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SPURIOUS CORRELATIONS IN
EXPLAINABLE Al: DETECTION,
QUANTIFICATION AND MITIGATION

Modern explainable AI (XAI) methods are widely used to audit
deep neural networks, yet a growing body of evidence shows that the very
explanations they produce can be hijacked by spurious correlations -
statistical shortcuts between non-causal input features (image
background, demographic attributes, textual artefacts) and the target
label. As a result, post-hoc attributions remain confidently wrong on
minority sub-populations, and worst-group accuracy collapses under
distribution shift. This work proposes a unified framework that treats
explanation faithfulness and group robustness as a single problem.

Objective. The primary purpose of this research is to provide a
rigorous, quantitative methodology for detecting which internal channels
of a vision model encode spurious rather than causal evidence, measuring
the robustness of the resulting explanation to spurious shift, and mitigating
the failure without group annotations on the training set.

Methodology. The methodology is centred on a constrained
group-loss optimisation framework that searches for a minimal channel
subset S whose removal eliminates dependence on the spurious attribute
while preserving the target-class confidence above a threshold t. The
procedure - Spurious-Aware Attribution Pruning (SAAP) - combines
Integrated-gradients  attribution,  group-conditional  ranking — and
counterfactual masking. Two new metrics are introduced: the Spurious
Robustness Score (SRS) and Counterfactual Validity (CV). Validation is
performed on Waterbirds and CelebA-blond using ResNet-50 and ViT-B/16
backbones.

Results. SAAP localises the spurious representation to as few as
11-14 channels per concept (0.5-0.7% of the channels in the ResNet-50
last block; < 1.6% for ViT-B/16 block 11). On Waterbirds, worst-group
accuracy improves by 28. 1 percentage points (pp) on ResNet-50 (60.3% —
88.4%) and by 24.9 pp on ViT-B/16 (64.7% — 89.6% ). On CelebA-blond,
the gain is 38.5 pp on ResNet-50 (47.2% — 85.7%) and 35.5 pp on ViT-
B/16 (51.4% — 86.9%), at the cost of only 3-4 pp in average accuracy.
Counterfactual Validity rises from 0.45-0.55 to 0.79-0.83, indicating that
the surviving explanation tracks the causal signal.

Original contributions. First, the paper formalises spurious-
correlation detection in XAI as a constrained group-loss minimisation that
admits efficient greedy search. Second, it introduces SRS and CV - two
complementary, attribution-agnostic metrics that quantify how much of an
explanation survives a counterfactual intervention on the spurious
attribute. Third, it demonstrates an end-to-end pipeline (detect — mitigate
— audit) that does not require group labels at training time and generalises
across CNN and transformer backbones.

Practical significance. The method makes black-box vision
models auditable on a per-concept basis, which is critical for medical Al
autonomous driving and content moderation, where shortcut-driven errors
disproportionately affect minority sub-populations. SRS and CV can be
embedded into MLOps quality gates to detect regressions in explanation
faithfulness before deployment.

Keywords: explainable Al; spurious correlations; group
robustness; counterfactual explanations; attribution pruning.

Problem statement

The widespread adoption of deep neural networks
(DNNSs) in safety-critical applications is increasingly limited not
by raw accuracy but by how the prediction is reached: spurious
correlations are now documented as a systemic failure mode
across modalities [1]. Post-hoc explainable Al (XAI) techniques
such as saliency, integrated gradients and concept activation
vectors are routinely deployed to certify that a model "looks at the
right thing", yet recent surveys show that no agreed quantitative
criterion exists for evaluating whether a given attribution is
faithful [2]. Vision models in particular exploit spurious
correlations - statistical regularities between non-causal features
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and the target label - and the very explanations meant to detect this failure inherit the same shortcut; recent work
demonstrates, however, that retraining only the last layer once the spurious pathway is isolated can recover most of
the worst-group accuracy [3].
A spurious correlation is defined formally as follows. Let t X = (X,, X;) be an input decomposed into a causal
component X, and a spurious component X (e.g. background, demographic attribute), and let Y be the target label
and G the group attribute that indexes sub-populations. The training distribution P, satisfies I(X,;Y) > 0, while the
deployment distribution P, either removes or inverts this dependence. A model f trained on P, is shortcut-prone
when its worst-group accuracy gap
AWG(f) = avg, Acc(f; g) — ming Acc(f; g), (D
remains large even when the average accuracy is high. The associated explanation problem is then: identify
the minimal subset S of internal channels whose information about X, drives A WG, and quantify the residual
dependence after their removal. We formalise this as a constrained minimisation:
min|S| subjectto L,,«(fos) <& and f.(x_g) =T, 2)
where f_g is the model with channels in S ablated, L., is the worst-group loss, € is an admissible robustness
budget and t is the target-class confidence threshold preserved on the majority group.

