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ABSTRACT

The landscape of self-supervised learning (SSL) is currently dominated by gener-
ative approaches (e.g., MAE) that reconstruct raw low-level data, and predictive
approaches (e.g., I-JEPA) that predict high-level abstract embeddings. While gen-
erative methods provide strong grounding, they are computationally inefficient for
high-redundancy modalities like vision, and their training objective does not priori-
tize learning high-level, conceptual features. Conversely, predictive methods often
suffer from training instability due to their reliance on final-layer self-distillation.
We introduce Bootleg, a method that bridges this divide by tasking the model
with predicting continuous latent representations from multiple hidden layers of a
teacher network. This hierarchical objective forces the model to capture features at
varying levels of abstraction simultaneously. We demonstrate that Bootleg signif-
icantly outperforms comparable baselines on classification of ImageNet-1K and
iNaturalist, and ADE20K segmentation (+10% over I-JEPA). This positions Boot-
leg as an ideal “representation interface” for next-generation multimodal models,
where the optimal training signal lies neither at the pixel level nor the semantic
peak, but in the rich intermediate hierarchy.

1 INTRODUCTION

The masked autoencoder (MAE) (He et al., [2022) and joint-embedding predictive architecture
(I-JEPA) (Assran et al.,[2023) are popular methods for image pretraining that rely on masking for self-
supervised learning (SSL). Though these methods are not SOTA in image pretraining, their training
paradigms are data agnostic, relying on masking instead of domain-specific data augmentations,
enabling them to be adapted to many other modalities such as video (Wang et al., [2023} Bardes et al.|
2024; |Assran et al., 2025)), audio (Huang et al.| 2022} |Fei et al., [2024; Tuncay et al., 2025} |Yuksel
et al., [2025)), multimodal data (Bachmann et al., [2022; |Chen et al., 2025} |Lei et al., 2025)), and other
domains (Dong et al.,|[2024; |Riou et al., 2024; Thimonier et al., [2025; [Hachana & Rasheed, [2025)).

In MAE, the model’s training objective is to predict the pixels of the hidden patches (target = x™*¥);
whereas in [-JEPA, the models target the final embeddings of the hidden patches (target = z71%).
I-JEPA’s target embeddings are computed by processing the full image with a teacher-encoder model,
which follows the (student) encoder by using an exponential moving average (EMA) of its weights.
Conceptually, this choice of farget is the key difference between MAE and [-JEPA.

However, both have their own advantages and disadvantages. MAE builds a representation learning
model out of a generative modelling task, resulting in embeddings which are useful in pixel-space,
but are less capable of representing high-level features. Consequently, MAE pretrained models
require fine-tuning to be useful for downstream tasks. On the other hand, I-JEPA relies on last layer
self-distillation, which is less stable to train because the targets are derived from the network we are
training. This circularity means the targets are less stimulus-driven, which can result in the model
being detached from reality and collapsing during training. In this work, we introduce Bootleg, which
learns superior representations by reconstructing multiple hidden layers in its own teacher-encoder.

Illustrative experiments. As a proof-of-concept, we explore bridging the MAE and I-JEPA methods
by simply sweeping the targets from the input layer (pixels) to the output layer (latents). Fig.[T]shows
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Figure 1: Bridging I-JEPA and MAE with targets across hidden layers. Left: We train ViT-S with I-JEPA, except
for the target which we change to be a hidden layer (z-axis) of the teacher-encoder instead of its final output
(blue curve) or in addition to the final output (red). We plot frozen attentive probe acc. on IN-1k (y-axis). Middle:
Similar, but for ViT-B to verify at larger scale. Right: We train ViT-S using MAE, except we add EMA for
self-distillation and change the target to be a hidden layer of the EMA model instead of the input pixels (blue) or
in addition to the image pixels (green). We compare to a single target with our masking strategy (cyan). In all
cases, self-distillation of a hidden target is able to improve on predicting only the input or the output.

the results of training ViT-S with a basic, i.e., ablated form of Bootleg: I-JEPA where the target is
a layer of intermediate abstraction (a hidden layer within the teacher-encoder). We observe that it
is superior to using the image or final embedding as the target, with the best self-distillation target
being the output of the second layer of the teacher (left, blue line). A similar trend is seen for ViT-B
(middle), where the best single target is the 6th layer. In both cases, the performance falls for deeper
layers before rising again when the target is the output layer (12th layer). Furthermore, using multiple
targets (a hidden layer of the teacher-encoder concatenated with its final layer), even with the same
predictor capacity, yields superior performance to using a single hidden target (left, red line).

When we train with MAE but change the prediction target to a hidden layer, we find that performance
decreases, with training instabilities causing a complete collapse in the model if the target is in the
4th layer or deeper (right, blue line). This issue is alleviated by predicting both the image pixels
and a hidden layer (green line), which prevents the instabilities and model collapse. However, this
is no better at the downstream task than predicting only pixels. When we change the masking
strategy from uniform random to I-JEPA/Bootleg masks (cyan line), this sole change to the MAE is
sufficient to stabilize training with hidden-self-distillation, and we observe a trend that is similar to
the hidden-self-distillation version of I-JEPA (left).

2  METHOD

We now describe our hidden-self-distillation training method, Bootleg, illustrated in Fig. 2]

Objective. Given visible patches, the student-encoder creates embeddings that the predictor uses to
forecast missing representations at masked locations. Our methodology is most similar to I-JEPA,
with the main conceptual difference being the expansion of the targets to multiple hidden layers,
instead of only the final layer.

