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Figure 1. ALOE: performant, preserves semantics, explains faithfully.— Left: Explanations and representations. ALOE enables inher-

ently interpretable B-cos: W(x) [10] attributions (row. 2) that are object-centric and class-specific. The accompanying PCA visualizations

(row. 3; RGB = first three principal components of the final image representation for our ALOE aligned DINOv3 [67] model) preserves

global feature geometry—indicating aligned semantics with improved explainability (cf . Fig. D1). Right: Performance vs. interpretabil-

ity. Across ViT-B/16 backbones, ALOE substantially boosts localisation quality on GridPG [7] while maintaining competitive ImageNet

accuracy relative to the corresponding foundation models (Supervised [22], DINOv3 [67], SigLIP2 [70]).

Abstract

Foundational vision models have become the de facto

standard for many vision tasks due to their strong per-

formance. However, they are notoriously opaque and re-

main hard to interpret. We present ALOE (ALign Once

to Explain), a one-time, label-free feature alignment based

approach that efficiently converts foundational vision mod-

els into inherently interpretable B-cos [10] variants. Once

aligned, the B-cos backbone is used as a drop-in replace-

ment across several downstream tasks—amortizing the cost

of interpretability. ALOE is robust across pre-training

paradigms (supervised, self-supervised, vision–language)

and is 100–1000× more data-efficient than training from

scratch. On classification, it outperforms fully-supervised

B-cos models (e.g., +6.6 p.p. top-1 on ImageNet for ViT-

B/16), retains strong linear probing, k-NN, and zero-shot

transfer performance competitive with foundational back-

bones (DINOv3 [67], SigLIP2 [70]) across diverse down-

stream datasets, while yielding well-localized and highly

human interpretable explanations by design.

1. Introduction

Vision foundation models, including self-supervised en-

coders [11, 51, 67] and contrastive vision-language mod-

els [55, 70, 74], are powerful feature extractors that achieve

state-of-the-art performance across domains. However,

their opaque decision-making hinders deployment in sensi-

tive applications. Post-hoc explanation methods attempt to

mitigate this, but often fail to faithfully reflect the model’s

true computations [3, 4, 56].

Inherently interpretable architectures, such as B-cos Net-

works [7, 10], offer faithful explanations by design. While

recent “B-cosification” techniques [5] can efficiently retrofit

existing CNNs into B-cos variants without full retraining,

they provide only modest improvements for Vision Trans-

formers (ViTs) [22]. Since most modern foundation models

are ViT-based, this significantly limits their practical utility.

To bridge this gap, we propose ALOE (ALign Once to

Explain) (Fig. 3), a scalable, label-free feature-alignment

approach to efficiently convert ViT foundation models

into performant B-cos variants. ALOE requires a single

alignment phase, independent of the teacher’s pre-training

paradigm (supervised, self-supervised, contrastive). Once

aligned, the backbone acts as a drop-in replacement for

downstream tasks, amortizing the cost of interpretability.

ALOE is highly data- and compute-efficient. For in-

stance, B-cosifying SigLIP2 [70] requires just ≈3M unla-

beled images and 40 epochs—compared to its ≈10B im-

age pre-training—while maintaining competitive ImageNet

top-1 accuracy (83.67% vs. 84.24%; Fig. 1). Furthermore,

ALOE consistently outperforms vanilla B-cosification [5]

across pre-training paradigms by > 4.9 p.p. (Fig. 2), de-



livering strong zero-shot performance and well-localized,

faithful explanations.

Supervised SigLIP2 DINOv3
68

72

76

80

84

Ac
cu

ra
cy

 (%
)

B-cosification ALOE (ours)

Figure 2. ALOE vs. B-cosification [5]. ALOE (green) outper-

forms B-cosification (orange) on Supervised, SigLIP2, and DI-

NOv3 paradigms. Arrows ↔ show absolute gains ∆.

Contributions & Findings:

• Universal Alignment: We introduce a one-time, label-

free alignment recipe to transform foundational ViTs into

interpretable B-cos models while preserving utility.

• Design Insights: We provide a comprehensive study of

alignment targets, loss families (MSE, cosine, SigLIP, In-

foNCE), model scales, and dataset sizes.

• Generality & Efficiency: ALOE approaches teacher-

level generalization using ∼1000× fewer images than

typical pre-training, significantly outperforming prior B-

cosification methods on classification, linear probing, and

zero-shot transfer.

Together, these contributions establish a practical path to

scalable, faithful-by-design vision foundation models.

2. Background: B-cos networks

In this section we briefly review B-cos networks [10]

(Sec. 2.1) and the B-cosification [5] (Sec. 2.2) recipe pro-

posed for CNNs, before presenting our approach (Sec. 3).

2.1. B-cos networks

B-cos networks [10] are inherently interpretable architec-

tures that provide faithful and human-interpretable expla-

nations of model decisions. To do this, bias-free, dynamic-

linear B-cos transforms are used in place of linear trans-

forms that induce weight-input alignment across the model

and provide faithful explanations that constitute an exact de-

composition of the model’s computation. The B-cos trans-

form [7] is given by:

  \label {eq:bcos-transform} {\text {\bcos }}(\mathbf {x}; \mathbf {w}) = \left (\bigl |\cos (\mathbf {x},\mathbf {w})\bigr |^{\,B-1}\times \widehat {\mathbf {w}}\right )^{\!\top }\mathbf {x} = \mathbf {w}(\mathbf {x})^{\top }\mathbf {x}, 






 

(1)

where B controls the alignment strength, cos is the co-

sine similarity between input x and weights w, and ŵ =
w/∥w∥2. Stacking such units builds a dynamic-linear net-

work that produces an exact, faithful summary y(x) =

W(x)x, where W(x) is the effective input-dependent dy-

namic linear weight from the full model. Increasing B>1
promotes weight–input alignment, making W(x) more

task-relevant and interpretable. The cosine term raised to

the power of B−1 provides the non-linearity needed for

learning while preserving model expressivity. B-cos vari-

ants of standard CNNs (e.g., B-cos ResNets [29]) can then

be constructed—such models use B-cos transforms in place

of convolutional and linear layers, remove activations, and

remove all biases including in normalization layers. B-cos

ViTs (Fig. 3) similarly replace linear layers in the patch

embedding, MLP blocks, and projection heads with B-

cos layers. Notably, self-attention, being already dynamic-

linear [10], is left unchanged, as are positional embeddings.

Such models were shown to provide competitive perfor-

mance while significantly improving interpretability [10],

however, the need to train them from scratch remained a

significant limitation to their adoption as compared to using

already trained conventional models.