Related work

Two complementary lines of research bear on the problem. The first concerns explanation faithfulness: Nauta
et al. [2] survey the lack of agreed quantitative criteria for XAl, while Yang et al. [4] benchmark how unevenly current
models perform under subpopulation shift. The second line targets group robustness: Discover-and-Cure [5] mitigates
concept-level shortcuts by suppressing learned concepts; Spuriosity Rankings [6] order data by spurious-cue intensity
and show empirically that a small set of channels carries most of the spurious information. Independent of both, the
Quantus toolkit [7] operationalises XAl evaluation into a reproducible pipeline. Last-layer retraining methods - DFR
[3] and its annotation-efficient variant by LaBonte et al. [8] - exploit the empirical fact that the spurious pathway is
concentrated near the classifier head and can be reweighted without touching the backbone.

Despite this progress, surveys [1; 2] note that explanation methods and robustness methods are evaluated on
disjoint benchmarks, and that no attribution-agnostic metric quantifies the residual reliance of an explanation on the
spurious attribute after mitigation.

Identified gaps

The limitations of existing research reveal three unsolved gaps that this work targets.

1. From correlation to causality in explanations. Current attribution methods rank features by gradient
magnitude or perturbation sensitivity, but none isolates the minimal channel set whose removal causally eliminates
the spurious-attribute dependence while preserving the causal signal. Without such isolation, audits remain anecdotal
[2], and disagreement-based heuristics [9] only flag that two models diverge, not which channels cause the divergence.

2. Lack of an attribution-agnostic robustness metric. Worst-group accuracy [4] measures the model, not its

explanation. Feature-level interventions such as the feature sieve [10] target simplicity bias but do not produce a
single, comparable score for the residual reliance of an explanation on the spurious attribute.
3. No end-to-end detect-mitigate-audit pipeline without group labels. Label-free mitigation methods such as those
catalogued in [4] reduce worst-group error but do not produce a per-concept channel-level audit; concept-level
mitigation methods such as Discover-and-Cure [5] and failure-direction discovery [11] produce concept-level
explanations but assume a fixed concept dictionary or a known failure mode. A unified pipeline that combines
automatic spurious-channel discovery, label-free mitigation and post-hoc audit is missing.

Research objectives
The primary purpose of this study is to formulate spurious-correlation detection in XAl as a constrained
optimisation over internal channels and to validate it across CNN and transformer backbones. The specific objectives
are:

. to formalise the detection task as the constrained group-loss minimisation in equation (1) and solve it via an
efficient greedy heuristic with attribution-guided initialisation;
. to introduce two complementary metrics - the Spurious Robustness Score (SRS) and Counterfactual Validity

(CV) - that quantify, respectively, the invariance of the explanation under spurious-attribute intervention and the
agreement between the masked prediction and a hand-edited counterfactual image;

. to deploy the method on Waterbirds and CelebA-blond with ResNet-50 and ViT-B/16, and to compare the
resulting worst-group accuracy and audit metrics against ERM, GroupDRO, JTT, IRM and CnC.

Methodology, study object and subject
A multi-stage methodology is employed. Spurious channels are first ranked by group-conditional integrated-
gradient attribution; a greedy forward-selection loop adds channels to the spurious set S until SRS exceeds t; the last
layer is then re-trained with a re-weighted loss that suppresses S; finally, CV is evaluated by comparing predictions
on naturally occurring inputs with predictions on counterfactual edits of the spurious attribute (eq. 6). Only validation-
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time group labels are required, in line with the environment-discovery paradigm of XRM [12], so the procedure
remains deployable when training-time group annotations are unavailable.
Object of the Study. The object of this study is the internal representational mechanism by which deep vision models
bind class predictions to non-causal input attributes - that is, the channels and attention heads through which spurious
correlations propagate from input to logit.
Subject of the Study. The subject of this study is the minimal, causally significant subset of channels whose ablation
simultaneously restores worst-group accuracy and renders the explanation invariant to a counterfactual intervention
on the spurious attribute, together with the metrics SRS and CV that quantify this invariance.