Masking. We use block-structured masking (four rectangular regions), similar to I-JEPA, with
improvements in implementation but no conceptual changes. The structured masks are essential: we
find that uniform random masking (as in MAE) causes training collapse with self-distillation targets
deeper than Block 2 (Appx.[C.4).

Targets. The full input is processed by an EMA teacher-encoder. For each masked location j and each
target depth [ € L, we collect the corresponding patch embedding Z; ; and independently z-score it:
t;,; := zscore(Z; ;). Targets across depths are concatenated into a single vector of length |L| x D per
masked patch. We choose to use the output of every fourth block as a target for the student-predictor.
Importantly, all targets are collected in a single forward pass through the teacher—no additional
computation is required beyond indexing.

Student-Encoder. The student-encoder starts by embedding all unmasked patches into tokens. Our
encoder has a further five global tokens: one class (CLS) token and four register tokens (Reg) (Darcet;
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Figure 2: Multi-layer self-distillation with Bootleg. The teacher-encoder (blue), student-encoder (green), and
predictor (orange) are ViTs, made of repeated transformer blocks. A schematic of a single transformer block is
overlaid (bottom right). The teacher-encoder is an EMA of the student-encoder, and processes the full image.
The student-encoder sees a subset of the image tokens and must create embeddings of them to facilitate the
predictor. The predictor processes the embeddings to predict representations at multiple layers within the
teacher-encoder.

et al.| [2024); these are concatenated to the sequence after patch tokenization. From the output of the
encoder, zp, patch and CLS tokens are passed to the predictor; register tokens are discarded.

Predictor. We use a single predictor that maps encoder outputs plus mask tokens to the concatenated
multi-layer target. Additionally, we prepend 4 predictor-register tokens—these serve a similar “global
processing” role as the register tokens in the encoder, with their own learnable embeddings.

3  EXPERIMENTS

To verify the utility of the Bootleg training procedures, we perform experiments with self-supervised
training on ImageNet-1k (IN-1k) (Russakovsky et al., 2015). We pretrain all ViT models on 224x224
images with a patch size of 16x16. Full implementation details and hyperparameters are described
in Appx.[A] Evaluations are performed with frozen probes on IN-1k and iNaturalist-2021 (iNat21)
classification (Van Horn et al., 2018)), and frozen probes on ADE20K segmentation (Zhou et al.,
2017). See Appx. [B|for methodological details.

Results. Our results, shown in Table |1} demonstrate the effectiveness of Bootleg for image clas-
sification. Across all model sizes, ViTs pretrained with Bootleg outperform the within-category
competitors. This demonstrates the effectiveness of the pretraining methodology at learning to
represent high-level image features. The largest margins (>>10%) were seen at the smallest model
sizes. With full fine-tuning (Appx. Table[d) the models are better able to align their final embeddings
with the classification task so there is less variation in performance among models, but Bootleg still
performs best. The margin is larger if fine-tuning is done on a 1% subset of the data.

Bootleg performed best on all but one of the ADE20K segmentation probes. The frozen probes show
Bootleg is much better able to perform pixel-level segmentation than its self-distillation competitor,
I-JEPA, demonstrating that distillation of features along the visual pathway facilitates the model’s
ability to perform at a range of levels of granularity.

4 INTUITIONS, DISCUSSION, AND FUTURE WORK

Multi-scale grounding. By targeting early layers (which are stimulus-driven and spatially detailed)
alongside deep layers (which are abstract and semantic), the model receives grounded training signal
that prevents the degenerate feedback loops inherent in final-layer-only self-distillation. This is
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Table 1: Results for masked SSL pretraining on IN-1k. We show the top-1 accuracy (%) for image classification
on IN-1k and iNat21 using a probe on the frozen encoder (Patch, CLS, X-Blk). We also show mean-IoU (%)
for semantic segmentation on ADE20K using a frozen encoder (kNN, Lin, Blk). We highlight the best and
second best SSL method for each architecture size.

IN-1k acc. iNat21 acc. ADE20K mloU
Arch Method Ep. Patch CLS X-Blk Patch CLS X-Blk kNN Lin Blk
ViT-S/16 MAE 800 47.0 498 66.4 223 262 57.5 102 14.1 28.7
CrossMAE 800 518 509 68.8 257  26.7 59.8 10.5 152 31.2
data2vec 2.0 200 399 418 62.2 20.0 204 51.3 9.5 9.6 254
I-JEPA 600 524 61.9 26.8 48.4 82 11.8 21.1
Bootleg (ours) 600 698 704 75.3 42.6 47.8 67.4 235 26.6 339
ViT-B/16 MAE 1600 66.1 67.2 76.0 374 433 70.7 17.6 247 358
CrossMAE 800 655 64.8 75.6 38.3  41.7 70.2 149 241 36.9
data2vec 2.0 200 622 610 73.7 29.7 313 61.3 17.6 225 347
I-JEPA 600 67.0 72.4 414 63.0 13.1 193 28.8
Bootleg (ours) 600 755 76.7 79.2 509 583 74.2 251 309 388
ViT-L/16 MAE 1600 73.0 75.5 79.5 439 51.8 76.3 20.0 28.8 409
CrossMAE 800 715 718 78.7 432  50.1 75.1 182 28.8 39.8
data2vec 2.0 200 705 727 80.0 386 415 72.7 234 30.0 43.0
I-JEPA 600 684 72.3 41.1 61.3 156 21.8 28.6

Bootleg (ours) 600 775 791  80.6 532 612 771 272 347 412

analogous to predictive coding models of the brain (Rao & Ballard, |1999; |Keller & Mrsic-Flogel,
2018)), where neurons predict representations at all levels of the hierarchy.

