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Abstract

Explanation-guided learning (EGL) has shown promise in
aligning model predictions with interpretable reasoning, par-
ticularly in computer vision tasks. However, most approaches
rely on external annotations or heuristic-based segmentation
to supervise model explanations, which can be noisy, im-
precise and difficult to scale. In this work, we provide both
empirical and theoretical evidence that low-quality supervi-
sion signals can degrade model performance rather than im-
prove it. In response, we propose ALIGN, a novel frame-
work that jointly trains a classifier and a masker in an itera-
tive manner. The masker learns to produce soft, task-relevant
masks that highlight informative regions, while the classifier
is optimized for both prediction accuracy and alignment be-
tween its saliency maps and the learned masks. By leverag-
ing high-quality masks as guidance, ALIGN improves both
interpretability and generalizability, showing its superiority
across various settings. Experiments on the two domain gen-
eralization benchmarks, VLCS and Terra Incognita, show
that ALIGN consistently outperforms six strong baselines in
both in-distribution and out-of-distribution settings. Besides,
ALIGN also yields superior explanation quality concerning
sufficiency and comprehensiveness, highlighting its effective-
ness in producing accurate and interpretable models.

1 Introduction
To provide transparent and trustworthy explanations for
the decisions made by deep neural networks, Explanation-
Guided Learning (EGL) (Gao et al. 2024) integrates expla-
nation signals (e.g., human-provided masks) into the train-
ing process to align model reasoning with interpretable se-
mantics. These masks typically highlight regions of interest
that correspond to task-relevant, informative components in
the input (e.g., objects or salient structures). For example,
CARE (Zhuang et al. 2019), GRADIA (Gao et al. 2022b),
and MAGI (Zhang et al. 2023) penalize attributions to ir-
relevant regions based on human-annotated masks, thus en-
couraging the model to focus on relevant features and make
more interpretable decisions.

Existing EGL methods rely heavily on manual annota-
tions, which are labor-intensive and potentially inaccurate.
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Figure 1: Segmentations as guidance may emphasize back-
ground, limiting reliability for task-specific explanations.

Recent approaches (Li et al. 2023b; Guesmi, Aswani, and
Shafique 2024) attempt to eliminate manual supervision by
enforcing explanation consistency during training. Leverag-
ing segmentation results as guidance can improve explana-
tion quality, but these upstream segmentation models are
typically not task-specific, and may highlight irrelevant re-
gions, yielding misleading explanations. As shown in Fig. 1,
the segmentation mainly captures the surrounding environ-
ment rather than the target object dogs. This highlights the
need for a task-aware masker that produces reliable, seman-
tically aligned guidance. Moreover, prior work has primarily
emphasized empirical performance, with limited theoretical
insight into their generalization behavior.

In this paper, we first revisit the impact of mask qual-
ity on EGL by conducting a preliminary experiment, re-
vealing that imprecise or low-quality masks can hinder pre-
diction accuracy. We further reinforce the need for high-
quality, task-relevant masks through a theoretical analysis
under the Probably Approximately Correct (PAC) learning
framework. Specifically, we show that better mask quality
leads to tighter generalization bounds under domain shifts
(e.g., under out-of-distribution settings), as well as lower
in-distribution errors. Building on these insights, we pro-
pose Attribution-Learning Iterative Guidance Network
(ALIGN), a novel framework that jointly trains a mask gen-
erator (termed masker) and a classifier in an iterative man-
ner. Instead of relying on costly and potentially noisy an-
notations, ALIGN uses a learnable masker to produce soft
masks that highlight semantically relevant regions of the in-
put. Simultaneously, the classifier is optimized not only for
predictive accuracy but also to align its own saliency maps
with the generated masks. By explicitly guiding the model
on which features to attend to, ALIGN enhances both inter-
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pretability and generalizability.
Beyond theoretical justification, we conduct compre-

hensive experiments on two standard domain generaliza-
tion benchmarks, VLCS and Terra Incognita. Compared
with six state-of-the-art methods, including DRE (Li et al.
2023b), SGDrop (Bertoin et al. 2024), and SGT (Ismail,
Corrada Bravo, and Feizi 2021), ALIGN achieves supe-
rior predictive performance on both in-distribution and out-
of-distribution data. Furthermore, ALIGN produces more
meaningful explanations regarding sufficiency and compre-
hensiveness. Qualitative visualizations and extensive abla-
tion studies further demonstrate that ALIGN yields robust,
interpretable predictions.