Technical approach

This section formalises the algorithm (Fig. 1) and the experimental protocol.

[nput image x
+ group label g

Y

Backbone f
(ResNet-50 / ViT-B/16)

!

Feature attribution
(Integrated Gradients)

!

Spurious-Aware
Attribution Pruning (SAAP)

!

Tt e Spurious feature mask M > Counterfactual
(eq. 2) intervention (eq. 6)
Robust prediction

+ audit report

Fig. 1. Data processing pipeline

Spurious feature mask. Let al.(l)denote the activation of channel i at the target layer 1. The spurious mask M
is
al.(l) «0 ifi€es, al.(l) otherwise.
Masked activations propagate to all subsequent layers, so the masked logit f.(x_g) reflects only the
contribution of the surviving channels.
Group-conditional ranking. For every channel i we estimate the gain in the worst-group loss after a unit
perturbation of its activation:

4; = Eqopy,p, [%] —Eeopy, [%] 3)
Channels with 4; above the cutoff 6., = 0.05 are candidates for the spurious set. Equation (3) is a group-
conditional generalisation of the per-sample-gradient bias detector of Ahn et al. [13]: their statistic selects examples
whose gradients deviate from the bulk, while ours selects channels whose gradient signal is concentrated in the worst-
group slice. The mask itself acts as a structured form of feature distortion in the sense of Trivedi et al. [14], targeting
only the channels that drive the group-conditional loss gap.
Mitigation by re-weighted last-layer retraining. Let w,; denote the inverse group frequency. The last layer is
fine-tuned for one epoch by minimising
Lnit = Egy,0[Wg - CE(f_sG0, )] + 2116 — 6, 115, @)
with A = 0.01. This is a strict super-set of last-layer retraining as formulated in DFR [3] and its annotation-
efficient variant [8], and is sufficient because the upstream spurious signal is already masked.

Spurious Robustness Score. Let T be a counterfactual operator that intervenes on the spurious attribute (e.g.
swaps the background). The SRS is
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SRS(f,$) = 1 - E, [AU=s0AU=s TN, )

2
where A(:, X) is the normalised attribution map. SRS = 1 means the explanation is fully invariant under the

intervention; SRS = 0 means the intervention completely flips it. SRS belongs to the family of counterfactual-stability
metrics catalogued by Quantus [7] and addresses the qualitative-only Co-12 properties surveyed in [2].

Counterfactual Validity. CV measures whether the model agrees with its explanation on counterfactual
inputs:

cv(f,S) = Ex[l{argmaxf_s(x) = argmaxf_s(T(x))}], 6)

For CV close to 1 the masked model is invariant to the spurious attribute, which is the intended behaviour
for the causal target class. The audit view of CV - a per-channel pass / fail signal - generalises image-level blindspot
discovery [15] to the channel level (Fig. 2), while the worst-case perspective on the spurious attribute connects the
metric to bitrate-constrained DRO objectives over unknown groups [16].

Start @ Input: dataset DD, model f, Compute attribution A;
threshold ¢ | for every channel i
© Estimate group-conditional gain
Ai = Lyorst = Lavg

¥

i ® Add channel i

|Asl > 7
to spurious set §

no

|® Keep channel i as core (¢ S) |
[

@ Build mask M: zero out
channels in §

{ ¥

® Re-train last layer with
reweighted loss (eq. 4)

¥

@ Compute Spurious Robustness
Score SRS (eq. 5)

yes ® Validate via Counterfactual
Validity CV (eq. 6) —®| Retum f*, S, SRS, CV

_______________________

Fig. 2. Presentation of the algorithm

Experimental setup.

Models and datasets. ResNet-50 (25.6 M params) pretrained on ImageNet-1k and ViT-B/16 (86.6 M params)
pretrained on ImageNet-21k were fine-tuned on Waterbirds (4 795 /1 199 / 5 794 train/val/test) and CelebA-blond
(162 770/ 19 867 / 19 962). Group annotations were used only on the validation set, never during training.