2.2. B-cosification recipe

To alleviate the need to retrain B-cos variants of exist-

ing models, ‘B-cosification’ [5] was proposed as a means

to transform a pre-trained conventional model into its B-

cos variant by making targeted architectural modifications

followed by supervised fine-tuning for few epochs on the

original task. Broadly, the transformation involves replac-

ing linear transforms with corresponding B-cos transforms

(Eq. (1)) with B = 2 and removing biases from all lay-

ers including normalization layers. In contrast to the orig-

inal B-cos architecture [10], point-wise activation func-

tions (ReLU/GELU) are left in and weights are not unit

normalized, as it preserves the distribution of the learnt

weights without harming interpretability. Following [10],

3-channel image inputs given by (r, g, b) are preprocessed

to 6-channels (r, g, b, 1−r, 1−g, 1−b) to allow visualizing

explanations in color, with a transform to the first layer

weights to maintain equivalence.

However, this recipe was designed with a focus on su-

pervised CNNs, and was relatively ineffective for ViT-based

architectures. In our work, we propose a scalable feature-

alignment approach that is highly effective for modern ViT-

based foundation models.

3. ALOE: ALign Once to Explain

In this section, we introduce ALOE (ALign Once to Ex-

plain), a one-time, label-free feature-alignment procedure

that converts any ViT-based foundation encoder into a B-

cos [10] counterpart and aligns it to a frozen teacher via sim-

ple representation matching (Fig. 3). We first describe the

teacher–student setup and the architecture-preserving trans-

formation used to initialize the student (Sec. 3.1). Next, we

detail what we align and where in the network, including



Figure 3. Align Once to Explain. (1) Transform: Convert a

Foundation ViT into a bias-free, dynamic-linear B-cos backbone

(Sec. 3.1). (2) Align: Label-free cosine feature alignment between

frozen teacher and student. (3) Deploy: Freeze aligned back-

bone for downstream tasks. Faithful explanations emerge directly

from W (x), amortizing interpretability across tasks. (For high-

resolution image see Fig. B2)

ViT-specific tokens (e.g., [CLS] and registers) and inter-

mediate layers used to guide alignment (Sec. 3.2). Finally,

we describe our setup (Sec. B.1) and show how the aligned,

inherently interpretable backbone can be used as a drop-

in component across downstream tasks, thereby amortizing

the cost of interpretability (Sec. B.2).

3.1. Teacher–student setup

B-cos conversion. Given a frozen teacher encoder T
(supervised, self-supervised, or vision–language) we con-

struct a B-cos student S by applying the architecture-

preserving transformation recipe ([5], see Sec. 2.2), which

preserves functional behavior where possible with minimal

edits needed for inherent interpretability.

Preserving special tokens. Unlike CNNs, modern ViTs

use special tokens such as [CLS] and register tokens (e.g.,

in DINOv3) that are crucial for performance. Given this, we

keep these special-token pathways exactly as in the teacher

so subsequent alignment can match tokens one-to-one and

preserve the base model’s computational routing1.

These steps yield a bias-free, 6-input channel B-cos stu-

dent that architecturally mirrors the teacher and is ready for

label-free alignment.

3.2. Label-free alignment

After conversion (Sec. 3.1), we align the B-cos student S to

the frozen teacher T using unlabeled images and a cosine-

similarity objective. Our aim is to make the aligned B-cos

backbone a drop-in substitute for the foundation teacher

model. This motivates (i) a global guidance term to pre-

serve the geometry of the final embedding space—critical

for downstream tasks (classification, segmentation, zero-

shot transfer) and (ii) token-level, depth-wise guidance to

preserve intermediate computations and enhance stability

1SigLIP2 [70] image encoders do not use [CLS] or register tokens.

during optimization. Therefore, we propose a multi-layer

objective that is applied across selected depths of the two

models during training.

Alignment objective. For an input x, let E⋆(x) denote the

model’s last-layer image representation, and let hℓ
⋆,t(x) be

the token-level features at transformer block ℓ for token t.
We combine a global term with layer depth-wise guidance:

  \label {eq:loss-total} \mathcal {L} &= \lambda _{\mathrm {g}}\,\mathcal {L}_{\mathrm {global}} \;+\; \lambda _{\mathrm {l}}\,\mathcal {L}_{\mathrm {layers}}\,, \\ \label {eq:loss-global} \mathcal {L}_{\mathrm {global}} &= \mathbb {E}_{\mathbf {x}\in \mathcal {B}} \Big [ 1 - \cos \big (E_{\mathcal {S}}(\mathbf {x}),\,E_{\mathcal {T}}(\mathbf {x})\big ) \Big ], \\ \label {eq:loss-layers} \mathcal {L}_{\mathrm {layers}} &= \sum _{\ell \in \mathcal {L}_{\mathrm {depth}}} \mathbb {E}_{\mathbf {x}\in \mathcal {B},\, t\in \mathcal {T}_{\mathrm {tok}}^{\ell }(\mathbf {x})} \Big [ 1 - \cos \!\big (h^{\ell }_{\mathcal {S},t}(\mathbf {x}),\,h^{\ell }_{\mathcal {T},t}(\mathbf {x})\big ) \Big ],       

 





 










 

















(4)

where T ℓ
tok(x) is the set of teacher tokens at depth ℓ.

We use cosine as our default alignment loss because it

is scale-invariant and robust across teacher sizes and pre-

training paradigms. Feature scales vary widely in prac-

tice; cosine normalizes this mismatch and directly opti-

mizes angular agreement, which aligns well with objectives

used during pre-training [67, 74]. We also experimented

with compatible objectives (MSE, SigLIP, InfoNCE) and

found cosine to be the most stable across pre-trained teach-

ers; ablations are reported in Sec. C.3. In contrast, MSE

is sensitive to absolute scale, and contrastive variants (In-

foNCE/SigLIP) introduce batch negatives that likely distort

the teacher’s local geometry.

Targets and depth-wise guidance. We supervise at three

evenly spaced depths Ldepth = {⌊L/3⌋, ⌊2L/3⌋, L} for a

transformer of depth L (i.e., 1/3, 2/3, and full). We align

exactly the semantics-carrying tokens used by each teacher

(e.g., [CLS]/registers for DINOv3; attention pooling for

SigLIP2; Tab. B1), ensuring one-to-one routing and pre-

serving the teacher’s computational pathways—crucial for

faithful B-cos explanations. .

This multi-scale supervision improves optimization stabil-

ity and final alignment. Because the student S mirrors the

teacher T in width, no projection heads are required. In

practice, (λg, λl) = (1, 1) works well across all models.