In summary, the contributions of this paper are threefold:

• We revisit the role of mask quality in EGL, providing
both empirical evidence and theoretical justification that
high-quality masks enhance generalization, while poor
masks degrade predictive performance.

• We propose ALIGN, a novel annotation-free framework
that jointly trains a masker and a classifier, aligning
model attributions with learned masks to promote inter-
pretability and generalizability.

• Extensive experiments on domain generalization bench-
marks demonstrate that ALIGN achieves superior accu-
racy and explanation quality compared to sota methods,
which is supported by visualizations and ablation studies.

2 Related Work
Depending on the source of supervision for explanation
alignment, EGL methods can be categorized into human-
annotated and annotation-free methods.

Human-Annotated Supervision. Methods such as CARE
(Zhuang et al. 2019), GRADIA (Gao et al. 2022b), RES
(Gao et al. 2022a), and MAGI (Zhang et al. 2023) use
human-labeled masks or saliency cues to align model attri-
butions with semantically meaningful regions. While effec-
tive, these methods rely on costly manual annotations, lim-
iting scalability.

Annotation-Free Training. To avoid manual supervision,
methods like SGT (Ismail, Corrada Bravo, and Feizi 2021),
SMOOT (Karkehabadi, Homayoun, and Sasan 2024), and
DRE (Li et al. 2023b) enforce consistency between explana-
tions and predictions using gradient-based masking or sta-
bility constraints. However, these methods could rely on in-
sentimantical regions and lack theoretical guarantees.

Besides images, EGL has been extended graphs, such as
GazeGNN (Wang et al. 2024), GNES (Gao et al. 2021), and
GG-NES (Etemadyrad et al. 2024), and texts (Li et al. 2023a,
2022). See more relevant works in (Hong et al. 2025).

3 Preliminaries
3.1 Explainable machine learning & Grad-CAM
Given an input-label pair (x, y), where x ∈ Rd and y ∈ Y
denote the input features and the corresponding class label,
respectively, a classifier fθ : Rd → R|Y | is parameterized
by θ. For clarity, we omit θ and write f(x). The model’s
predicted probability for class y is denoted by fy(x).

The goal of explainable machine learning (XML) is to
compute an importance map Φ : Rd → Rd that reflects the
relevance of each input dimension (e.g., pixel) to the model’s
prediction. Specifically, Φy(x) estimates the contribution of
each element in x to the prediction of class y.

In this paper, we adopt Grad-CAM (Selvaraju et al. 2020)
as the explanation method. Let Ak denote the activation map
of the k-th channel in the selected layer for the input x. Grad-
CAM first computes the importance weight αk

y for each
channel using the gradient of the output score fy(x) with
respect to Ak, averaged spatially over all locations (i, j),
where Z is the total number of spatial positions:

αk
y =

1

Z

∑
i,j

∂fy(x)

∂Ak
i,j

. (1)

The final explanation map Φy(x) is obtained by a
weighted combination of the activation maps followed by
a ReLU operation to retain only positive influences:

Φy(x) = ReLU

(∑
k

αk
yA

k

)
. (2)

3.2 Explanation-guided learning
EGL seeks to enhance the model’s interpretability by in-
tegrating attribution-based signals during training (Ross,
Hughes, and Doshi-Velez 2017). More specifically, EGL en-
courages the alignment of the explanation Φy(x) with a su-
pervision signal, represented by a mask M(x):

Legl = d
(
Φy(x),M(x)

)
, (3)

where d(·, ·) denotes a divergence measure, such as L1 norm
or Binary Cross-entropy (BCE) (Ruby, Yendapalli et al.
2020), and the mask M(x) is typically defined by fixed
annotations (Ross, Hughes, and Doshi-Velez 2017; Rieger
et al. 2020) or predefined segmented results. By aligning the
explanation with these signals, EGL ensures that the model
focuses on relevant regions, improving interpretability.