Optimisation. AdamW with weight decay 107, cosine schedule with 10 % linear warmup, bfloat16 mixed
precision; 50 epochs at base learning rate 10 and batch size 128 for ResNet-50, 30 epochs at 5-10~* and batch size
64 for ViT-B/16; backbone learning-rate multiplier 0.1; early stopping on validation worst-group accuracy with
patience 5; 5 seeds {13, 42, 123, 2024, 31337}; one NVIDIA A100 80 GB.

Target layers. layer4 for ResNet-50; block 11 for ViT-B/16.

Search parameters. Confidence threshold t = 0.80, regulariser A = 0.01, ranking cutoff &.,,= 0.05, 32
counterfactual samples per input.

Counterfactual operator. SAM-2 background swap on Waterbirds; StyleGAN3 gender-attribute latent
direction on CelebA-blond.

Evaluation metrics. Worst-group accuracy, average accuracy, SRS, CV and the cardinality |S| of the spurious
channel set.

Baselines. ERM, DFR [3], and four representative pre-2023 methods - GroupDRO, JTT, IRM, CnC - whose
published numbers we reproduce from the comparative tables in the recent benchmarks [4] and Discover-and-Cure
[5]; consistent within £1 pp.

Discussion of results
The experiments confirm the central hypothesis: spurious-attribute information is concentrated in a sparse
subset of channels, removing which restores worst-group accuracy while keeping the explanation invariant under
counterfactual intervention. The summary appears in Table 1 and Fig. 3.
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SAAP versus ERM on two spurious-correlation benchmarks across two backbones (Table 1). Values are
mean = std over 5 seeds. |S| is the number of pruned channels; AWG is the worst-group accuracy gain in percentage
points; CV € [0, 1].

Table 1
SAAP versus ERM benchmarks
Dataset Backbone Method N Worst-group acc. (%) Avg. acc. (%) SRS CvV
Waterbirds ResNet-50 ERM 38+4 603+2.4 97.3+0.2 0.42 +0.05 0.51£0.04
Waterbirds ResNet-50 SAAP 11+2 88.4+1.6 93.1+0.4 0.86 +0.03 0.82 £0.03
Waterbirds ViT-B/16 ERM 2243 64.7+2.1 96.8+0.3 0.46 +0.04 0.55+0.04
Waterbirds ViT-B/16 SAAP 9+2 89.6 +1.4 93.7+0.3 0.87 £0.02 0.83 £0.03
CelebA-blond ResNet-50 ERM 41+5 472 +3.1 95.0+0.2 0.38 £0.05 0.45+0.04
CelebA-blond ResNet-50 SAAP 14+2 85.7+1.9 91.6 0.5 0.83 £0.03 0.79 £ 0.04
CelebA-blond ViT-B/16 ERM 26+4 | 514+27 94.6+0.3 0.41+0.05 0.49 + 0.04
CelebA-blond ViT-B/16 SAAP 12+2 | 86.9+1.7 91.9+0.4 0.84 +0.03 0.80+0.03
100 -
80 -
S
>
(9]
o
2 60 -
(@)
©
a
g
s 401
an
0
o
=
20 -
. ERM
I SAAP (ours)
0 .
Waterbirds Waterbirds CelebA-blond CelebA-blond
ResNet-50 ViT-B/16 ResNet-50 ViT-B/16

Fig. 3 Research results

The results lead to three findings.

High sparsity of the spurious representation. SAAP localises the spurious-attribute pathway to 11 + 2
channels (Waterbirds) and 14 = 2 channels (CelebA-blond) in ResNet-50 layer4, i.e. 0.5-0.7 % of the channels in that
block; the corresponding figures for ViT-B/16 block 11 are 9 + 2 and 12 + 2 channels (1.2-1.6 % of token-channels).
This sparsity is consistent with the channel-level observations of [6; 11] and suggests that mitigation does not require
modifying the bulk of the representation [3].

Robustness gain at modest cost in average accuracy. SAAP improves worst-group accuracy by 28.1 /24.9
pp on Waterbirds (ResNet-50 / ViT-B/16) and 38.5 / 35.5 pp on CelebA-blond, while losing only 3-4 pp of average
accuracy across configurations. The Pareto trade-off compares favourably with the label-free baselines surveyed in
[4], while not requiring training-time group annotations. The ViT-B/16 numbers in particular are consistent with prior
reports of vision-transformer robustness to spurious correlations [17].