We ablate the design choices—including the alignment ob-

jective and feature depths—to select the final configuration

empirically (Sec. C.3).

4. Results

In the following we present our results. In Sec. 4.1, we

report performance of ALOE as compared to baselines on

the metrics described in Sec. B.2. We then provide detailed

ablations on alignment objectives, feature depths, model

scales and data size are in Sec. C.3.



Table 1. Linear-probe accuracy. Teachers in gray; best per block

in bold (for B-cos models). ✓/✗: interpretable/not.

Feature Arch Inh. Int. IN1k Avg.

Fully Supervised Pre-Training

Sup. [22] ViT-B/16 ✗ 80.74 79.13

B-cosif. [5] B-ViT-B/16 ✓ 71.76 66.99

ALOE (ours) B-ViT-B/16 ✓ 81.00 80.23

+9.24 +13.24

Vision Language Pre-training

SigLIP2 [70] ViT-B/16 ✗ 84.24 89.63

B-cosif. [5] B-ViT-B/16 ✓ 75.84 80.86

ALOE (ours) B-ViT-B/16 ✓ 83.67 88.48

+7.83 +7.62

Self-Supervised Pre-training

DINOv3 [67] ViT-B/16 ✗ 84.34 90.25

B-cosif. [5] B-ViT-B/16 ✓ 78.86 73.68

ALOE (ours) B-ViT-B/16 ✓ 83.75 89.50

+4.89 +15.82

Table 2. Zero-shot IN-1k

(SigLIP2 B/16). ALOE sub-

stantially improves over vanilla

B-cosification and closely

matches the teacher.

Method Top-1 Top-10

SigLIP2 69.2 92.1

B-cosif. 55.2 88.0

ALOE 68.1 91.6

4.1. Main results

Linear evaluation of frozen features. We compare ALOE

to (i) the original foundational models, (ii) B-cos (from

scratch) [10], and (iii) B-cosification [5]. All use the same

linear protocol and input resolution (see Sec. B.2).

In Table 1, we report linear probing results on frozen

features on IN-1k and averaged across 10 datasets ([16]).

ALOE improves markedly over B-cos (from scratch) and

B-cosification across ten datasets. For ViT-B/16, average

gains vs. B-cosification are: +13.24 p.p. (from 66.99%
→ 80.23%) for fully supervised; +7.62 p.p. (80.86% →
88.48%) for SigLIP2; and +15.82 p.p. (73.68%→ 89.50%)

for DINOv3. ALOE also closely matches its teachers (e.g.,

SigLIP2 average 88.48% vs. teacher 89.63%; DINOv3

89.50% vs. 90.25%). On IN-1k linear probing, we obtain

state-of-the-art B-cos ViT results: 83.67% for B-ViT-B/16,

85.65% for B-ViT-L/16, and 87.00% for B-ViT-so/16.

Zero-shot classification. ALOE preserves strong zero-

shot transfer and outperforms B-cosification. On ImageNet-

1k (zero-shot@1 setting) with ViT-B/16, ALOE achieves

68.12% vs. B-cosification 55.16%; while competitive with

the teacher SigLIP2 model, that gets 69.26% (See Tab. 2).

Interpretability. We evaluate explanation quality for: (a)

model-inherent B-cos attributions W(x)x from our ALOE-

aligned models, and (b) AttnLRP [1] on conventional mod-

els. Following [10], we report GridPG (higher is better).

Across supervised, SigLIP2, and DINOv3 teachers, ALOE

yields higher localization scores than AttnLRP (see Fig. 1,

right). For e.g., for the SigLIP2 model, ALOE attains 84.2%

vs. teacher (AttnLRP) 50.6%, and is competitive with from-

scratch B-cos and B-cosification.

In Fig. 4, we show qualitative explanation maps, ALOE

(B-cos: W (x)) and teacher (AttnLRP) for a DINOv3 ViT-

B/16 model. The explanations for ALOE (row 2), appear

to align with class-discriminant patterns in the input and re-

semble the class objects. This is a result of alignment pres-

sure during optimisation (cf . [7]). In contrast the AttnLRP

explanations are sparse and noisy (row 3.).
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Figure 4. Explanation quality. Comparison between model in-

herent (B-cos: W(x) [10]) explanations after ALOE vs a popular

strong method for visualizing vision transformers, AttnLRP [1].

In Fig. 5, we show the zero-shot explanations for ALOE

ViT-B/16 models aligned with SigLIP2. We can then use

our model as an explainable visual backbone, by combin-

ing it with the corresponding text encoder. We use prompts

as “A photo of {class name}”(cf . [5]), to compute similar-

ity of text features with the visual features. The explana-

tions are highly localized and class specific, thus we realise

inherently-explainable vision language models.

Figure 5. VLM Zero-Shot Explanations. ALOE aligned B-cos

models (SigLIP2 teacher) yield zero-shot model-inherent expla-

nations for VLMs, where the input prompt to the text encoder is

“A photo of {class name}”(cf . [5]). The explanations are visually

well aligned with class-specific features (see bboxes in row 4).
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A. Related work

Large-scale vision foundation models trained on billion-scale datasets are de facto backbones for transfer learning and

zero-shot tasks. These include self-supervised ViT encoders in the DINO family [11, 51, 67] and contrastive vision–language

encoders such as CLIP [55] and SigLIP/SigLIP2 [70, 74]. Supervised ViTs pre-trained on large datasets (e.g., Ima-

geNet21k/22k [35] or proprietary corpora) also serve as strong backbones for downstream usage [22, 35]. Such encoders

are also used by large vision-language models and generative models together with a pre-trained LLM for multimodal un-

derstanding [19, 40]. In this work, we transform modern vision foundation models into an inherently interpretable B-cos

backbone via a single alignment step, while preserving transfer learning and zero-shot utility.

Inherently interpretable models. To understand deep neural networks (DNNs), post-hoc attribution methods spanning

gradient- [6, 14, 65, 68] activation- [13, 32, 62, 71], and perturbation-based [54] methods have been typically used, with

the resulting explanation maps summarizing input regions contributing to the model’s decision. In contrast, inherently in-

terpretable architectures enforce structural constraints to give human-understandable, model-faithful summaries of the com-

putation. These include, include prototype-based models [15, 21, 47], dynamic-linear models [7, 9], and concept-bottleneck

models [33, 50, 57]. B-cos networks [10] replace linear layers with bias-free B-cos transforms that promote weight–input

alignment, producing faithful, well-localized explanations by design and have gained recent prominence [24, 52]. The cost

of training such models from scratch at foundation scale motivated B-cosification [5], which transforms existing networks

to B-cos variants post hoc. While B-cosification showed gains on supervised CNNs and for CLIP ResNet model, the trans-

formation recipe falls short in performance for ViTs, limiting applicability to foundation models. We therefore propose a

scalable approach to transform ViT-based foundation backbones into inherently interpretable B-cos variants.