4 Methodology
In this section, we begin with a preliminary experiment
(Sec. 4.1) showing that annotation-free masks generated
by off-the-shelf segmentation models can be imprecise and
may hinder model performance. We then provide theoretical
analyses (Sec. 4.2) to underscore the importance of learning
high-quality, task-relevant masks to enhance both predictive
accuracy and explanation reliability. Finally, we introduce
ALIGN (Attribution-Learning Iterative Guidance Network)
in Sec. 4.3, a framework that iteratively trains a classifier f
and a masker M to focus on semantically meaningful re-
gions of the input.

4.1 Precise segmentation could improve
prediction performance

As previously discussed, obtaining high-quality human-
annotated masks for training is both labor-intensive and
costly. A common workaround is to leverage large pre-
trained segmentation models such as the Segment Anything
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Model (SAM) (Kirillov et al. 2023) to generate pseudo-
masks in a zero-shot manner. While these models are capa-
ble of producing dense segmentations across diverse inputs,
their outputs are not specifically optimized for the down-
stream prediction task and may include irrelevant or noisy
regions. Such misaligned or imprecise masks can misguide
the learning process, introducing spurious correlations and
ultimately degrading predictive performance.

To empirically assess the impact of mask quality, we com-
pare segmentation signals derived from SAM with those
generated by our proposed task-driven masker. For both
types of masks, we apply a controlled background pertur-
bation: the background, those not highlighted by the mask,
are blurred using Gaussian noise, while the foreground re-
mains unaltered. In this way, the saliency signal identified
by the mask is preserved, while background distractions are
suppressed. Then, well trained classifiers are evaluated on
these modified inputs1. In principle, a high-quality mask
should preserve task-relevant features and thus lead to im-
proved performance when the background is suppressed.
Conversely, poor masks may obscure essential features or
retain irrelevant ones, resulting in degraded performance.
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Figure 2: Impact of mask quality for predictions.

Experiments are conducted on VOC2007 and LabelMe,
two subsets of the VLCS benchmark (Fang, Xu, and
Rockmore 2013). We evaluate five models: the standard
backbone model (ERM), three state-of-the-art explanation-
guided learning methods (SGT, SGDrop, and DRE), and our
proposed ALIGN framework. As shown in Fig. 2, all mod-
els exhibit noticeable improvements in classification accu-
racy when using masks produced by our task-driven masker,
compared to those generated by SAM2.

The results suggest that segmentation quality plays a crit-
ical role in guiding model reasoning and prediction. The
consistent gap between two cases indicates that task-driven
masker is more effective than static, pre-trained segmenta-
tion outputs. It supports our hypothesis: segmentation sig-
nals not optimized for the prediction task can hinder perfor-
mance, and precise and task-relevant masks are essential for
effective learning. Next, we discuss the necessity of high-
quality masks formally.

1See Sec. 5 for implementation details and Sec. 5.4 for ablation
results when training with different masks.

2The numerical results can be found in (Hong et al. 2025).

4.2 Theoretical analysis
Basic notations. We consider the domain shift scenario,
where the input distribution could change between source
domain S (training) and a target domain T (testing). Assume
that each input x can be decomposed into objective x(obj)

and background x(bg) according to segmentation M :

x(obj) = M ⊙ x, x(bg) = (1−M)⊙ x. (4)

We compare three hypotheses (models) correspond to dif-
ferent assumptions of mask M .
• f1: Vanilla models can potentially use all features in the

image, including spurious features.
• f2: Perfect guided models use all relevant regions to the

prediction, e.g., df2(x
(bg))

dx ≈ 0.

• f3: Strict guided models utilize a strict subset of x(obj),
namely x(sub). SAM could lead to a mix of f1 and f3.

Bounding generalization error under domain shift.
To analyze how model predictions vary across domains,
Lemma 1 shows that less invariant features help reduce sen-
sitivity. In other words, f2 and f3 are expected to be less
sensitive than f1 when background changes.

Lemma 1 Let xS , xT ∈ Rd be two inputs with identical
object features and differing background: x(obj)

S = x
(obj)
T ,

x
(bg)
S ̸= x

(bg)
T . Define the local Lipschitz constant between

xS and xT for model f as:

κf (xS , xT ) :=
|f(xT )− f(xS)|
∥xT − xS∥2

. (5)

If f1 is sensitive to all features and f2 satisfies
dh2(x

(bg))/dx ≈ 0, then:

|f2(xT )− f2(xS)| < |f1(xT )− f1(xS)|,
κf2(xS , xT ) < κf1(xS , xT ).