Information bottleneck. With |L| target layers, the predictor must reconstruct |L| x |M| x D
elements from a bottleneck of |N| X Dpreq (With |[N| < | M), increasing the compression ratio and
forcing the encoder to build richer, more structured representations (Tishby et al., [1999).

A modality-agnostic improvement. The core contribution of Bootleg—predicting multiple hidden-
layer targets instead of the final layer only—is a change to the training objective, not the architecture
or augmentation pipeline. This makes it directly applicable to any JEPA-family model. V-JEPA 2
(Assran et al.,2025) and audio JEPA models (Fei et al.| 2024} Tuncay et al.,|2025) all predict only
final-layer features; multi-scale targets would provide fine-grained spatiotemporal or spectral detail
(from early layers) alongside semantic content (from deep layers). Audio JEPA models currently lag
behind reconstructive methods on fine-grained speech tasks; multi-layer targets could bridge this
gap by including spectrally detailed early-layer representations. Furthermore, video data naturally
decomposes into features with varying rates of change: high-frequency motion details and low-
frequency semantic events. By forcing prediction across the depth of the network, Bootleg may
naturally align with this temporal hierarchy: early-layer targets can capture rapid motion dynamics
(high temporal frequency), whilst deep-layer targets capture slowly evolving semantic narratives
(Menne et al.| 2021} Beleza et al.| 2023), potentially resolving the trade-off between motion-sensitivity
and semantic-abstraction in video foundation models (Sun et al., [2025]).

Related works. Data2vec (Baevski et al., [2022;2023) showed multi-layer teacher targets improve
over final-layer-only across speech, vision, and language, but uses averaging over the final layers for
the target rather than prediction of multiple, distinct, embeddings. We find predicting individual layers
spread across the whole visual hierarchy is superior to averaging the final layers (see Appx.[C.1.1).
MC-JEPA (Bardes et al.| [2023) similarly showed that predicting diverse feature types in a shared
encoder is beneficial. Our approach preserves the full hierarchy via independent per-layer prediction.

Limitations. Our current experiments are limited to static images. Extending to video (spatiotemporal
masking), audio (spectrogram masking), and multimodal settings is a natural next step and the subject
of ongoing work. The masking strategy remains critical: block-structured masks are necessary to
prevent training collapse with self-distillation, and optimal masking may differ across domains.
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APPENDICES

A PRETRAINING HYPERPARAMETERS

We selected the hyperparameters for pretraining Bootleg primarily by referring to those used in MAE
(He et al.,|2022)) and I-JEPA (Assran et al.,|2023)). The hyperparameters used for Bootleg are shown
in Table 2] with MAE and I-JEPA listed for comparison.

In our preliminary experiments (c.f. Fig.[T)), we found training using the MAE hyperparameter config-
uration with the I-JEPA masking strategy and a hidden target for self-distillation outperformed similar
experiments using the I-JEPA hyperparameter configuration. We thus initialized our hyperparameter
configuration with that of MAE. Through a series of preliminary experiments conducted with ViT-S,
we considered changing hyperparameters to that of I-JEPA or V-JEPA (Bardes et al.| [2024). We
additionally considered adding register tokens (Darcet et al., [2024) since this had been shown to
be highly beneficial for networks pretrained with DINO (Darcet et al., [2024). We found adding
(separate) registers to each of the encoder and predictor networks was beneficial.

We then conducted a series of line searches with ViT-S, 300 ep., on the predictor size, learning
rate schedule, weight decay, and number of warm-up steps. To assess the scaling of the predictor
size relative to the encoder size, we conducted a small number of experiments with ViT-B and -L
encoders, varying both the width and depth of the encoder. To assess the learning rate, which may
vary depending on model size, we conducted limited experiments on ViT-B and -L using the schedule
established with ViT-S. Our final hyperparameters are shown in Table[2] We found that a larger
crop size, longer LR warmup duration, and higher maximum and minimum LR values improved
performance of the resulting model. We scale the warmup duration based on the total number of
epochs, E, as Ey, =33+ 0.12 E.

We changed the model seed used between each round of our hparam search to avoid overfitting to a
specific model. The final evaluations shown in the results tables were performed on models trained
from scratch using a fresh seed which had not been included in the hyperparameter search.

Some hyperparameters vary between model sizes. The resulting values are shown in Table 3} We use
a ViT predictor of depth 10 with width equal to half that of the encoder, with heads equal to same as
the encoder with a minimum of 16 heads. We found ViT-S needed a higher initial and final LR (/30
of the maximum) than ViT-B and -L (/100 of the maximum LR).

Our results include ViT-S models, which is outside the original training recipes of MAE and I-JEPA,
hence we additionally share the configs we used for these in Table 3] For MAE, we follow the ViT-S
recipe of (Fu et al.| [2025). For I-JEPA, we halve the width of the predictor to maintain the same
capacity relative to the encoder as used for ViT-B, and let the number of heads equal that of the
encoder following the rule from I-JEPA (Assran et al.| 2023)).

B EVALUATION DETAILS

B.1 IMAGENET-1K CLASSIFICATION

After SSL pretraining of the ViT model with Bootleg on IN-1k (Russakovsky et al., 2015), we
evaluate the model’s performance at supervised IN-1k and iNat21 classification.