Knowledge distillation (KD) transfers behavior from a pre-trained model (‘teacher’ T ) to a smaller model (‘student’ S)

using soft targets or intermediate features, often for compression. Logit-based KD [30] which aligns output distributions

between T and S has been extended with feature-level and attention-based alignment objectives [53, 59, 73], layer-wise

and multi-stage schemes [76], and token-level distillation for ViTs [69]. Recent works [52] also leverage explanation map

similarity objectives which improve faithfulness over logit-only KD, and improve robustness under distribution shifts. To

reduce reliance on annotations, label-free KD techniques use unlabeled or synthetic data [48, 64]. In contrast to compression

as a goal, we use a one-time, label-free feature alignment objective—akin to KD—to convert a frozen vision foundation

model into an inherently interpretable B-cos counterpart. Our universal recipe retains the teacher’s general-purpose features,

provides model faithful explanations, and requires orders of magnitude (∼100–1000×) fewer images than full billion-scale

pre-training.

B. Implementation Details

In this section we provide additional implementation details that complement the main paper (Sec. B.2), including details

about the teacher checkpoints, datasets used for downstream evaluations, and finally the attribution methods along with the

interpretability metrics we use.

B.1. Implementation and training setup

B-cos conversion An illustration of the B-cos conversion described in Sec. 2.2 and Sec. 3.1 is shown in Fig. B1. All layers

are replaced by their bias-free B-cos equivalent, including linear projections, attention mechanism and norm layers.

Datasets. We use unlabeled, web-scale image sets CC3M [63], CC12M [12], YFCC15M [20] for alignment. The input

resolution follows the teacher’s default (typically 224×224). For our main results( Tab. 1), we report numbers on models

trained on YFCC15M.

Teachers and students. Teachers T are strong ViT-based foundation encoders spanning three pre-training paradigms: (i)

Supervised ViT-B/16 [22]; (ii) DINOv3 ViT-B/16 [67]; (iii) SigLIP2 ViT-B/16, ViT-L/16, and ViT-so/16 [70]. B-cos students

S are constructed by the architecture-preserving conversion recipe (Sec. 2.2) and initialized to mirror T in width, depth, and

tokenization, enabling one-to-one alignment (Sec. 3.2).

Teacher checkpoints. For our feature-alignment step (Sec. 3.2) with pre-trained vision foundational models, we align to

frozen teacher encoders of publicly available checkpoints and keep the associated text encoders for vision-language models

unchanged. Table B2 lists the exact model IDs and native image resolutions we use.



Figure B1. Conventional vs. B-cos ViT. We keep self-attention unchanged but replace all linear/MLP layers with bias-free B-cos trans-

forms and use uncentered normalization, while preserving the residual topology. This architecture-preserving change yields a dynamic-

linear B-cos ViT whose decisions admit model-intrinsic, faithful explanations via W(x)x (Sec. 2.2).

Figure B2. Align Once to Explain. High-resolution version of Fig. 3.

Tokens used for alignment Details about the tokes used for alignment are provided in Tab. B1

Table B1. Tokens used for alignment (Sec. 3.2) for each model.

Model Global Feature Layer-wise Features

Supervised [22] Final [CLS] Image tokens, [CLS]

DINOv3 [67] Final [CLS] Image tokens, [CLS],

register tokens

SigLIP2 [70] Attention-pooled

final embedding

Image tokens



Table B2. Teacher encoders used for alignment. We adopt each teacher’s native evaluation resolution and keep their weights frozen

during alignment. Identifiers are provided without URLs to comply with the submission policy for CVPR 2026.

Family Architecture Eval res. Identifier

Fully Supervised Models [28]

Supervised [22] ViT-B/16 224×224 google/vit-base-patch16-224

Vision–Language Models [25–27]

SigLIP2 [70] ViT-B/16 224×224 google/siglip2-base-patch16-224

SigLIP2 [70] ViT-L/16 256×256 google/siglip2-large-patch16-256

SigLIP2 [70] ViT-so/16 256×256 google/siglip2-so400m-patch16-256

Self-Supervised Models [44–46]

DINOv3 [67] ViT-S/16 224×224 facebook/dinov3-vits16-pretrain-lvd1689m

DINOv3 [67] ViT-B/16 224×224 facebook/dinov3-vitb16-pretrain-lvd1689m

DINOv3 [67] ViT-L/16 224×224 facebook/dinov3-vitl16-pretrain-lvd1689m

Input resolutions. Alignment and evaluation follow the teacher’s native resolution (Table B2): 224×224 for Supervised

ViT-B/16 and all DINOv3 models; 224×224 for SigLIP2-B/16; 256×256 for SigLIP2-L/16 and SigLIP2-so/16.

Augmentations. We apply standard ViT augmentations (rand. resized crops, horizontal flips) to prevent overfitting while

preserving T -S feature geometry during alignment.

Optimization. We freeze T and optimize S with AdamW [41] and a cosine learning-rate schedule (mixed precision enabled).

We follow the early stopping criterion to train until the loss on a held out validation set stops decreasing; fix B=2, additive

biases remain zero, and use no explicit weight normalization (cf. Sec. 2.2). Gradient norm clipping of 1.0 and weight decay

of 1×10−2 are used to stabilize large models. We sweep learning rates over {3e−3, 1e−3, 5e−4} and select the model with

the lowest alignment loss on the held-out split (randomly sampled 30k subset of images from the training set). We use a

batch-size of 1024 for all experiments.

Loss arguments. Unless specified: (λg, λl) = (1, 1); cosine-similarity alignment loss; depth supervision at

{⌊L/3⌋, ⌊2L/3⌋, L}. We ablate alignment objectives, feature depths, model sizes and dataset scales in Sec. C.3.

B.2. Evaluation protocols and downstream usage

Train minimally, explain everywhere. Once aligned, the B-cos backbone is used as a drop-in encoder across tasks; explana-

tions are model-inherent (derived from W(x) [10]), requiring no task-specific interpretability tuning.

Evaluation datasets. Linear Probing (LP) and k-NN share the same 10 datasets: IN1K [60], CALTECH101 [39], FLOW-

ERS102 [49], FOOD101 [8], FGVC-AIRCRAFT [43], DTD [18], STANFORD CARS [36], SUN397 [72], CIFAR-10 [37],

CIFAR-100 [37]. Dense linear probing for depth uses NYUV2 [38, 66].