(6)

All the proofs are provided in (Hong et al. 2025). Lemma
1 aligns with existing studies showing that adversarially ro-
bust models indeed exhibit smaller input-gradients on per-
ceptually irrelevant features (Srinivas, Bordt, and Lakkaraju
2023; Tsipras et al. 2018).

Based on Lemma 1, we further derive discrepancy bounds
on the change in mean squared error (MSE) ∆MSE (Lemma
2) and cross entropy loss ∆CE (Lemma 3) across domains.
Both Lemmas imply that f2, which does not rely on spurious
features, shows a lower discrepancy bound, and thus better
generalizability, than those use all features (f1).

Lemma 2 (MSE Discrepancy Bound under Domain Shift)
If the conditional distribution P (y | x(obj)) is the same
across domains S and T , and both the label values y and
prediction f(x) are bounded: |y| ≤ 1 and |f(x)| ≤ 1. Then,
the MSE discrepancy under domain shifts:

∆MSE :=
∣∣ET [(f(x)− y)2]− ES [(f(x)− y)2]

∣∣
≤ 4 |ET [f(x)]− ES [f(x)]|+

∣∣ET [y
2]− ES [y

2]
∣∣ . (7)

When ET [y
2] = ES [y

2] (i.e., no label distribution shift):

∆MSE ≤ 4 |ET [f(x)]− ES [f(x)]| . (8)
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Lemma 3 (Cross-Entropy Stability to Small Shifts)
Suppose for every input x and its label y, the differ-
ence in predicted probabilities between the two domains is
bounded:

∣∣f(xT )−f(xS)
∣∣ ≤ ϵ, then the absolute difference

in cross-entropy risk is bounded as

∆CE := |CET (f)− CES(f)| ≤ C · ϵ, (9)

for some constant C that depends only on the range of f(x),
e.g., C = 1

mini f(x)i
.

Note that f3 outperforms f1 by strictly restricting its in-
put to a subset of the salient features x(obj), as supported by
the preceding lemmas. However, as established in Lemma 4,
f2 shows superiority over f3 concerning in-domain perfor-
mance, achieving both lower mean squared error and cross-
entropy loss by leveraging the complete set of relevant fea-
tures. These analyses motivate the design of a learnable
masker to guide model training toward more effective fea-
ture selection.

Lemma 4 (In-domain errors for feature inclusion) Let
f∗
2 (x

(obj)) := E[y | x(obj)] and f∗
3 (x

(sub)) := E[y | x(sub)]
denote the Bayes optimal predictors solely using feature
x(obj) and x(sub), respectively. Then, the associated Bayes
risks under squared loss satisfy:

ES

[
(y − f∗

2 (x
(obj)))2

]
≤ ES

[
(y − f∗

3 (x
(sub)))2

]
, (10)

and the following cross-entropy error inequality holds:

ES [− log f2(x)y] ≤ ES [− log f3(x)y]. (11)

Both of which with strict inequality if there exists a feature
xj ∈ x(obj) \ x(sub) such that xj ⊥̸⊥ y | x(sub).

4.3 The ALIGN framework
Motivated by our empirical observations and theoretical
findings, we argue that learning a task-driven, high-quality
masker during training is both necessary and beneficial for
enhancing model interpretability and generalization. To this
end, we propose Attribution-Learning Iterative Guidance
Network (ALIGN). As illustrated in Fig. 3, ALIGN jointly
learns a masker M and a classifier f in an iterative man-
ner. The classifier f is instantiated as a standard ResNet (He
et al. 2016), while the masker M is a lightweight convolu-
tional network that produces a soft mask M(x) ∈ [0, 1]d,
highlighting task-relevant regions of the input.

ALIGN consists of two interleaved optimization steps:
one for refining the masker to generate smooth and seman-
tically meaningful regions that preserve prediction-relevant
information, and the other for updating the classifier based
on both prediction and attribution alignment objectives.

Masker objective. Predefined segmentation models of-
ten produce imprecise or task-irrelevant masks, introducing
noise that can hinder prediction performance. Thus, we pro-
pose learning a task-driven masker M that automatically
identifies input regions relevant to the model’s prediction.
The core goal of M is to highlight informative features while
suppressing misleading background regions.