Causally aligned explanations. CV rises from 0.45-0.55 (ERM) to 0.79-0.83 (SAAP) across both backbones,
showing that after pruning the explanation no longer flips when the spurious attribute is counterfactually intervened
on. The SRS gain (0.42 — 0.86 / 0.46 — 0.87 on Waterbirds; 0.38 — 0.83/0.41 — 0.84 on CelebA-blond) confirms
that this is a property of the attribution map, not only of the prediction, addressing the gap raised in [2; 7].

Two ablations support these findings. Removing the SRS-guided pruning step collapses the worst-group
accuracy on Waterbirds (ResNet-50) to 71.5 = 1.8 %, recovering only ~60 % of the SAAP gain. Removing the
counterfactual validation step yields 79.4 + 1.5 %, recovering ~70 %. Disabling the group-frequency reweighting in
equation (4) yields 81.0 = 1.6 %. As a control, pruning |S| = 11 random channels from layer4 recovers no robustness
(61.2 + 3.0 %), confirming that SAAP's effect is causal rather than a generic regularisation. All four components are
therefore necessary and complementary.

Comparison with prior group-robustness methods. Table 2 places SAAP against five established baselines
on Waterbirds (ResNet-50). SAAP matches or exceeds all label-free methods on worst-group accuracy without
sacrificing average accuracy, and approaches DFR [3] - which requires group-labelled validation data - at a
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comparable compute budget. A similar pattern holds against the recent progressive-data-expansion defence by Deng
et al. [18], which we list for completeness.

Worst-group versus average accuracy (Table 2) on Waterbirds (ResNet-50, mean + std over 5 seeds). The
"Train labels?" column shows whether group labels are required at training time. Values for the four pre-2023
baselines (GroupDRO, JTT, IRM, CnC) are reproduced from the comparative tables in [4]; DFR and Deng-et-al.
values are taken from the original papers [3; 18].

Table 2
Worst-group versus average accuracy

Method Worst-group acc. (%) Avg. acc. (%) Train group labels?
ERM 603 +2.4 97.3+0.2 no

IRM 77.8+2.6 95.0+£04 yes

GroupDRO 86.7+2.1 93.5+0.5 yes

JTT 86.7+2.0 93.3+0.6 no

CnC 88.5+1.3 90.9+0.7 no

SAAP (ours) 884 +1.6 93.1+04 no

Deng et al. [18] 89.6+1.0 93.8+0.4 yes

DFR [3] 929+1.2 942 +0.4 no (val labels yes)

Sensitivity to the confidence threshold t. A sweep of T € {0.70, 0.75, 0.80, 0.85, 0.90} on Waterbirds shows
that SAAP is stable in a wide window: worst-group accuracy varies between 84.9 % (1= 0.70, |S| = 8) and 88.6 % (t
= 0.85, |S| = 14). The chosen operating point T = 0.80 sits at the elbow of the |S|-vs-WG curve. Statistical significance
of SAAP over ERM is large in every configuration: paired t-test on five seeds yields t = 18.7, p = 4.8-107° for worst-
group accuracy and t = 14.1, p = 1.5-10* for CV on Waterbirds. The same pattern is observed when the procedure is
reframed as image-level blindspot discovery [15], confirming that the elbow generalises across granularity levels.

Per-group breakdown and spurious-channel validation. On Waterbirds the worst-group failure of ERM is
concentrated in the WBXL group (waterbird on land background): 60.3 + 2.4 % vs 97-99 % on the two majority groups
(LBxL 99.5, WBxW 98.0); the second minority LBXW sits at 76.4 + 1.7 %. SAAP lifts WBXL to 88.4 = 1.6 % while
keeping the other groups above 91 %. On CelebA-blond the failure is even sharper - the rare blond-male group
collapses to 47.2 + 3.1 % under ERM and is restored to 85.7 + 1.9 % by SAAP. When the discovered spurious channels
are compared against the spuriosity ranking ground-truth annotations [6], SAAP attains precision 0.83 + 0.04 and
recall 0.78 £ 0.05 on Waterbirds, a 1.8x precision improvement over the unpruned ERM baseline (0.46).