Linear probing (LP). We evaluate aligned representation quality of S by training a linear head on frozen features, reporting

top-1 accuracy on the validation sets of 10 downstream classification datasets (including IN1k) following standard proto-

col [51] (see Sec. 4.1). To speed up evaluation we do not apply augmentations during probing.

k-NN evaluation. To assess feature quality without additional training, we use a weighted k-NN classifier on frozen embed-

dings. We pre-compute features on the training split and use k=20, a robust choice across datasets [11] and report accuracy

(%) on the validation split(s).

Dense linear probing for depth. We train a linear depth head on frozen features, and optimize with an L1 objective on

inverse depth plus a scale-invariant gradient prior, following the Probe3D [23] protocol. Inputs are resized to the teacher’s

native resolution and center-cropped; no test-time augmentation is used. We evaluate on the standard NYUV2 [66] split and

report both relative and absolute metrics: δ1 ↑ (fraction of pixels for which the ratio of prediction to ground truth is < 1.25;

higher is better) and RMSE↓ (lower is better).

Zero-shot evaluation (SigLIP2 [70]). For the contrastive vision–language setting (SigLIP2), we replace only the image

encoder with its ALOE-aligned B-cos counterpart as a drop-in replacement; the SigLIP2 text encoder, prompt templates,

temperature, and normalization follow the originals [55, 70]. We report top-1 for a single class-name prompt (“a photo of a



{class-name}”) and the OpenCLIP 80-prompt template ([17, 31]) on ImageNet [60], as well as standard benchmarks [55, 74].

Attribution methods visualized. For the inherently interpretable B-cos models [10], explanations are model-inherent

W(x)x [7]. For conventional teachers, we visualize AttnLRP [2] (using the original authors’ implementation) and

Input×Gradient [65], Integrated Gradients [68], GradSHAP [42] as well as LIME [58] (from the captum library [34]).

Where applicable, we use authors’ recommended defaults.

Evaluating explanations & Interpretability metrics. We evaluate model attributions with (i) the Grid Pointing Game

(GridPG) [9, 75] for localization and (ii) Pixel Deletion [61] for faithfulness, following standard protocol from prior work.

GridPG. We build N×N grids (we use 2×2) from images of distinct classes that are individually and confidently correctly

classified. For each class i, we measure the fraction of positive attribution mass inside its corresponding grid cell. Let A(p)
be the attribution at pixel p and A+(p) = max(A(p), 0) its positive part; the localization score for cell i is

  L_i \;=\; \frac {\sum _{p \in \text {cell}_i} A^+(p)}{\sum _{j=1}^{N^2} \sum _{p \in \text {cell}_j} A^+(p)}\,, 















and the GridPG score is the average of Li over several grids (grids with zero total positive mass are discarded).

Pixel Deletion. We rank pixels by attribution scores from least to most important and iteratively set the least important

pixels to zero, plotting the target-class probability versus the removed-pixel fraction; smaller drops (flatter curves) indicate

attributions that are more consistent with model decisions.

Note. To comply with the CVPR 2026 submission policy, we omit all external URLs (including model hubs and code).

Identifiers are provided for clarity; full links and artifacts will be added in the final version.

C. Additional Quantitative Results

In this section, we expand the quantitative evaluation along two axes: (1) downstream performance, and (2) interpretabil-

ity/faithfulness. In Sec. C.1, for downstream performance, we report k-NN on frozen features (Tab. C2), scaling trends across

model sizes (Fig. C1), zero-shot transfer for SigLIP2 (Tab. C3), dense linear probing for monocular depth (Tab. C4), and

data-efficiency analyses (Fig. C2). In Sec. C.2, for interpretability and faithfulness, we quantify localization with GridPG

(Tab. C5) and evaluate stability via pixel-deletion tests (Fig. C3). Unless noted otherwise, protocols match the main paper

(see Sec. B.2) and Sec. B.

C.1. Downstream performance

LP on frozen features. Additionally to the average LP accuracy shown in Tab. 1 we provide the performance on all ten

datasets in Tab. C1. Across all datasets ALOE substantially outperforms B-cosification while maintaining most of the original

teacher’s capabilities.

k-NN on frozen features. Across ten datasets, ALOE B-ViTs substantially outperform B-cosification while remaining

competitive with their teachers (Tab. C2). Gains are especially pronounced on fine-grained or texture-heavy benchmarks

(e.g., CARS, AIRCR, DTD, FOOD), indicating that alignment preserves discriminative structure in feature space without

additional fine-tuning.

Model scaling. Performance improves monotonically with increase in model size (number of parameters) from ViT-S/16

to ViT-so/16 (Fig. C1). Both linear-probe (solid) and k-NN (dashed) curves rise with model scale under DINOv3 [67] and

SigLIP2 [70] teachers, and the gap to the teacher narrows for larger models (also see Tab. C5), which suggests that alignment

benefits improve with an increased model capacity.

Zero-shot (SigLIP2 [70]). Replacing the SigLIP2 image encoder with its ALOE B-cos counterpart preserves strong zero-shot

classification performance and markedly outperforms B-cosification for both single-prompt (“A photo of a {class-name}”)

and OpenCLIP 80-prompt settings ([17, 31]), while staying close to teacher performance (Tab. C3).

Dense linear probing (depth estimation). On monocular depth estimation with ViT-B/16, ALOE approaches the teacher

and surpasses B-cosification on both relative and absolute metrics (Tab. C4) by a large margin. This indicates that aligned

B-cos features remain useful for dense prediction, not only global image classification.



Table C1. Linear-probe accuracy on frozen features. ALOE B-cos ViTs substantially outperform B-cosification while remaining

competitive with the original foundation models on ImageNet-1k and on the 10-dataset average. All models use the same protocol and

resolution. Teachers are shown in gray; best per block in bold (for B-cos models). ✓: denotes inherently interpretable models (vs. not ✗).

Feature Arch Inh. Inter. IN1k Cal101 Flowers Food Aircr DTD Cars SUN C10 C100 Avg.