Formally, we encourage the model to predict high confi-
dence on the masked input x ⊙ M(x) (i.e., retained fore-
ground), and low confidence on the complementary region
x⊙ (1−M(x)) (i.e., suppressed background). This contrast
is captured by the probability distance:

dist(x) = fy(x⊙M(x))− fy(x⊙ (1−M(x))) , (12)

where fy(·) denotes the predicted probability for the ground-
truth class y. The main objective for the masker is:

Ldist = MSE(dist(x), 1) , (13)

which encourages f to rely more on the foreground regions
identified by M . Since dist(x) ∈ (−1, 1), the mean squared
error is used to enforce a high contrast.

To ensure that the learned masks are both interpretable
and effective, we incorporate two regularization terms. The
sparsity loss penalizes unnecessary activations, encouraging
compact masks:

Lsparsity = ∥M(x)∥1. (14)

The smoothness loss enforces spatial continuity by penal-
izing abrupt changes between neighboring pixels:

Lsmooth =
1

Z

∑
i,j

( |Mi,j(x)−Mi+1,j(x)|

+ |Mi,j(x)−Mi,j+1(x)|).
(15)

In summary, the overall loss for the masker M is:

Lmask = Ldist + λ1Lsparsity + λ2Lsmooth, (16)

where λ1 > 0 and λ2 > 0 are hyper-parameters.

Classifier objective. The classifier f is trained to mini-
mize a composite objective:

Lclf = Lcls + λ3Legl + λ4Lreg, (17)

comprising the following components: (1) Classification
loss Lcls = CE(f(x), y) is the standard cross-entropy loss
used to ensure accurate predictions. (2) Explanation guided
loss Legl = BCE(Φy(x),M(x)) aligns the classifier’s ex-
planation Φy(x) with the mask M(x) generated by the
masker, using binary cross-entropy. (3) Mixup-based regu-
larization: Inspired by (Li et al. 2023b), we use a mixup
strategy for both input and explanation. Formally, for two
inputs (xi, y) and (xj , y) with the same class, a synthetic
sample is constructed as:

x̃ = βxi + (1− β)xj , β ∼ Beta(α, α). (18)

The regularization loss is defined as:

Lreg =∥βΦ(xi) + (1− β)Φ(xj)− Φ(x̃)∥1
+ CE(f(x̃), y) + ∥Φ(x̃)∥1,

(19)

which encourages consistency in both prediction and attri-
bution space, while promoting explanation sparsity.
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Figure 3: Overview of the proposed ALIGN framework.

Joint optimization. As illustrated in Fig. 3, the ALIGN
framework is trained in an alternating optimization scheme.
Specifically, during each training iteration, the masker M is
updated while keeping the classifier f fixed. Subsequently,
the classifier f is updated using the latest output from M ,
with M parameters held constant.

To mitigate cold-start issues and enhance training stability
in the early stages, the process begins with classifier-only
training. At this stage, only the standard classification loss
Lcls and the mix-up based regularization Lreg are applied,
and no explanation supervision is imposed (i.e., Legl = 0).
This allows the classifier to form a reliable initial decision
without being influenced by potentially unstable masks.

The masker is introduced after a predefined warm-up
phase (set to 200 in our paper). The iterative training then
continues with both Lmask and Lclf active, gradually align-
ing the model’s reasoning with the learned masks.

5 Experiments

5.1 Datasets and settings

We evaluate the baselines on VLCS and Terra Incognita
datasets. VLCS (Fang, Xu, and Rockmore 2013) includes
four domains (VOC2007, LabelMe, Caltech101, SUN09)
with about 25K images in 5 classes, while Terra Incog-
nita (Xu et al. 2020) comprises four locations (38, 43, 46,
100) totaling around 11K images in 10 categories.

All sub-datasets were split into training, validation, and
test sets with a ratio of 6:2:2. The classifier are based on
ResNet-18 backbones (He et al. 2016). The masker is a
CNN-based model that consists of 3 convolutional blocks:
the first two use 3x3 kernels, with ReLU and Batch Nor-
malization, while the final block applies a 1x1 convolution
followed by a Sigmoid. Masker adopts λ1 = 10 and λ2 = 1
across all the experiments, and classifier uses λ3 = λ4 =
0.1 for VLCS, and λ3 = λ4 = 0.2 for Terra Incognita. More
details can be found in (Hong et al. 2025).