B.1.1 FROZEN PROBES FOR CLASSIFICATION

Method We investigate the alignment of the unmodified embeddings from the pretrained encoder
with the image classification task. This is done with a probe of the frozen encoder, which we conduct
in three ways. Firstly, we consider the long-standing linear probe of the average patch embeddings
(column “Patch” in tables). We discard the CLS token and register tokens, take the average of the
patch embeddings, apply batch norm, and a single learnable linear layer to predict the IN-1k classes.
Secondly, we consider the performance of a linear probe of the CLS token embedding (column
“CLS” in tables). We discard the patch tokens and register tokens, apply batch norm, and train a
single learnable linear layer on the CLS token embedding. Thirdly, we consider the performance
of a non-linear attentive probe (column “X-BIk” in tables). This was performed following the
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Table 2: Hyperparameter configuration comparison between Bootleg, I-JEPA, MAE for ViT-B/16. Learning rate
(LR) values are tabulated for a batch size of 2048 samples, and linearly scaled to the batch size used for training.
Mask seen rate and target rate are empirically estimated (mean =+ stdev) for I-/JEPA and Bootleg with a batch
size per GPU of 256.

Hyperparameter MAE I-JEPA Bootleg (ours)
Enc.  Architecture ViT-B/16 ViT-B/16 ViT-B/16
Depth 12 12 12
Width 768 768 768
Attention heads 12 12 12
Patch size 16 16 16
CLS tokens 1 0 1
Register tokens 0 0 4
Pred.  Depth 8 6 10
Width 512 384 384
Attention heads 16 12 16
Register tokens 0 0 4
Data  Crop size RandCrop(0.2, 1.0) RandCrop(0.3, 1.0) RandCrop(0.35, 1.0)
Horizontal flip v X v
Interpolation Bicubic Bilinear Bicubic
Input size 224x224 224x224 224x224
Mask  Strategy Uniform random 4 rectangular blocks 4 rectangular blocks
Mask seen rate 0.25 0.243 £ 0.037 0.292 + 0.069
Mask target rate 0.75 0.445 £+ 0.070 0.475 £ 0.076
Train  Target(s) Image pixels Final (block 12) output Block 1, 4, 8, 12 outputs
Target standardization ~ Z-score Z-score Z-score
Target length 768 768 3072
Loss Mean squared error Smooth L1 Mean squared error
Optimizer AdamW(8=(0.9,0.95)) AdamW(8=(0.9,0.999)) AdamW(8=(0.9,0.95))
EMA initial 0.996 0.9985
EMA final 1.0 0.9985
LR schedule Cosine annealing Cosine annealing Cosine annealing
LR schedule warmup 40 epochs 40 epochs 105 epochs
LR initial 0.0 0.0002 0.00003
LR maximum 0.0012 0.001 0.003
LR final 0.0 0.000001 0.00003
WD initial 0.05 0.04 0.05
WD final 0.05 0.40 0.05
Schedule stretch 1.0 1.0 1.0
Batch size 4096 2048 2048
Num epochs 1600 600 600

implementation in V-JEPA (Bardes et al.,2024;|Assran et al.,[2025): we keep the patch, CLS, and any
register embeddings produced by the model; these are passed to a cross-attention block with a single
learnable query vector, and an MLP sub-block, followed by a linear head. We use the same width and
number of attention heads as in the pretrained ViT. All probes were trained with cross-entropy for 20
epochs, batch size 1024, and a simultaneous hyperparameter sweep of 25 learning rate and weight
decay configurations. For the linear probes, we use a random crop over scales [0.3, 1.0] (random
aspect ratio), and basic augmentations (horizontal flip, colour jitter) only. As in previous work (He
et al.l |2022), we discard the final norm from the encoder when taking the embeddings from the
pretrained model.

B.1.2 FINE-TUNING FOR CLASSIFICATION

We fine-tuned the pretrained models on IN-1k using either the full labels, or a 1% subset of the labels
as described below.

Method. Our methodology for full-fine tuning on IN-1k follows that recommended in the MAE
GitHub repository and used by CrossMAE (Fu et al., 2025)).

We performed low-shot fine-tuning on 1% of IN-1k using the subset proposed by SimCLR (Chen et al.}
2020) and the methodology from I-JEPA (Assran et al., 2023)). We adapted the methodology to sweep
over five maximum learning rates, 7ma € [5x107°%,1.5x1075, 5x107°,1.5x10~%,5x10~4], and
report the best performance over these learning rates.

10
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Table 3: Hyperparameter changes across encoder sizes ViT-S, -B, -L for MAE, I-JEPA, and Bootleg models.
Learning rate (LR) values are tabulated for a batch size of 2048 samples, and linearly scaled to the batch size
used for training.

MAE I-JEPA Bootleg (ours)
Hyperparameter ViT-S  ViT-B  ViT-L  ViT-S ViT-B  ViT-L  ViT-S ViT-B ViT-L
Enc.  Depth 12 12 24 12 12 24 12 12 24
Width 384 768 1024 384 768 1024 384 768 1024
Attention heads 6 12 16 6 12 16 6 12 16
Patch size 16 16 16 16 16 16 16 16 16
CLS tokens 1 1 1 0 0 0 1 1 1
Register tokens 0 0 0 0 0 0 4 4 4
Pred. Depth 8 8 8 6 6 12 10 10 10
Width 256 512 512 192 384 384 192 384 512
Attention heads 8 16 16 6 12 16 16 16 16
Register tokens 0 0 0 0 0 0 4 4 4
Train  Target(s) Input Input Input Final Final Final b1,4,8,12 bl1,4,.8,12 bl1,4,8,12,16,20,24
Target length 384 768 1024 384 768 1024 1536 3072 7168
LR initial 0.0 0.0 0.0 2e-4 2e-4 2e-4 le-4 3e-5 3e-5
LR maximum 1.2e-3  1.2e-3  1.2e-3 le-3 le-3 le-3 3e-3 3e-3 3e-3
LR final 0.0 0.0 0.0 le-6 le-6 le-6 le-4 3e-5 3e-5

We additionally evaluated the models at low-rank (parameter efficient) fine-tuning. For this we use
the LoORA methodology (Hu et al., 2022) with rank = 8 and o = 16. We fine-tune the attention QKV
weights, attention projector, and MLP weights from every block on the 1% low-shot subset of IN-1k.
Learning rates were swept over 7yax € [1.5x107%,5x1075,1.5x1074,5x107%,1.5x1073], and
we report the best performance over these learning rates.

