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1. Contribution and Limitation

In this paper, we systematically study the design space of
Test-Time Training (TTT), shedding some light on the de-
sign principles for effective visual TTT and possible future
directions. Our main contributions are as follows:

• We present a systematic empirical study of Test-Time
Training designs for vision, covering inner training
regimes (loss function, learning rate, batch size, epochs)
and inner model design (architecture and model size).

• We offer six practical insights for building effective yet
efficient TTT module, providing detailed analyses of the
TTT design space. Our analyses also reveal several valu-
able future research directions for TTT models.

• We build the Vision Test-Time Training (ViT3) model, a
simple TTT architecture that implements these insights.
With O(N) complexity, ViT3 achieves competitive re-
sults across image classification, image generation, object
detection, and semantic segmentation, serving as a strong
baseline for future research on visual TTT models.

However, we note that there are other design choices that
we have not covered (e.g., inner optimizer, inner data aug-
mentation, Transformer inner model, etc.), and this paper is
not exhaustive. Exploring these axes is left to future work.

2. Inner Training Loss

Consider a mini-batch of target value tokens and model pre-
dictions VB, V̂B ∈ RB×d, where B denotes the batch size.
We denote the i-th token (row) by Vi, V̂i ∈ R1×d.

For each loss function considered in Tab. 1 of the main
paper, we provide the explicit formula and compute the
mixed second derivative ∂2L
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(2) MSE (L2) Loss.
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(3) RMSE Loss.
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(4) MAE (L1) Loss.
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(5) Smooth L1 loss.
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The mixed second derivative is:
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Notably, the 1/
√
d scaling used above is consistent with

the scaled dot product attention convention [7]. As analyzed
in the main paper, losses with vanishing (or piecewise-
vanishing) mixed second derivatives — in particular MAE
(almost everywhere zero) and Smooth L1 in its linear region
— hinder the learning of outer model parameter WV matrix
and therefore leads to lower performance.

3. Model Architecture
As discussed in the main paper, we present a plug-in visual
TTT block based on our findings. Specifically, for inner
training, we use a single epoch of full-batch gradient de-
scent with learning rate 1.0, optimizing a dot-product loss.
The inner model comprises a simplified gated linear unit
F1 =FC(x) ⊙ SiLU(FC(x)) and a depthwise convolution
F2 = DWConv(x). The gated linear unit doubles the ca-
pacity of a naive d×d linear state while remaining easy to
optimize, whereas the depthwise convolution offers a natu-
ral integration of local and global information. Within each
TTT block, we use F2 in a single attention head and instan-
tiate the remaining heads with F1.

We build two model families with this TTT block,
ViT3 (non-hierarchical) and H-ViT3 (hierarchical 4-stage),
and adapt our approach to diffusion image Transformers
(DiT) [6] for generative tasks. The architectures are pro-
vided in Tab. 1, Tab. 2, and Tab. 3. To introduce posi-
tional information, we employ conditional positional en-
codings [1], which is widely adopted by modern vision
Transformers [2, 8, 9], linear attention [3] and Mamba mod-
els [4, 5, 10]. Since our method benefits from O(N) com-
plexity, we directly process the high-resolution feature map
with a global receptive field.
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ViT3-T ViT3-S ViT3-B

Backbone
Patch ↓16 Patch ↓16 Patch ↓16

B(192, 6)×12 B(384, 6)×12 B(768, 12)×12

Classifier Global Average Pooling, Linear

Table 1. Architectures of ViT3 model series. Patch “↓n” indicates
the patch size is n. “B(C,H)” represents one building block with
embedding dimension C and H attention heads.

Size H-ViT3-T H-ViT3-S H-ViT3-B

Stage1 H
4
×W

4

Stem ↓4 Stem ↓4 Stem ↓4
B(64, 2)×1 B(64, 2)×2 B(96, 3)×2

Stage2 H
8
×W

8

Down ↓2 Down ↓2 Down ↓2
B(128, 4)×3 B(128, 4)×6 B(192, 6)×6

Stage3 H
16
×W

16

Down ↓2 Down ↓2 Down ↓2
B(320, 10)×9 B(320, 10)×18 B(448, 14)×18

Stage4 H
32
×W

32

Down ↓2 Down ↓2 Down ↓2
B(512, 16)×4 B(512, 16)×8 B(640, 20)×8

Classifier Global Average Pooling, Linear

Table 2. Architectures of H-ViT3 model series. “↓ n” indicates
the downsampling ratio is n. “B(C,H)” represents one building
block with embedding dimension C and H attention heads.

DiT3-S/8 DiT3-S/4 DiT3-S/2

Backbone
Patch ↓8 Patch ↓4 Patch ↓2

B(384, 6)×12 B(384, 6)×12 B(384, 6)×12

DiT3-B/8 DiT3-B/4 DiT3-B/2

Backbone
Patch ↓8 Patch ↓4 Patch ↓2

B(768, 12)×12 B(768, 12)×12 B(768, 12)×12

Table 3. Architectures of DiT3 model series. Patch “↓n” indicates
the patch size is n. “B(C,H)” represents one building block with
embedding dimension C and H attention heads.
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