5.2 Baselines and evaluation metrics
We compare ALIGN with several representative explana-
tion guided learning baselines, including ERM (He et al.
2016), IRM (Arjovsky et al. 2019), Mixup (Xu et al.
2020), SGT (Ismail, Corrada Bravo, and Feizi 2021), SG-
Drop (Bertoin et al. 2024), and DRE (Li et al. 2023b).

In addition to prediction metrics such as AUC and Acc,
the explanations are evaluated by two metrics: Sufficiency
(Suff) and Comprehensiveness (Comp) (Gao et al. 2024).

5.3 Main results
To quantitatively assess ALIGN, we conduct experiments
on VLCS and Terra Incognita, benchmarking against both
standard and explanation-aware baselines. Table 1 summa-
rizes the results for prediction and explanation metrics.

On VLCS, ALIGN achieves the best accuracy and AUC
in most domains (VOC2007, CAltech101, SUN09), consis-
tently outperforming all baselines. In terms of explanation
quality, ALIGN yields competitive or superior results across
both Suff and Comp metrics, indicating that its predictions
rely on concise and interpretable evidence.

Similarly, in Terra Incognita dataset, ALIGN again leads
in Acc and AUC for most locations (38, 43, 100) and con-
sistently excels in interpretability metrics, demonstrating
strong generalization in complex, real-world settings.

These improvements can be attributed to guidances pro-
vided by the masker in ALIGN, which effectively identifies
task-relevant regions, enabling the classifier to focus on the
most relevant input areas. To further assess its effect, we
compare alternative masking strategies, including pretrained
segmentation and heuristic methods (Sec. 5.4).

In a few cases, ALIGN may not achieve the absolute best
performance but remains highly competitive. As noted in
Lemma 4, this can occur when the generated mask inadver-
tently omits a few relevant features, causing slight degra-
dation in in-distribution accuracy. Nonetheless, as shown
in Sec. 5.5, ALIGN shows clear advantages under domain
shifts by reducing dependence on spurious background cues.
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Method VOC2007 LabelMe Caltech101 SUN09

Acc AUC Suff Comp Acc AUC Suff Comp Acc AUC Suff Comp Acc AUC Suff Comp

ERM 85.35 76.95 17.18 15.64 80.80 71.08 1.22 15.21 99.73 96.86 33.71 2.22 80.87 77.06 29.42 11.20
IRM 81.45 75.46 26.38 11.83 77.47 68.36 8.49 14.10 98.86 94.71 11.41 10.34 81.45 75.46 26.38 11.83

Mixup 85.55 74.38 10.87 24.47 79.73 69.31 23.21 17.14 99.58 94.84 30.26 3.56 78.85 72.57 17.75 9.34
SGT 86.64 72.91 17.72 18.55 79.54 60.80 26.43 12.85 99.52 95.43 22.39 2.28 79.23 63.20 32.87 12.36

SGDrop 86.26 78.37 18.02 17.35 79.25 68.81 12.89 13.29 99.94 97.70 12.30 1.68 80.15 75.54 23.98 8.60
DRE 85.61 77.41 16.54 17.02 80.31 73.77 10.48 15.67 99.95 99.34 8.61 1.50 81.76 70.96 34.62 8.88

ALIGN 86.91 82.18 15.08 16.66 80.23 74.29 1.00 13.32 99.98 99.05 4.71 2.81 82.54 71.16 20.75 12.54

Method Loc 38 Loc 43 Loc 46 Loc 100

Acc AUC Suff Comp Acc AUC Suff Comp Acc AUC Suff Comp Acc AUC Suff Comp

ERM 77.89 61.03 13.78 35.59 76.35 56.25 13.93 43.62 72.69 58.95 14.03 35.74 88.47 77.88 19.12 36.92
IRM 80.50 59.47 11.58 36.47 74.05 63.31 9.95 49.15 72.69 59.46 21.32 38.18 87.53 71.63 13.38 37.58

Mixup 77.41 57.25 14.94 34.14 67.28 55.74 19.65 38.86 73.85 58.78 11.52 36.63 88.72 75.89 16.48 38.79
SGT 77.87 51.27 13.97 29.51 74.73 60.75 12.07 39.43 71.59 58.67 17.37 35.36 86.41 74.87 16.38 29.64