All fine-tuned models were evaluated on IN-1k validation set, with an 87.5% centre crop (resize to
256x256, then crop to 224x224).

Results. As shown in Table d] Bootleg achieves the best or near-best fine-tuning performance across
all settings. On IN-1k 100% fine-tuning, Bootleg outperforms all baselines at every model size, with
particularly large margins at ViT-S (+0.9 over the next best) and ViT-L (+0.7). The advantage is
most pronounced in the low-data regime: on 1% fine-tuning, Bootleg surpasses the next-best method
by +8.6 (ViT-B) and +12.5 (ViT-S) points, demonstrating that hidden-self-distillation produces
representations that are especially effective when labelled data is scarce. LoRA fine-tuning follows a
similar pattern, with Bootleg matching or exceeding full fine-tuning of I-JEPA despite updating far
fewer parameters.

Data2vec 2.0 full fine-tuning was sometimes unstable at the learning rates used for these experiments
(collapsed model attaining 0.1% acc.) and would benefit from a reduced learning rate. As described
above, we used the methodology and learning rate given by existing literature (Fu et al.| [2025).
Unfortunately, we could not sweep the learning rate due to the computational demands of full-fine
tuning.

B.2 ADE20K SEGMENTATION

To check the performance of ViTs pretrained with Bootleg on a standard dense-prediction task, we
run experiments on the ADE20K semantic segmentation benchmark (Zhou et al., 2017).

B.2.1 FROZEN PROBES FOR SEGMENTATION

Method—kNN We probe using the kNN methodology from CAPI (Darcet et al.| [2025). For this
probe, images from the training partition are encoded without augmentations. The embeddings
and pixel-wise segmentation labels for each patch token form the kNN training set. Inference is
performed by finding the k& nearest neighbours for each patch in the image, and then for each pixel in
the patch predicting the most common label across that pixel location in the k£ neighbours. We sweep
4 neighbourhood sizes k € [1, 3, 10, 30], using both cosine and L2 distance metrics.

Method—Lin and Blk We probe using a Segmenter (Strudel et al.|,2021)) head trained atop a frozen
backbone. We consider two heads, trained separately. “Lin”, a linear projector from the patch
embeddings to the Segmenter; or “BIk”, with one randomly initialized transformer block before the

11
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Table 4: Fine-tuning results on IN-1k classification (top-1 accuracy, %) and ADE20K semantic segmentation
(mloU, %). IN-1k results include full fine-tuning on 100% and 1% of training data, and LoRA fine-tuning on
1%. Ep: number of pretraining epochs.

IN-1k acc. ADE20K mloU
Full-FT LoRA Full-FT
Arch Method Ep. 100% 1% 1% 100%
ViT-S/16 MAE 800 78.2  37.1 33.9 39.2
CrossMAE 800 79.8 404 37.5 42.2
data2vec 2.0 200 799 393 36.8 40.5
I-JEPA 600 799 486 473 36.1
Bootleg (ours) 600 80.8 61.1 60.4 44.3
ViT-B/16 MAE 1600 82.7 559 53.5 44.0
CrossMAE 800 829 523 49.6 45.0
data2vec 2.0 200 83.3 589 58.1 0.1
I-JEPA 600 82.7 619 622 29.8
Bootleg (ours) 600 839 70.5 69.9 46.6
ViT-L/16 MAE 1600 84.7 67.7 67.5 50.7
CrossMAE 800 843 62.7 61.7 49.6
data2vec 2.0 200 0.1 732 741 51.8
I-JEPA 600 82.0 63.8 63.8 31.9
Bootleg (ours) 600 854 734 73.2 48.3

projector. Our training strategy is based on the BEIT evaluation methodology (Bao et al.l 2022)): we
train for 128 epochs with a batch size of 64, and augment the data with random resized cropping,
horizontal flips, cut-out, and colour jitter. For the linear projector, we halve the magnitude of the
colour jitter.

We sweep 4 learning rates for each head type, and report the best performance. For Lin
probes, we use Nmax € [2.5x107% 7.5x107%,2.5x1072,7.5x1073]; for Blk we use Mmax €
[2.5x1075,7.5x1075,2.5x1074, 7.5x10~4]. We empirically found these LR ranges were in the
optimal range for the models considered.

All frozen evaluation was performed using images at 224x224 resolution. As the pretrained model
uses sinusoidal position embeddings at 224x224 resolution (14x14 patches), it lacks the flexibility to
correctly process other image sizes without retraining.

Results. As shown in Table[I] Bootleg performs competitively at semantic segmentation. The frozen
probes show Bootleg has much better able to perform pixel-level segmentation than its self-distillation
competitor, I-JEPA, demonstrating that distillation of features along the visual pathway facilitates the
model’s ability to perform at a range of levels of granularity.