Conclusions

This work addressed the under-explored intersection of explanation faithfulness and group robustness in deep
vision models. The contribution is a unified detect-mitigate-audit framework - Spurious-Aware Attribution Pruning
(SAAP) - that formulates spurious-correlation removal as a constrained group-loss minimisation over internal
channels and validates the result with two new attribution-agnostic metrics, SRS and CV.

The empirical study yields three concrete findings. First, the spurious pathway in modern backbones is
sparse: 11 = 2 channels on Waterbirds and 14 + 2 on CelebA-blond - 0.5-0.7 % of ResNet-50 layer4 (and 1.2-1.6 %
of ViT-B/16 block 11) - are sufficient to drive the worst-group failure. Second, masking these channels and retraining
the last layer with a re-weighted loss raises worst-group accuracy by 28.1 / 24.9 pp on Waterbirds and 38.5 / 35.5 pp
on CelebA-blond (ResNet-50 / ViT-B/16), at the cost of only a few points of average accuracy and without using
training-time group labels. Third, Counterfactual Validity rises from 0.45-0.55 to 0.79-0.83, proving that the
explanation itself - not only the prediction - becomes invariant to the spurious attribute.

The implications are twofold. Scientifically, the framework reframes explanation faithfulness as a
measurable, attribution-agnostic property that can be optimised jointly with group robustness, closing a gap noted in
recent surveys [1; 2]. Practically, SRS and CV can be embedded in MLOps quality gates so that regressions in
explanation faithfulness are caught before deployment in safety-critical domains; this is particularly important for
medical Al, where fairness audits routinely fail to transfer across distribution shift [19], and for the broader prevention
of leakage-driven shortcut learning that has been identified as a root cause of the reproducibility crisis in ML-based
science [20]. Future work will extend the framework to multi-modal models (vision-language transformers), to
sequential decision-making and to the unsupervised discovery of unknown spurious attributes - promising directions
include self-guided spurious-correlation mitigation [21] and human-in-the-loop variants relying on minimal yes/no
feedback [22].

ADDITIONAL INFORMATION
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Onexcanap BEPBULIbKUIA

HanionansHuii yHiBepcuTeT KopabueOyyBaHHs iMeHi anMipana Makaposa

XUWBHI KOPEJIAIIL B MTOSICHIOBAHOMY IIII: BUSABJIEHHS, KIIBKICHA
OIIHKA TA YCYHEHHA

CyyacHi meroan rosicHoBaHoro LUI (XAIL) WnpoKo BUKOPUCTOBYIOTLCS AJ1S1 ayAUTY [TIMOOKUX HEHPOHHUX MEPEX, poTe
Aefasi OifibLIe AOCTIMKEHD TOKA3YI0Th, YO CaMi TOSICHEHHS MOXYTb OYyTU «3aXOr/IEHUMN» XUOHUMU KOPETALIIIMU - CTaTUCTUYHUMU
CKOPOYEHHSMU MK HEMTPUYUHHNMU O3HAKaMH (POH 306PaXeEHHS, AEMOrpa@idHi aTpmnbyTy, TEKCTOBI apTe@akTi) 1a LilbOBOK MITKO.
Sk Haca0k, post-hoc atpnbyLii 3aMLLaroTbCs BIEBHEHO MOMU/IKOBUMU HA MEHLUMHHUX MTIArPYNax, @ TOYHICTb HAVIMpPLLIOI rpyv pi3ko
nagae 3a 3cyBy po3roginy. Y poboTi 3arporioHOBaHO YHIQIKOBaHWI (BPeviMBOpPK, WO PO3r/ISAaE BiPHICTb MOSICHEHHS Ta rpyrnosy
CTIVIKICTB 5K EQNHY 3a4a4Y.

Merta. OCHOBHOKO METOK AOCTMKEHHS € PO3POOKA CTPOroi KiflbKICHOI METOLOJION A/151 BUSB/IEHHS BHYTPILLHIX KaHa/IIB
MOAEN, SKI KOLYIOTb XUOBHI, 8 HE NMPUYNHHI O3HAKV, BUMIPIOBAHHS CTIVIKOCTI MOSICHEHHS [0 3CyBY XMOHOro atpnbyTa 1a yCyHEeHHS Liel
Baaw 6e3 aHoTauivi migrpyrn y TPeHyBasbHi BUGIpLI.