SGDrop 80.26 63.85 21.68 46.41 73.38 56.72 29.82 60.21 74.94 67.31 14.73 35.07 89.43 79.15 9.43 36.08
DRE 77.37 65.02 17.58 31.21 74.89 62.64 17.65 60.60 73.95 65.73 10.87 35.30 88.39 80.15 14.63 31.56

ALIGN 83.62 66.83 19.75 51.66 72.47 65.05 8.20 44.33 77.27 69.83 13.94 40.54 90.54 84.13 16.28 42.88

Table 1: Overvall performance comparison of ALIGN and baselines arcoss eight sub-datasets. Bold values indicate the winner
for each metric and dataset. ALIGN consistently achieves the best or competitive performance across all metrics.

5.4 Ablation study: effectiveness of the masker
In Sec. 4.1, we found that “precise segmentation can better
improve prediction performance”, showing that masks gen-
erated by our proposed masker better support model infer-
ence than those produced by SAM. Here, we further investi-
gate the impact of the masker during training by comparing
ALIGN against three alternative variants. Each variant mod-
ifies the mask generation strategy to assess the contribution
of the explanation-guided loss and mask quality:
• w/o EG disables the EGL component during training by

setting λ3 = 0 in Eq. (17).
• m-SAM replaces the learned mask M(x) with segmen-

tation maps generated by the pretrained SAM (Kirillov
et al. 2023), as fixed targets for saliency alignment.

• m-Gray uses grayscale intensity values as the mask, i.e.,
M(x) = Gray(x), encouraging the classifier’s saliency
map to align with low-level pixel brightness.

Results in Table 2 show that: (1) Incorporating external
mask signals for EGL (m-SAM, m-Gray) improves perfor-
mance over the variant without EGL (w/o EG), confirming
the value of explanation as supervision. (2) ALIGN, which
dynamically generates task-relevant masks, further outper-
forms all fixed alternatives, demonstrating the advantage of
task-driven, end-to-end learning of explanation signals.

5.5 Out-of-distribution generalization
To complement the theoretical analysis presented in Sec. 4.2
and further assess the generalizability of ALIGN, we con-
duct out-of-distribution (OOD) experiments. In this setting,
the model is trained on a source domain and evaluated on re-
maining target domains without retraining. This setup sim-
ulates real-world distribution shifts where models must gen-
eralize to unseen environments.

Table 3 reports accuracy across all source-target domain
pairs in VLCS. ALIGN consistently outperforms all base-
lines across most OOD settings, often by a substantial mar-
gin. We attribute the improved generalization to the train-
able masker, which aligns classifier saliency with learned
task-relevant regions. This alignment helps identify domain-
invariant features, reducing overfitting to spurious source
correlations and enhancing performance on unseen domains.

5.6 Case Study
Post-hoc explanation. To better understand how ALIGN
improves both prediction accuracy and interpretability, we
conduct a case study comparing the attribution patterns of
models. Fig. 4 visualizes the Grad-CAM saliency maps for
two samples from the VLCS dataset. The ground truth is
shown in brackets, with the corresponding predictions from
each model are reported below each heatmap.

Figure 4: Two case studies from the VLCS dataset.

In the first example (label car), baselines exhibit scat-
tered and misaligned attention, often focusing on irrelevant
background regions (e.g., sky, smoke, or vegetation), lead-
ing to lower confidence. In contrast, ALIGN concentrates its
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Method VOC2007 LabelMe Caltech101 SUN09

Acc AUC Suff Comp Acc AUC Suff Comp Acc AUC Suff Comp Acc AUC Suff Comp

w/o EG 85.61 77.41 16.54 17.02 80.31 73.77 10.48 15.67 99.95 99.34 8.61 1.50 81.76 70.96 34.62 8.88
m-SAM 85.51 80.32 13.11 18.43 77.66 70.64 10.25 7.14 99.80 98.43 5.63 2.12 79.70 68.51 26.42 8.74
m-Gray 86.90 79.15 13.45 14.31 78.79 69.83 10.09 10.30 99.86 97.42 11.97 1.21 80.13 70.59 32.75 7.53