B.2.2 FINE-TUNING FOR SEGMENTATION

Method. For ADE20K fine-tuning, we add a single-block MaskTransformer decoder (Strudel et al.|
2021)) to the encoder. Both the encoder and decoder are fine-tuned end-to-end for 128 epochs with a
batch size of 32, using the AdamW optimizer. The hyperparameters used, including learning rate,
were selected on a prototyping model and not tuned for our final model(s) on which we report the
final results.

Fine-tuning evaluation was performed using images at 512x512 resolution. We interpolate the
position embeddings to accommodate the processing of 512x512 px images, a change which the
model is quickly able to adapt to during fine-tuning.

For evaluation, images are simply resized to 512x512, with no other transformations applied.

Results. As shown in Table[d] we find on ADE20K fine-tuning, Bootleg leads at ViT-S and ViT-B; at
ViT-L, data2vec 2.0 and MAE are stronger.

12
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C ABLATIONS

We ablate key elements of our method, compare extensions of other methods, closely study the
differences with I-JEPA.

C.1 CHOICE OF TARGET LAYERS

The core mechanism of Bootleg is the self-distillation of hidden layers—which poses the question of
which hidden layers to distill. In preliminary experiments, we explored the performance of ViT-S,
-B, -L with different numbers of hidden targets for self-distillation during pretraining. In addition to
predicting the output of various hidden blocks, z;, we explored the performance when predicting the
mid-block representations, zJ"9, and the residual terms r{*"" and rM-F. For ViT-S, we find two peaks
in performance: one when using 3—4 equispaced block outputs as targets, and another when targeting
multiple layers within every block. However, targeting the residual layers was only sometimes
beneficial, and only seen for ViT-S. Overall, we found targeting the output of every fourth block
in the teacher is a rule-of-thumb which gives consistently strong performance, and often the best
performance of the configurations tried.

C.1.1 SPACING OUT TARGETS

We considered whether to choose targets which are grouped together in a contiguous group of early
blocks (the outputs of the first third of the transformer blocks), mid blocks (the second third), or late
blocks (the final third). As shown in Table[5} using equispaced targets from across a broader range of
depths within the transformer, corresponding to a range of levels of abstraction in representation, is
superior to using either early, mid, or late blocks exclusively.

Table 5: Target construction strategy. We compare four spaced-out targets (ours) to consecutive targets from
the early, middle, or final layers of the network. We also consider two options of how to merge targets: either
standardize and concatenate (ours) or standardize, average, and re-standardize (data2vec-style). Spaced-out,
concatenated, targets yield the best training targets. Experiments trained for 300 ep. on IN-1k and evaluated
with frozen probe.

IN-1k acc. ADE20K mloU
Targets Merge op. Patch CLS X-Blk kNN Lin Blk
Pixel targets (MAE-style) 529 510 66.7 13.6 177 275
Blocks 14 (early only) Concat 58.0 57.1 69.5 16.5 21.0 30.1
Blocks 5-8 (mid only) Concat 616 61.7 72.2 18.6 23.0 33.0
Blocks 3-12 (last 10) Concat 64.6 660 734 209 245 334
Blocks 9-12 (late only) Concat 60.2  60.8 69.7 16.0 19.7 293
Blocks {1, 4, 8,12} (spaced) Concat 67.8 689 744 221 266 342

Blocks 3-12 (last 10; d2v-style)  Average 441 379 59.9 8.8 12.8 242
Blocks {1,4, 8,12} (spaced) Average 572 546 698 156 19.8 30.5

C.1.2 CONCATENATED VERSUS AVERAGED HIDDEN EMBEDDINGS

We compared the effect of our multi-target method to that of data2vec 2.0 (Baevski et al.l 2023)) as
follows. We ablated the Bootleg ViT-S training recipe by changing our target concatenation step to
instead apply instance norm to the embeddings an then take the average, as per data2vec 2.0. We
considered either keeping the same set of targets as in Bootleg, or changing them to the set of hidden
layers averaged in data2vec 2.0. As shown in Table [5| we found our training target construction
method was superior to that of data2vec 2.0.

C.2 BOOTLEG EDITIONS OF OTHER MASKED IMAGE MODELLING METHODS

We explore the effect of adding our main conceptual contribution—self-distillation of hidden layers—
to other masked image modelling methods with minimal other changes (Table[6). We train a ViT-S
for 300 epochs on IN-1k using either the MAE, CrossMAE, or I-JEPA framework, then evaluate with
frozen probes on IN-1k, as described in Appx. [B.1.1}
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Adding EMA. To facilitate self-distillation, we need to add an EMA teacher to MAE and CrossMAE,;
we first evaluate the performance of the EMA encoder without using it for distillation. Its performance
is negligibly different from that of the encoder without EMA.

Masking. As we show in Sec. 1} the masking strategy of MAE is a limiting factor for the adoption
of self-distillation of targets deeper than Block 2. We thus change its masking strategy to our
implementation of I-JEPA masking, which improved performance. For MAE, we also apply the
predictor once per mask region, allowing self-attention interactions within the tokens of each region.
For CrossMAE, the use of cross- instead of self-attention means there is no interaction between the
mask tokens, and so this is not a consideration; we use the concatenation of the mask tokens from all
four regions for efficiency[l}

Hidden-self-distillation. With these changes in place, we next change the target from the image
pixels (MAE and CrossMAE) and final layer (I-JEPA) to our hidden distillation targets. This greatly
increases the performances for MAE and CrossMAE (+10% Patch and CLS probes, +6% to X-Blk
probes) and I-JEPA (+6%). These findings indicate masked image modelling can in general benefit
from using our hidden-self-distillation, provided the masking strategy supports it.

