  97.15
Feature-gradient gating (ours) 0.510 0.525 92.53
Rollout 0.121 0.061 12.54
GradCAM 0.265 0.186 13.58
TokenTM 0.325 0.280 8.78
ImageNet CLIP ViT-B/32  Vanilla TransMM 0.306 0.275 8.95
Random Dict. 0.298 0.243 9.49
Direct 0.374 0.328 8.62
Feature-gradient gating (ours) 0.399  0.351 8.78

4.2. Impact of SAE Decomposition

Feature-gradient gating replaces (g;) " =; with (g;) T 24, dis-
carding gradient signal in directions outside the SAE recon-
struction. The Direct baseline shows that raw activation-
gradient gating already captures a substantial portion of the
benefit and is a strong comparator, especially on ImageNet.
However, feature-gradient gating is more consistent across
datasets and metrics, and uniquely provides a per-feature
decomposition for inspecting which SAE features drive sup-
pression or amplification. One possible explanation is that
the SAE reconstruction acts as a denoising step by emphasiz-
ing directions captured by learned sparse features, though al-
ternative explanations remain plausible, including the effects
of sparsity, non-negativity, or better-conditioned projections.
The Random Dictionary baseline indicates that learned fea-
ture structure contributes to the gains, but does not isolate
the precise mechanism.

4.3. Limitations

SAE training requires an offline preprocessing step and ad-
ditional memory per model. Results differ across metrics:
improvements are strongest on SaCo and Faithfulness Corre-
lation, while Pixel Flipping gains are smaller and mixed. The
gate formulation involves design choices (o, median/MAD
normalization) with moderate sensitivity; alternative map-
pings or normalization schemes may improve specific metric

trade-offs. Because Lgar and « are selected using joint
validation performance across SaCo, Faithfulness Correla-
tion, and Pixel Flipping, the evaluation is partially selection-
aligned; a stronger evaluation would further test robustness
under alternative selection criteria. Cross-dataset compara-
bility is limited by different ViT architectures (fine-tuned
ViT-B/16 vs. CLIP ViT-B/32); within-dataset comparisons
are controlled.

5. Conclusion

We study the direct integration of SAE feature-gradient sig-
nals into ViT attention attribution and find that a simple gat-
ing mechanism consistently improves SaCo and Faithfulness
Correlation over vanilla TransMM across three datasets. Di-
rect activation-gradient gating remains competitive in some
settings, but feature-gradient gating is more consistent over-
all and additionally provides a per-feature decomposition
that supports feature-level auditing. These results suggest
that SAE-derived feature signals are a useful ingredient for
modulating ViT attribution and that mechanistic interpretabil-
ity tools can be incrementally combined with existing attri-
bution methods.
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Faithful Attribution in Vision Transformers via Feature-Gradient Gating

Supplementary Material

A. Feature-Gradient Score Derivation

Algebraic Expansion. Starting from Eq. (3):

K
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K
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where :E,EK) =D ft(e) is the bias-free SAE reconstruction.

Relationship to Direct Baseline. Since xg) = JE,EZ) + ey),

the Direct baseline differs by (ggz) )Tege): gradients in direc-
tions orthogonal to learned SAE features. The per-feature
decomposition s; = Ek Gr.t.k - fi,1 exposes individual fea-
ture contributions unavailable from the Direct baseline’s
scalar score.

B. Normalization Details

For a fixed image and layer /, let S(*) = {sge)}iil denote
scores over spatial patches. We compute:

p9 = median(S™), @)
o®) =1.4826 - median(|s§£) — O te{1,..., N}) .
(®)

The factor 1.4826 makes MAD consistent with standard de-
viation for Gaussian distributions. We choose median/MAD
because they robustly identify the inactive-feature baseline
in the heavy-tailed, sparse distribution of feature-gradient
scores.

Alternative Normalizations. We evaluated z-score

(mean/std) and min-max normalization on COVID-QU-Ex

validation data. Median/MAD outperformed both, likely

because:

» Z-score is sensitive to outliers from highly-active features

* Min-max compresses the distribution when extreme values
are present

* Median/MAD robustly centers on the “typical” patch score

Gate Base Selection. For the exponential base « in Eq. (4),
we sweep o € {2,5,10,20} on validation and observe a
trade-off between stronger modulation (higher SaCo/F.C.)
and more aggressive gating that can hurt Pixel Flipping.