Fully Supervised Pre-Training

Sup. [22] ViT-B/16 ✗ 80.74 100.00 99.35 86.00 39.51 73.83 55.19 73.54 97.07 86.05 79.13

B-cosif. [5] B-ViT-B/16 ✓ 71.76 99.51 78.64 65.12 34.83 59.77 40.28 53.89 91.48 74.61 66.99

ALOE (ours) B-ViT-B/16 ✓ 81.00 99.80 98.95 86.52 42.42 73.54 59.75 75.19 97.62 97.61 80.23

+9.24 +0.29 +20.31 +21.4 +7.59 +13.77 +19.47 +21.30 +6.14 +23.00 +13.24

Vision Language Pre-training

SigLIP2 [70] ViT-B/16 ✗ 84.24 99.93 98.31 94.43 75.48 85.21 95.43 81.67 96.89 84.66 89.63

B-cosif. [5] B-ViT-B/16 ✓ 75.84 99.87 93.88 85.24 44.80 80.08 76.81 76.59 94.83 80.62 80.86

ALOE (ours) B-ViT-B/16 ✓ 83.67 99.90 99.09 92.6 70.05 82.52 94.36 81.33 96.77 84.54 88.48

+7.83 +0.03 +5.21 +7.36 +25.25 +2.44 +17.55 +4.74 +1.94 +3.92 +7.62

Larger Architectures

SigLIP2 [70] ViT-L/16 ✗ 87.15 100.00 99.22 96.41 83.01 86.33 96.33 84.39 97.80 87.57 91.19

SigLIP2 [70] ViT-so/16 ✗ 87.85 100.00 99.74 96.90 82.78 86.13 96.75 84.75 98.55 89.34 91.65

ALOE (ours) B-ViT-L/16 ✓ 85.65 99.90 99.48 95.24 75.42 82.52 95.52 83.29 98.24 89.31 90.46

ALOE (ours) B-ViT-so/16 ✓ 87.00 99.90 99.61 96.31 79.39 84.08 95.84 84.16 98.59 90.66 91.55

Self-Supervised Pre-training

DINOv3 [67] ViT-B/16 ✗ 84.34 100.00 99.74 94.08 80.29 83.71 94.33 78.63 98.17 89.20 90.25

B-cosif. [5] B-ViT-B/16 ✓ 78.86 99.80 82.29 74.33 44.32 71.48 54.70 61.41 92.71 76.87 73.68

ALOE (ours) B-ViT-B/16 ✓ 83.75 99.90 99.74 93.30 77.15 82.03 93.97 77.98 98.08 89.14 89.50

+4.89 +0.10 +17.45 +18.97 +32.83 +10.55 +39.27 +16.57 +5.37 +12.27 +15.82

Table C2. k-NN accuracy on frozen features. For the k-NN (k = 20) evaluation setting, ALOE B-cos ViTs again significantly outperform

B-cosification [5] while remaining competitive with the original foundation models on ImageNet-1k and on the 10-dataset average. All

models use the same protocol and resolution (see Sec. B.2). Teachers are shown in gray; best per block in bold (for B-cos models). ✓:

denotes inherently interpretable models (vs. not ✗).

Feature Arch Inh. Inter. IN1k Cal101 Flowers Food Aircr DTD Cars SUN C10 C100 Avg.

Fully Supervised Pre-Training

Sup. [22] ViT-B/16 ✗ 80.74 93.29 77.21 78.92 22.18 61.94 29.70 68.49 96.41 82.42 69.13

B-cosif. [5] B-ViT-B/16 ✓ 71.18 83.50 36.58 36.09 12.14 37.21 12.23 31.08 82.15 56.92 45.91

ALOE (ours) B-ViT-B/16 ✓ 79.85 93.95 76.17 80.13 22.49 61.13 29.85 68.47 96.61 82.24 69.09

+8.67 +10.45 +39.59 +44.04 +10.35 +23.92 +17.62 +37.39 +14.46 +25.32 +23.18

Vision Language Pre-training

SigLIP2 [70] ViT-B/16 ✗ 80.41 98.44 79.95 93.22 65.23 77.06 92.47 75.91 95.18 79.46 83.73

B-cosif. [5] B-ViT-B/16 ✓ 69.63 95.57 70.18 78.03 27.37 72.54 54.10 69.42 92.41 72.31 70.16

ALOE (ours) B-ViT-B/16 ✓ 79.69 98.14 76.69 90.53 57.68 74.12 90.33 75.48 95.00 78.07 81.57

+10.06 +2.57 +6.51 +12.50 +30.31 +1.58 +36.23 +6.06 +2.59 +5.76 +11.42

Self-Supervised Pre-training

DINOv3 [67] ViT-B/16 ✗ 82.29 95.70 79.69 91.3 58.71 77.68 88.96 72.42 97.35 85.61 82.97

B-cosif. [5] B-ViT-B/16 ✓ 78.69 90.76 52.60 59.22 21.63 62.17 29.73 50.28 90.33 69.14 60.46

ALOE (ours) B-ViT-B/16 ✓ 81.22 95.90 80.99 89.87 54.04 76.07 87.75 72.00 97.46 86.22 82.15

+2.53 +5.14 +28.39 +30.65 +32.41 +13.90 +58.02 +21.72 +7.13 +17.08 +21.70



Data efficiency. Using only un-labeled CC3M [63], ALOE maintains nearly flat ImageNet top-1 linear-probe accuracy when

the alignment data shrinks from 100% to 0.5% (about 15k images) , staying within ∼1 p.p.; see Fig. C2. This corresponds

to using ≈ 0.0009% of a ∼1.6B pretraining corpus (for DINOv3) while delivering comparable downstream performance,

underscoring the strong data efficiency of our proposed one-time feature alignment procedure.
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Figure C1. Performance vs. model scale. Linear-probe (LP, solid) and k-NN (dashed) ImageNet top-1 accuracy for ALOE-aligned B-

cos ViTs under DINOv3 (blue) and SigLIP2 (green) teachers. Accuracy improves with model size from ViT-S/16 (22.8M) to ViT-so/16

(427.9M), and the gap to the teacher narrows at larger scales (also see Tab. C5).

Table C3. Zero-shot ImageNet-1k with SigLIP2 prompts. We replace the SigLIP2 image encoder with the ALOE-aligned B-cos

counterpart and evaluate zero-shot classification with either a single class-name prompt (“A photo of a {class-name}”) or the OpenCLIP

80-prompt template ( [17, 31]). Values are ImageNet top-1 accuracy (%). Teachers are shown in gray; ✓ denotes inherently interpretable

B-cos models (✗ are not). For ViT-B/16, ALOE substantially outperforms B-cosification and remains competitive with the teacher; similar

trends hold for larger models. The ∆ (row 4.) reports ALOE minus B-cosification.