Table 6: Effect of combining key Bootleg components with existing pretraining methods. Experiments conducted
with ViT-S, 300 ep., and evaluated with frozen probe on IN-1k (top-1 acc, %). Modifications (and deltas) are
cumulative. See Appx.[C.2]for details.

IN-1k acc. ADE20K mloU
Base Modification Patch CLS X-Blk kNN Lin
MAE Unmodified 44.7 47.0 65.1 9.3 13.1
+EMA 448 4101 469 —o01  65.1 00 9.1 0.2 13.1 —0.0

+our masking 512 465  50.7 438 66.0 4009 122 431 16.6 +35
+change targets 624 1112 629 +122 721 6.1 195 473 241 474

CrossMAE  Unmodified 45.7 444 65.2 8.5 12.7
+EMA 457 400 443 —o01 653 +o.1 8.6 +0.1  12.7 +0.0
+our masking 515 457 525 +82 66.6+1.3 103 +1.7 158 +3.1
+change targets 60.8 +9.4 61.6 +91  T71.8 +53 14.6 +44 214 455

I-JEPA Unmodified 534 62.3 10.0 13.5
+change targets  59.5 +6.1 69.3 +7.0 15.1 452 19.3 5.7

C.3 INTERPOLATING BETWEEN I-JEPA AND BOOTLEG

We carefully identify and evaluate the differences between Bootleg and the closest existing masked
image modelling method: I-JEPA. As shown in Table[7] we find changing the targets to be the outputs
of multiple blocks is the largest single improvement made to the I-JEPA training configuration,
followed by improving the implementation of the masking strategy and the addition of a CLS token.
However, our final Bootleg training recipe is more heavily impacted by ablating features such as the
larger predictor (which facilitates processing additional targets) than ablating the number of targets.

C.4 CHANGING MASKING STRATEGY

We experimented with ablating our masking strategy entirely, using methods from recent papers. The
results are shown in Table[8]

When training with uniform random masks as per MAE, training became unstable after 160 epochs
and the model collapsed. Using “green” structured noise from ColorMAE (Hinojosa et al.l 2025)) or
inverse-blocks as per data2vec (Baevski et al., 2023)), training was unstable and performance suffered
as a result, but not as badly as when using random noise. In contrast to this, cyclic block masking,
used by CAPI and Franca (Darcet et al.| [2025; |Venkataramanan et al.}[2025)), yielded stable training
and even out-performed the I-JEPA implementation of multi-block masking.

"Note that the overlap of mask regions means there are redundant mask tokens for the same patch location
for the CrossMAE predictor; these serve only to increase the loss weighting on resampled mask locations, and
for consistency we did not deduplicate these.
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Table 7: Ablation of the differences between I-JEPA and Bootleg. Each row isolates a single change to the
training configuration. We show the performance of a model trained with a config equal to I-JEPA plus one
change from Bootleg (“Only with”), and with a config equivalent to changing everything from the I-JEPA to
Bootleg config except for one component (“Only without™). Next to each of these is the change in probe accuracy
observed when adding that first component to I-JEPA’s config, and when adding it as the final component to
reach Bootleg’s complete config. Changes between rows are not cumulatively stacked on top of each other.
Experiments performed with ViT-S, 300 ep. See Tables |2|and|3|for the hyperparameter values compared.

IN-1k acc., X-Blk ADE mloU, Lin

Ablation Only with  Only without ~ Only with ~ Only without Avg A
I-JEPA (= with none) 62.3 13.5

Data transforms: +hflip, Tmin crop size 63.2 +0.8 742 +0.2 133 —0.2 258 +0.8 +0.4
Add CLS token 659 +3.5 741 +0.3 17.4 +3.9 25.6 +1.0 +2.2
Add 4/4 reg tokens to encoder/predictor ~ 64.7 +2.4 739 +0.5 155 +1.9 256 +1.0 +1.4
Predictor size: 1 depth, 1 heads 64.1 +1.8 725 +1.9 139 40.3  23.6 +3.0 +1.8
Masking: implementation improvements  68.2 +5.9  72.6 +1.8 18.0 +4.5 245 +2.2 +3.6
Targets: T = {12} — {1,4,8,12} 69.3 +7.0 739 +0.4 193 +5.7 252 +1.4 +3.6
Loss: Smooth L1 — L2 65.1 +2.7 745 —0.1 149 +1.3 255 +1.1 +1.3
Hyperparams: 1 LR, T WU, | WD 63.7 +1.3  73.1 +1.2 13.0 —0.5 24.1 +2.5 +1.2
Bootleg (= with all) 74.4 26.6

The key difference between these masking strategies is the size of the contiguous blocks which
are masked out—Ilarger mask sizes yielded better performance. We hypothesize this is because
neighbouring patch tokens have highly correlated activations, especially deeper in the visual hierarchy.
Hence it is important that the majority of target patches are not adjacent to a seen patch, otherwise
the model learns to use the short-cut.

Table 8: Changing masking strategy. Experiments trained for 300 ep. on IN-1k whilst using different masking
strategies. Evaluated with frozen probe on IN-1k and ADE20K.