* o = 2: Gates too close to unity; minimal modulation
effect

* a = 5-10: Stronger modulation with stable gains across
datasets

* a > 20: Can increase SaCo/F.C. but may degrade Pixel
Flipping

We use o = 10 for COVID-QU-Ex and Hyperkvasir, and

a = 5 for ImageNet.

Table 2. Effect of gate base o on ImageNet validation for fixed
layers [3,4.,9].

a SaCot FEC.T Pixell

2 0340 0321 8.149
5 0.384 0.352 8.139
10 0.409 0.360 8.305
20 0426 0.360 8515

C. Sparse Autoencoder Training

Architecture. All SAEs use a unified ReLLU architecture
with expansion factor 64x (768 — 49,152 features). The
encoder is initialized as the transpose of the decoder. Input
activations are normalized with layer norm before encoding.
Ghost gradients are enabled to prevent feature collapse dur-
ing training. The learning rate follows a cosine annealing
schedule with a 200-step linear warm-up. SAEs are trained
on frozen residual-stream patch token activations (CLS token
excluded, as our method gates spatial tokens only). Training
uses a batch size of 4,096 tokens.

Per-dataset configuration. Hyperparameters are selected
by sweeping L1 coefficient and learning rate, choosing the
configuration with highest explained variance and no dead
features. For ImageNet we use pre-trained SAEs from the
Prisma multimodal release [12], trained on CLIP ViT-B/32
hook_resid_post activations. Tab. 3 summarises the se-
lected configurations; per-layer quality metrics are in Tab. 4.
Complete training scripts, sweep results, and random seeds
will be released with the code upon acceptance.

Table 3. Selected SAE training configurations per dataset.

Dataset L1 LR Epochs Source
COVID-QU-Ex  107°  4x107* 6 trained
Hyperkvasir 2x107%  9x10™* 18 trained
ImageNet 1075 - - Prisma [12]




Table 4. SAE per-layer results. All use ReLU activation, expansion
64 %, L1 sparsity. EV = explained variance (%), LO = mean active
features per token. tPre-trained Prisma multimodal SAEs [12].

Dataset Layer EV (%) LO Dead (%)
2 95.5 1036 0.0
3 95.3 1147 0.0
4 95.7 1401 0.0
5 96.8 1719 0.0
COVID-QU-Ex 6 97.1 1913 0.0
7 97.3 2156 0.0
8 97.5 2281 0.0
9 974 2179 0.0
10 974 1976 0.0
2 94.2 833 0.0
3 93.8 825 0.0
4 934 814 0.0
5 94.1 797 0.0
Hyperkvasir 6 94.6 766 0.0
7 94.5 736 0.0
8 99.1 769 0.0
9 98.5 774 0.0
10 97.3 785 0.0
0 98.6 40 0.0
1 98.3 27 0.0
2 90.6 10 0.0
3 98.1 78 0.0
4 98.0 157 0.0
. 5 98.1 229 0.0
ImageNet! 6 982 1718 0.0
7 98.2 1688 0.0
8 98.2 1571 0.0
9 98.2 1053 0.0
10 98.4 1010 0.0
11 98.4 1189 0.0

D. Single-Layer vs. Multi-Layer Attribution

As shown in Tab. 5, the selected multi-layer sets consistently
outperform the best single layer on Faithfulness Correlation,
but they need not contain the top single layers by Faithful-
ness Correlation alone because selection was based on joint
validation performance across all three metrics.

E. Feature Taxonomy Visualizations

Not all suppressed features correspond to easily human-
interpretable concepts. While many SAE features cap-
ture recognizable patterns, including faces (Fig. 3),
text/watermarks (Fig. 4), background colors (Fig. 5), and
domain-specific detectors (Fig. 6), others respond to low-
level structures such as edges or color transitions without
a clear semantic label (Fig. 7). These features still receive
consistent gradient signals and contribute to gating, demon-
strating the method operates beyond human-concept-level
semantics.