Architecture Inh. Inter. Single prompt OpenCLIP (80 prompts)

Base architecture

SigLIP2 [70] — ViT-B/16 ✗ 69.26 78.06

B-cosif. [5] — B-ViT-B/16 ✓ 55.16 61.01

ALOE (ours) — B-ViT-B/16 ✓ 68.12 76.98

∆ (ALOE vs. B-cosif.) +12.96 +15.97

Larger architectures

SigLIP2 [70] — ViT-L/16 ✗ 72.65 82.27

SigLIP2 [70] — ViT-so/16 ✗ 73.81 82.58

ALOE (ours) — B-ViT-L/16 ✓ 70.55 79.93

ALOE (ours) — B-ViT-so/16 ✓ 72.98 81.40



Table C4. Dense linear probing for monocular depth (ViT-B/16). We report relative and absolute depth metrics; higher is better for δ1
and lower is better for RMSE. The ∆ (row 4.) reports ALOE minus B-cosification.

Method Inh. Inter.
Relative Absolute

δ1 ↑ RMSE↓ δ1 ↑ RMSE↓

DINOv3 [67] ✗ 0.9545 0.2776 0.8229 0.4534

B-cosif. [5] ✓ 0.8311 0.4604 0.6503 0.6804

ALOE (ours) ✓ 0.9341 0.3222 0.7709 0.5071

∆ (ALOE vs. B-cosif.) +0.1030 -0.1382 +0.1206 -0.1733
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≈ 0.00094% of 1.6B pre-training

Data Scaling on CC3M: ALOE

ALOE (ours) DINOv3 (Teacher) B-cosification

Figure C2. Data efficiency of ALOE on CC3M for ViT-B/16. ALOE’s (green) linear-probe ImageNet top-1 accuracy as we vary the

fraction of CC3M used for label-free alignment from 0.5% to 100% for DINOv3 teacher (shown in gray horizontal line). Performance is

essentially flat from 0.5% (≈15k images) →100%, staying within ∼1.0 p.p., while using only ≈0.0009% of a ∼1.6 B-image pre-training

image corpus used by DINOv3; the black arrow in the plot highlights the 0.5% point. For the same point ALOE gains +4.43 p.p. over

vanilla B-cosification [5] (orange).



Model
Linear probe ↑ k-NN ↑ Grid-PG ↑

∆GridPG

Teacher (✗) ALOE (✓) Teacher (✗) ALOE (✓) Teacher (✗) ALOE (✓)

Vision–language teacher: SigLIP2 [70]

ViT-B/16 84.24 83.67 80.41 79.69 50.60 84.16 +33.56

ViT-L/16 87.15 85.65 83.78 82.22 39.47 78.84 +39.37

ViT-so/16 87.85 87.00 84.48 83.70 38.75 78.92 +40.17

Self-supervised teacher: DINOv3 [67]

ViT-S/16 78.63 77.34 76.93 75.38 54.10 73.62 +19.52

ViT-B/16 84.34 83.75 82.29 81.22 62.70 87.01 +24.31

ViT-L/16 86.99 86.91 84.75 84.05 64.97 80.38 +15.41

Table C5. Localization (Grid-PG) vs. recognition. ALOE improves Grid-PG substantially across backbones and teachers while maintain-

ing competitive linear-probe and k-NN accuracy. ∆GridPG is ALOE minus teacher (percentage points). ✓: denotes inherently interpretable

models (vs. not ✗).

C.2. Interpretability and faithfulness

Localization (GridPG). ALOE aligned models yield large improvements in GridPG localization across backbones and

teachers (SigLIP2, DINOv3) while keeping classification performance (Linear Probe, k-NN) competitive (Tab. C5). Relative

to teachers (when using AttnLRP [2]) vs inherently interpretable B-cos explanations [10], we observe substantial GridPG

gains (∆GridPG), thus demonstrating that aligned B-cos models provide more localized, class-specific attributions while not

sacrificing downstream accuracy.

Faithfulness under pixel perturbation. In pixel-deletion tests on ViT-B/16 (Fig. C3), target-class probability for ALOE

(using model-inherent W(x)x) degrades slowest as least important (lowest attribution scores) pixels are removed, outper-

forming AttnLRP, Integrated Gradients, Input×Gradient, and GradSHAP for both DINOv3 and SigLIP2. The flatter decay

indicates more stable, faithful attributions that better reflect the model’s decision computations.

Figure C3. Perturbation stability of explanations on ViT-B/16. Target-class probability vs. percentage of top-attributed pixels re-

moved (higher curves are better). Across both teachers—DINOv3 (left) and SigLIP2 (right)—ALOE (ours) using model-inherent B-

cos attributions W(x)x [10] degrades slowest and stays consistently above popular post-hoc methods (AttnLRP, Integrated Gradients,

Input×Gradient, GradSHAP), indicating more stable and faithful localization.

C.3. Ablations

We ablate components: alignment objectives, multi-layer feature alignment, model scale and dataset size. For all the abla-

tions, we only run the training for 40 epochs.

Alignment objectives. Under identical settings (Tab. C6), cosine and SigLIP are most consistent across models, MSE and



Table C6. Alignment objective ablation. IN1k top-1 (%).

Loss MSE Cosine SigLIP InfoNCE

DINOv3 83.9 84.0 83.7 83.5

SigLIP2 75.5 75.8 76.0 75.7

Google ViT 81.0 81.1 81.1 80.9

InfoNCE showed inconsistencies. Given the ease of application and simplicity we adopt cosine by default.

Table C7. Feature depth ablation. Avg. (LP) acc. for SigLIP2.

Pool +L +{2/3, L} +{1/3, 2/3, L} +All

75.51 77.85 85.24 85.42 84.93

Feature Depth. We ablate loss placement across depth(s): global-only; global+L; global+{⌊2L/3⌋, L};

global+{⌊L/3⌋, ⌊2L/3⌋, L}; and global+all. For SigLIP2 ViT-B/16 (Tab. C7), accuracy improves with increasing depth

until ⌊2L/3⌋; supervising all layers yields no further gain. We thus use 3 evenly spaced depths by default.

Table C8. Model scale ablation. IN1k and average (LP) accuracy.

Model IN1k Avg

B-cos ViT-B/16 83.67 88.48

B-cos ViT-L/16 85.65 90.46

B-cos ViT-so/16 87.00 91.55

Model scale. We align SigLIP2 ViT-B/16, ViT-L/16, and ViT-So400m/16 teachers (and their B-cos students). We see

consistent gains in accuracy with increasing model size(Fig. C8). Larger models close the gap to the teacher foundation

model.

Table C9. Dataset scale ablation. IN1k acc. for SigLIP2.

CC3M CC12M YFCC15M

83.42 83.49 83.50

Dataset size scaling. We vary alignment data from 3M → 15M samples (CC3M, CC12M, YFCC15M). For SigLIP2 ViT-

B/16, ImageNet-1k accuracy increases minimally beyond CC12M (Tab. C9). Since we get highest accuracy on YFCC15M,

we use that for our main experiments.