IN-1k acc. ADE20K mloU
Masking strategy Seen (%) Target (%) Patch CLS X-Blk kNN Lin Blk
Random (MAE-style) 25.0 75.0 2.6 2.5 10.9 23 14 43
Green noise (ColorMAE-style)  25.0 75.0 36.0 320 58.3 7.6 105 235
Inverse block (data2vec-style) ~ 20.0 80.0 478 433  67.1 88 15.1 279

Cyclic block (CAPI/Franca) 25.0(20-30) 75.0(70-80) 67.0 658 737 208 25.1 322
Cyclic block (CAPI/Franca) 30.0 (25-35)  70.0 (65-75) 68.0 674 740 214 258 324
Multi-block (I-JEPA) 243( 9-37) 445(24-64) 653 665 726 206 245 317
Multi-block (ours) 292 (13-43) 47.5(26-71) 618 689 744 221 266 342

C.5 MASKING HYPERPARAMETER SENSITIVITY

We ablate the masking hyperparameters of Bootleg: the size of each mask region (Table [9), the
number of mask regions (Table[I0), and the aspect ratio range of mask regions (Table [TT).

For each ablation, we report the average fraction of patch tokens which were seen by the encoder,
and the fraction of patch tokens used as a target by at least one mask. We also show the fraction of
targets which were adjacent to a seen token.

C.5.1 MASK SIZE

Table[9]shows the effect of scaling mask region size while keeping /' =4 regions fixed. The default
mask scale (100%) yields the best results across all metrics. The performance falls off similarly as
the mask size is increased or decreased. Smaller masks (80%) leave too much context visible (40.3%
seen), reducing the difficulty of the prediction task, while larger masks (110-120%) occlude too
much of the image, limiting the encoder’s access to informative context. Performance holds out well
across the range of mask sizes explored, despite the mean seen rate ranging from 22% to 40%.
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Table 9: Effect of mask region size. The mask scale is varied as a percentage relative to the default (highlighted),
keeping the number of mask regions fixed at K=4. ViT-S, 300 ep. on IN-1k.

IN-1k acc. ADE20K mloU
K Mask scale Seen (%) Target (%) Adj. (%) Patch CLS X-Blk kNN
4 80% — [0.128, 0.146] 40.3+7.7 40.6+6.4 27.8+10.2 653 649 73.2 19.7
4 90% — [0.144, 0.165] 33.9+7.1 445+70 21.7+9.2 672 683 742 21.1
4 100% — [0.160, 0.183] 29.3+6.7 47.3+7.3 17.7+8.3 67.8 68.9 74.4 22.0
4 110% — [0.176, 0.201] 25.5+6.4 49.7+7.6 145+75 66.7  67.7 73.6 21.7
4 120% — [0.192, 0.220] 21.8+6.4 52.2+80 11.6+6.8 65.1  66.2 73.1 21.2

C.5.2 NUMBER OF MASKS

Table[I0] varies the number of mask regions, K, while adjusting their size to keep the total masked
area approximately constant. The default K=4 achieves the best results, with K=3 and K=5
close behind. Fewer, larger masks (K =1, K =2) produce contiguous masked regions that occlude a
large area, elevating the task. Many small masks (/{=8) scatter targets across the image, reducing
task difficulty slightly due to the reduced size of each mask. The results suggest that a moderate
number of mask regions provides the best balance between prediction difficulty and spatial diversity.
Performance holds out well across the range of number of mask regions.

Table 10: Effect of changing the number of mask regions, K. The mask scale is adjusted to keep the seen
fraction of the image approximately constant. The mask scale percentage is relative to the default (K=4). ViT-S,
300 ep. on IN-1k.

IN-1k acc. ADE20K mloU
K  Mask scale Seen (%) Target (%) Adj. (%) Patch CLS X-Blk kNN
1 379% — [0.575, 0.726] 28.4+80 64.8+50 195+71 672 675 73.5 21.2
2 208% — [0.281, 0.432] 29.1+7.7 52.0+80 16.1+7.0 67.1 67.6 73.6 21.4
3 131% — [0.196, 0.254] 28.7+7.2 473+78 16.0+80 675 68.6 74.0 21.7
4 100% — [0.160, 0.183] 29.3+6.7 47.3+7.3 17.7+83 67.8 68.9 74.4 22.0
5 86% — [0.126, 0.168] 28.6+7.4 489+7.6 182+9.0 673 68.1 74.1 21.8
6 72% — [0.109, 0.138] 30.0+6.9 489471 208+9.1 669 677 73.8 21.1
8 57% — [0.083, 0.111] 29.24+7.0 50.8+6.9 22.1+96 655 66.1 73.5 20.4

C.5.3 MASK ASPECT RATIO

Table [11| compares different aspect ratio ranges for mask regions. The default range [0.667,1.5]
achieves the best performance across all metrics. There is only a small impact on the performance of
the model when changing the mask aspect ratio.

Using square masks slightly increases the difficulty in the task because more targets are further from
seen components of the image. Similarly, wider aspect ratio ranges ([0.5, 2] and [0.333, 3]) increases
the task difficulty slightly as highly elongated mask rectangles allow the model to see context closer
to the target patches. The default aspect ratio provides the best balance in task complexity, though the
effect is not large.

Table 11: Effect of mask aspect ratio range. The default aspect ratio (highlighted) allows moderate variation;
[1, 1] constrains masks to be square. ViT-S, K'=4, 300 ep. on IN-1k. Although the mask scale parameter is held
constant, the seen rate varies due to changes in the distribution of possible mask areas for a given aspect ratio
range.

IN-1k acc. ADE20K mloU
Aspect ratio Seen (%) Target (%) Adj. (%) Patch CLS X-Blk kNN
[1, 1] 25.1+£5.6 494+75 140£+£70 672 68.0 73.6 21.5
[0.667,1.5] 29.3+6.7 47.3+73 17.7+£83 67.8 689 74.4 22.0
[0.5, 2] 30.1+£6.9 472+72 188488 672 683 742 21.6
[0.333, 3] 304+7.0 478+72 198494 67.1 677 73.9 21.3
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