Table 5. Single-layer validation sweep (Faithfulness Correlation).
The selected multi-layer sets were chosen using joint validation
performance across SaCo, Faithfulness Correlation, and Pixel Flip-

ping.

Dataset Top-3 single layers (F.C.) Selected
multi-layer
set (SaCo /
F.C./ Pixel)

COVID- 3(0.357), 4 (0.357), 2 (0.348) [2,3,4] (0.400/

QU-Ex 0.414/86.51)

Hyper- 6 (0.515), 4 (0.509), 3 (0.481) [3,4,6] (0.508 /

kvasir 0.527790.56)
ImageNet 6 (0.336), 5 (0.327), 8 (0.325) [3,4,9]1(0.409/
0.360 / 8.30)
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Figure 3. Face/eye region detector (Feature 10968, Layer 6). Top rows: Attribution comparison showing vanilla TransMM vs. our
feature-gated method. Predicted classes left-to-right: lab coat, snorkel, komondor, badger. Red boxes highlight patches where this feature
drives the largest suppression. Bottom rows: Prototype analysis showing validation images where Feature 10968 activates most strongly;
yellow boxes indicate the specific patches triggering the feature response. This feature detects facial regions in both humans and animals.
Faces are semantically meaningful but often not class-discriminative: a generic face detector does not distinguish between dog breeds, and
human faces are irrelevant for lab coat or snorkel classification.
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Figure 4. Suppression of spurious text artifacts (Feature 538, Layer 6). Top rows: Attribution comparison showing vanilla TransMM vs.
our feature-gated method. Predicted classes left-to-right: odometer, hen-of-the-woods, mantis, photocopier. Red boxes highlight patches
where this feature drives the largest suppression; note how text regions (“FUEL DOOR?”, “alasko” watermark, date stamp, brand logo) are
suppressed despite being visually salient. Bottom rows: Prototype analysis showing validation images where Feature 538 activates most
strongly; yellow boxes indicate the specific patches triggering the feature response, revealing it detects text overlays and watermarks. This
feature receives the strongest negative gradients, often suppressing text regions irrelevant to classification.
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Figure 5. Red background objects (Feature 21415, Layer 6). Top rows: Attribution comparison showing vanilla TransMM vs. our
feature-gated method. Predicted classes left-to-right: junco, car wheel, church, ballplayer. Red boxes highlight patches where this feature
drives the largest suppression. Bottom rows: Prototype analysis showing validation images where Feature 21415 activates most strongly;
yellow boxes indicate the specific patches triggering the feature response. This feature detects red/orange-colored regions. Background
colors are contextual but not causally related to class identity.
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Figure 6. Dog face detector (Feature 28865, Layer 7). Top rows: Attribution comparison showing vanilla TransMM vs. our feature-gated
method. Predicted classes left-to-right: komondor, Irish wolfhound, flat-coated retriever, basenji. Red boxes highlight patches where this
feature drives the largest suppression. Bottom rows: Prototype analysis showing validation images where Feature 28865 activates most
strongly; yellow boxes indicate the specific patches triggering the feature response. This feature detects dog/wolf faces specifically. While
relevant for canine classification, a generic “dog face” feature does not discriminate between breeds, so it receives moderate suppression to
focus attribution on breed-specific markings (ear shape, coat pattern, muzzle structure).
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Figure 7. Edge/ridge detector (Feature 29914, Layer 7). Top rows: Attribution comparison showing vanilla TransMM vs. our feature-gated
method. Predicted classes left-to-right: hard disc, French loaf, odometer, mantis. Red boxes highlight patches where this feature drives the
largest suppression. Bottom rows: Prototype analysis showing validation images where Feature 29914 activates most strongly. Unlike the
semantically interpretable features above, this feature responds to low-level edge structures and color transitions rather than recognizable
objects. Such features demonstrate that not all SAE directions correspond to human-interpretable concepts, yet they still receive consistent
gradient signals that modulate attribution. The suppression of edge-heavy regions suggests the model treats these low-level patterns as
non-discriminative for the predicted classes.