ALIGN 86.91 82.18 15.08 16.66 80.23 74.29 1.00 13.32 99.98 99.05 4.71 2.81 82.54 71.16 20.75 12.54

Method Loc 38 Loc 43 Loc 46 Loc 100

Acc AUC Suff Comp Acc AUC Suff Comp Acc AUC Suff Comp Acc AUC Suff Comp

w/o EG 77.37 65.02 17.58 31.21 74.89 62.64 17.65 60.60 73.95 65.73 10.87 35.30 88.39 80.15 14.63 31.56
m-SAM 80.02 69.72 7.57 30.10 72.02 63.07 13.86 44.13 73.06 67.12 23.09 40.48 89.13 79.51 11.78 38.54
m-Gray 78.04 58.34 11.03 30.20 70.09 55.72 11.05 39.75 75.92 70.16 17.20 35.42 89.45 82.19 21.09 38.39

ALIGN 83.62 66.83 19.75 51.66 72.47 65.05 8.20 44.33 77.27 69.83 13.94 40.54 90.54 84.13 16.28 42.88

Table 2: Ablation study on the role of the masker in ALIGN. The winners are in bold.

Train on Test on ERM SGT SGDrop DRE ALIGN

VOC2007
LabelMe 59.43 62.12 59.81 51.71 56.89

Caltech101 98.31 99.48 98.73 99.52 99.53
SUN09 73.02 69.23 71.91 73.74 74.03

LabelMe
VOC2007 67.27 70.12 61.39 58.53 73.63
Caltech101 90.04 91.92 89.92 89.59 96.63

SUN09 56.36 59.58 50.03 51.35 61.36

Caltech101
VOC2007 51.68 41.53 42.10 53.11 49.60
LabelMe 38.89 33.68 33.32 41.64 42.24
SUN09 42.03 34.21 37.61 43.87 48.04

SUN09
VOC2007 64.65 66.56 63.51 66.76 61.01
LabelMe 59.66 57.86 52.82 57.78 62.07

Caltech101 73.37 73.97 65.08 83.24 65.77

Table 3: Prediction accuracy on VLCS under OOD setting.

attention around the vehicle, supporting a more accurate pre-
diction (65.30%, the highest among all methods). In the sec-
ond example (label bird), most baselines attend broadly to
the surrounding area, incorporating unnecessary contextual
features (e.g., background trees or shadows). ALIGN, how-
ever, focuses consistently on the bird’s highly discriminative
regions (head and beak), resulting in 99.67% confidence.

Overall, two real examples highlight ALIGN’s ability to
consistently ground its predictions in semantically meaning-
ful regions, leading to superior performance in both accu-
racy and interpretability relative to baseline models.

Mask evaluation. To assess mask quality, we conducted
a qualitative study using 100 randomly selected cases from
each VLCS sub-dataset, including outputs from SAM and
our masker. Four independent volunteers performed pair-
wise comparisons, labeling each case as Win, Tie, or Lose
based on the masker’s performance against SAM. Besides,
Fig. 5 also visualizes representative heatmaps to compare
the spatial attention and segmentation consistency.

From the human evaluation, our masker consistently out-
performed SAM, especially on Caltech101 and VOC2007,
achieving 149 wins versus 115 losses (Win/Lose ratio ≈

Figure 5: Mask quality evaluation results on VLCS dataset.
Upper: human assessment; Lower: visualization examples.

1.30), demonstrating superiority. Visualization analysis fur-
ther revealed that SAM could produce (1) irrelevant, (2)
fragmented, or (3) near-empty segmentations, while our
masker precisely highlighted task-relevant target regions.
These results suggest that SAM, being task-agnostic, gen-
erates suboptimal masks when used directly as guidance,
whereas our task-specific masker yields more reliable and
semantically aligned masks for downstream applications.

6 Conclusion
We propose ALIGN, a novel EGL framework that iteratively
trains a masker alongside the classifier, effectively constrain-
ing the model’s attention to object-relevant regions. This
end-to-end approach not only enhances performance under
domain shifts, but also yields more faithful and interpretable
explanations, as demonstrated by both quantitative and qual-
itative evaluations. In future work, we plan to extend ALIGN
to multi-object scenarios and explore alternative explanation
mechanisms to further enrich interpretability.
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