MeToguka. MeTofosioriss 30CEPEMKEHE Ha GPErMBOPKY OnTUMIZALII rpyroBoi @QyHKLI BTPAT i3 OOMEXEHHIMY, YO LIYKAE
MIHIME/IbHY MTIAMHOXUHY KaHasliB S, BUAANEHHS KO yYCyBae 3a/€XHICTb Bif XMOHOro arpubyTa, 36epiraroyu BrIeBHEHICTb Lii/IbOBOro
knacy suiye ropora t. lpoyeaypa Spurious-Aware Attribution Pruning (SAAP) roegHye atpnbyyii integrated-gradients, rpyroso-
3YMOB/IEHE PaH)XyBaHHS Ta KOHTPDAKTUYHE MAackyBaHHs. BeegeHo ABi HoBI meTpuku: Spurious Robustness Score (SRS) ta
Counterfactual Validity (CV). Banigauis BukoHarHa Ha Waterbirds ta CelebA-blond i3 6exk6oHamn ResNet-50 i ViT-B/16.

Pesynibratv. SAAP s1okaznizye xwbHe rnpeacTasneqHHs /mwe B 11-14 kananax Ha koHyent (0,5-0,7% kaHa/iB 0CTaHHbOoro
610Ky ResNet-50; < 1,6% 415 670ky 11 ViT-B/16). Ha Waterbirds TouricTb Haviripioi rpymv 3pocrae Ha 28,1 B.n. 4715 ResNet-50
(60,3% — 88,4%) 1@ Ha 24,9 B.n. a1 ViT-B/16 (64,7% — 89,6% ). Ha CelebA-blond npupict craHosuts 38,5 B.11. 47159 ResNet-50
(47,2% — 85,7%) 1@ 35,5 B.n. gna ViT-B/16 (51,4% — 86,9%) yiHoto /mwe 3-4 B.n1. cepeqHboi todHocti. CV nigsuiyyerscs 3 0,45-
0,55 g0 0,79-0,83, 10 CBIAYNTD. ITOSCHEHHS, SKE 3a/MLLNITIOCS, BIACTEXYE MPUYUHHMI CUIHAT, @ HE XUOHE CKOPOYEHHS,

HaykoBa HoBu3Ha. lMo-neple, poboTy opMasi3oBaHo sk 3agady MiHIMI3alii rpyrnoBoi @yHKUIT BTPAT i3 OBMEXEHHSIMY, IO
JOIYCKaE eqheKTUBHM XagioHmi rolwyk. lMo-apyre, BBegeHo SRS i CV - ABi B3aEMOAOMNOBHIOBASIBHI, HE3A/IEXHI B TUITy aTpubyLlii
METPUKM, YO KIJIbKICHO OLJiHIOIOTb CTIMKICTD IMOSICHEHHS 11iC/IS KOHTP@AKTUYHOIO BTPYYaHHS Ha XWOHWH arpubyTt. [1o-TpeTe,
MPOAEMOHCTPOBAHO HAaCKDI3HMA KOHBEED (BUSIB/IEHHS — MOMSKIWEHHS — ayauT), KM HE MOTPEeBYE rpyrioBux MITOK g 4Yac
TPEHYBaHHS Ta y3aranabHIoeETsCs Ha CNIN- | TpaHcg@opmepHi 6ex6oHM.

[IpaKkTnyHa 3HaYuMICTb. METoR pobuTs <HYODHI CKPUHBbKN» MOAETIEH 30pYy ayaANTOBHUMU Ha DIBHI OKPEMOIrO KOHLEMTY, O
KPDUTUYHO A1 MEauyHoro LU, aBTOHOMHOrO BOAIHHS Ta MOAEpauli KOHTEHTY, A€ MOMU/IKU 38 pPaxyHOK CKOPOYEHb HECOPO3MIPHO
BI/IMBAKOTH HA MEHILIMHHI rigrpyu. SRS i CV moxHa B6yayBaTv B MLOpPs-BOpOTa SKOCTI /15 BUSB/IEHHS PEMPECIY BIPHOCTI IMOSICHEHHS
A0 PO3ropTaHHs MOAEJTI.

Ko40Bi C/10Ba: MOSCHIOBaHWI LU XubHI KOpesnsuli: rpyrnoBa CTiIMKICTb, KOHTPOAKTUYHI TOSCHEHHS], 0OPI3aHHS aTpmubyLid.
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