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A. Training Details
To efficiently conduct Post-Training Attention Search and
minimize computational overhead, we primarily employ a
Progressive Resolution Scaling strategy. This allows the
model to adapt inherited weights and learn structural pat-
terns at lower resolutions with reduced cost, before adapting
to high-resolution details. Throughout the training process,
we utilize feature distillation to align the student model with
the teacher.

A.1. General Training Strategy
Progressive Resolution Scaling. Training Vision Trans-
formers at high resolutions is computationally expensive.
To address this, we initiate the training process at a lower
resolution to quickly stabilize the inherited weights. Subse-
quently, we increase the resolution to capture fine-grained
details required for dense prediction tasks. Throughout all
stages, we maintain a constant batch size of 1024.

Feature Distillation Configuration. We align the stu-
dent’s features with the teacher’s by minimizing the Mean
Squared Error (MSE) loss. The application of distillation
depends on the downstream task:
• Semantic Segmentation: Since we use a linear probing

head on the final feature map, we apply MSE loss only be-
tween the last layer’s output of the student and the teacher.

• Monocular Depth Estimation: As this task relies on a
DPT head that fuses multi-scale features, we apply MSE
loss to the four intermediate feature maps involved in the
dense prediction process.

A.2. DINOv3 Post-Training Attention Search
Training Pipeline

For the DINOv3-based model, we implement the progres-
sive resolution scaling strategy, increasing resolution from
2562 to 10242 across the search and fine-tuning stages.

Step 1: Linear and Window-Attention Search. Starting
with the inherited weights, we first perform a low-resolution
training phase to stabilize the supernetwork. We conduct
feature distillation at a resolution of 256 × 256 for 3,000
steps. Following this, we increase the resolution to 512 ×
512 and continue feature distillation for another 5,000 steps.
Finally, we employ beam search on this supernetwork to

identify the optimal combination of Linear-Attention and
Window-Attention blocks.

Step 2: Full-Attention Placement Search. Based on the
efficient architecture found in Step 1, we construct a new
supernetwork containing both the searched efficient blocks
and Full-Attention blocks. We perform feature distillation
at 512× 512 resolution for 5000 steps. Beam search is then
applied to determine the critical locations for inserting Full-
Attention blocks.

Final Fine-tuning. Once the final architecture is deter-
mined, we perform a final distillation stage at a high res-
olution of 1024 × 1024 for 10,000 steps. This step ensures
the model extracts features of the same quality as teacher
model on high resolution images.

A.3. DepthAnythingV2 Post-Training Attention
Search Pipeline

DepthAnythingV2 models are trained on 518× 518 resolu-
tion. We adapt our pipeline as follows:

Step 1: Linear and Window-Attention Search. We per-
form feature distillation for 5000 steps at 518 × 518 reso-
lution. Then we employ beam search to find the optimal
combination of linear-attention and window-attention.

Step 2: Full-Attention Placement Search. After con-
verting the searched efficient architecture to supernetwork.
We perform feature distillation for 5000 steps at 518× 518
resolution. Beam search is then applied to find critical loca-
tion for placing full-attention block.

Final Fine-tuning with Pseudo-Labels. After fixing the
model structure, we fine-tune the model at a high resolution
of 1022 × 1022 for 10,000 steps. Following DepthAny-
thingV2, we utilize pseudo-depth labels generated by the
Depth Anything V2 Giant model on unlabeled real-world
images. This allows Post-Training Attention Search to
achieve competitive performance on high-resolution depth
estimation benchmarks.



B. Computational Cost Analysis
A key advantage of Post-Training Attention Search is its
low computational overhead. Since Post-Training Attention
Search reuses pretrained weights and performs distillation
on public datasets, the search cost is negligible compared to
pretraining from scratch.

Model Pre-train JetViT Ratio

DINOv3-7B 61,440 (H100) 900 (H100) 1/68
DepthAnyV2-G — 280 (A100) —

Table 1. Computational cost comparison (GPU hours). JetViT
requires only ∼1/68 of the pretraining cost for DINOv3-7B. For
DepthAnythingV2-Giant, our full pipeline requires only 280 A100
GPU hours.

C. Generalization to More Tasks
To further validate the generalizability of Post-Training At-
tention Search, we evaluate JetViT on object detection and
image/video classification in addition to the segmentation
and depth estimation results reported in the main paper.

C.1. Object Detection
We apply Post-Training Attention Search to the YOLOS [2]
model and evaluate on COCO object detection. Latency
is measured on an NVIDIA H100 GPU at 2K resolution
following the same protocol as the main paper.

Model mAP Latency (ms)

YOLOS-Base [2] 42.0 51.1
JetViT-YOLOS-Base 42.0 31.7

Table 2. Object detection on COCO. JetViT achieves the same
mAP as YOLOS-Base with 1.6× lower latency.

C.2. Image and Video Classification
We evaluate JetViT via linear probing on ImageNet [1] (im-
age classification) and UCF101 (video classification), using
DINO-Base as the teacher model.

Model ImageNet (%) UCF101 (%)

DINO-Base 83.7 91.6
JetViT-DINO-Base 83.7 91.3

Table 3. Linear probing results on ImageNet and UCF101.
JetViT preserves the teacher’s representational quality on both im-
age and video classification.

D. Efficiency on Edge Devices
Beyond server-grade H100 GPUs, we evaluate JetViT on
edge hardware to demonstrate practical deployment bene-

fits. Latency is measured at 2K resolution on an NVIDIA
RTX 3090 and a Jetson GB10.

RTX 3090 (ms) Jetson GB10 (ms)

Model Original JetViT Original JetViT

DINOv3-L 670 273 482 312
DepthAnythingV2-L 1135 472 803 529

Table 4. Latency comparison on edge devices at 2K resolu-
tion. JetViT achieves consistent speedups of up to 2.4× on both
consumer GPU (RTX 3090) and embedded GPU (Jetson GB10)
platforms.
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