D. Additional Qualitative Results

In this section, we complement the quantitative results with qualitative evidence across three settings: (i) zero-shot, model-

inherent explanations (Figure D2); (ii) side-by-side comparisons against popular post-hoc attribution methods (Figures D3

to D5); and (iii) dense predictions from a linear depth probe (Figure D6). We also compare PCA between DINOv3 and

ALOE to demonstrate that the alignment process retains the feature geometry of the teacher model.
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Figure D1. PCA Visualization. DINOv3 (row 2.) vs. ALOE (row 3.) last layer features visualized with 3 principal components and

mapped to joint RGB space, preserves global feature geometry that indicates aligned semantics while being inherently interpretable.

PCA Visualization. To visualize alignment quality, we project last-layer features to RGB using the first three principal

components with shared scaling per teacher–student pair. As shown in Fig. D1, ALOE preserves the teacher’s global feature

geometry (e.g., DINOv3 vs. ALOE), indicating aligned semantics while being inherently interpretable.

Zero-shot, model-inherent VLM explanations. In Figure D2, we visualize zero-shot predictions by swapping the SigLIP2

image encoder with its ALOE-aligned B-cos counterpart while keeping the original text encoder and prompts. The resulting

inherent explanations localize the class-relevant regions (e.g., discriminative parts, textures) without any additional tuning.

Notably, maps remain well-aligned and class-specific, consistent with our zero-shot accuracy in Tab. C3.

Comparisons with popular attribution methods. Figures D3 to D5 contrasts ALOE (ours)—which uses model-inherent

B-cos attributions W(x)x—with AttnLRP, Input×Gradient, Integrated Gradients, LIME, and GradSHAP. Across diverse

categories, ALOE produces more object-centric explanations with sharper boundaries and less background noise. The six-

channel encoding preserves color semantics, yielding explanations that align with class-specific parts and textures. These

trends also mirror our quantitative gains in GridPG and pixel-perturbation stability (Tab. C5 and Fig. C3). All examples for

this use DINOv3-based backbones (ViT-B/16) with linear probes trained on ImageNet-1k.

Depth maps (dense linear probing). Figure D6 shows monocular depth outputs from a shallow linear head trained on

frozen features (ViT-B/16). ALOE-aligned features yield depth maps with coherent geometry that visually are very sim-

ilar to the DINOv3 teacher. These visuals complement the relative/absolute depth metrics in Tab. C4, underscoring that

the aligned B-cos backbone provides useful dense representations—not only global classification signals—while retaining

inherent interpretability. The depth maps from the vanilla B-cosification model seem to be more noisy and blurred.
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Figure D2. Zero-shot, model-inherent VLM explanations. Qualitative comparison of ALOE (ours) using \protect \mathbf  {W}(\mathbf {x})\mathbf {x} attributions vs.

AttnLRP, given the fixed text prompt “A photo of a {class-name}”. Our explanations are sharply localized on class-relevant regions,

whereas AttnLRP appears diffuse and noisy.
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Figure D3. Qualitative attribution comparisons. Example 1: Visualizations for ALOE (ours)—using model-inherent B-cos attributions

W(x)x—versus popular post-hoc methods (AttnLRP, Input×Gradient, Integrated Gradients, LIME, GradSHAP). ALOE produces sharper,

better-localized, and color-faithful highlight maps with less background noise, focusing on class-relevant object regions consistently across

examples.
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Figure D4. Qualitative attribution comparisons. Similar to Figures D3, D5
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Figure D5. Qualitative attribution comparisons. Similar to Figures D3, D4.



Original Image DINOv3 ALOE (ours) B-cosification Original Image DINOv3 ALOE (ours) B-cosification

Figure D6. Depth Estimation. Visualization of predicted depth maps for ALOE (ours), DINOv3 and B-cosification on the NYUv2 [66]

depth-estimation dataset using the Probe3D [23] protocol. ALOE-aligned features yield depth maps with coherent geometry that visually

are very similar to the DINOv3 teacher model. The depth maps from the vanilla B-cosification model seem to be more noisy and blurred.
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image transformers & distillation through attention. In International conference on machine learning, pages 10347–10357. PMLR,

2021. 6

[70] Michael Tschannen, Alexey Gritsenko, Xiao Wang, Muhammad Ferjad Naeem, Ibrahim Alabdulmohsin, Nikhil Parthasarathy, Tal-

fan Evans, Lucas Beyer, Ye Xia, Basil Mustafa, et al. Siglip 2: Multilingual vision-language encoders with improved semantic

understanding, localization, and dense features. arXiv preprint arXiv:2502.14786, 2025. 1, 3, 4, 6, 7, 8, 9, 10, 11, 13

[71] Haofan Wang, Zifan Wang, Mengnan Du, Fan Yang, Zijian Zhang, Sirui Ding, Piotr Mardziel, and Xia Hu. Score-CAM: Score-

Weighted Visual Explanations for Convolutional Neural Networks. In CVPRW, pages 111–119, 2020. 6

[72] Jianxiong Xiao, James Hays, Krista A Ehinger, Aude Oliva, and Antonio Torralba. Sun database: Large-scale scene recognition from

abbey to zoo. In 2010 IEEE computer society conference on computer vision and pattern recognition, pages 3485–3492. IEEE, 2010.

8

[73] Sergey Zagoruyko and Nikos Komodakis. Paying more attention to attention: Improving the performance of convolutional neural

networks via attention transfer. arXiv preprint arXiv:1612.03928, 2016. 6

[74] Xiaohua Zhai, Basil Mustafa, Alexander Kolesnikov, and Lucas Beyer. Sigmoid Loss for Language Image Pre-Training. In ICCV,

pages 11975–11986, 2023. 1, 3, 6, 9

[75] Jianming Zhang, Sarah Adel Bargal, Zhe Lin, Jonathan Brandt, Xiaohui Shen, and Stan Sclaroff. Top-Down Neural Attention by

Excitation Backprop. IJCV, 126(10):1084–1102, 2018. 9

[76] Zikai Zhou, Yunhang Shen, Shitong Shao, Linrui Gong, and Shaohui Lin. Rethinking centered kernel alignment in knowledge

distillation. arXiv preprint arXiv:2401.11824, 2024. 6


	Introduction
	Background: B-cos networks
	B-cos networks
	B-cosification recipe

	ALOE: ALign Once to Explain
	Teacher–student setup
	Label-free alignment

	Results
	Main results

	Related work
	Implementation Details
	Implementation and training setup
	Evaluation protocols and downstream usage

	Additional Quantitative Results
	Downstream performance
	Interpretability and faithfulness
	Ablations

	Additional Qualitative Results

