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Motivation for Test-Time Training
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Overview of Test-time Training
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Key-value Binding (TTT-KVB)
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TTTR%,

Inner loop Outer loop Subsection
Piece of data | Token x; Sequence Xj,...; Xt
Training set | Sequence xq,...,XT Dataset of sequences, e.g., Books 5 B
Objective Reconstruction (loss ) | Next-token prediction o

O,cst (rest of the network)

Parameters W (weights of f) Ok, 00,0y (reconstruction views) | 2.3

O;n;t and Oy, ¥ 0u')

Table 2. In summary, our paper reformulates supervised learning as learning to learn, with two nested loops.
Highlighted rows of the outer loop are the same as in the regular training. Parameters of the outer loop become
hyper-parameters of the inner loop. Intuitively, the inner loop, i.e. TTT, is “one level below” regular training.



Better perplexity and Fewer FLOPs
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Better use of long context
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Constant Forward Time per tokens
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Beyond 32K
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Figure 6. Loss breakdown by token index, for context length 32K (left) and 128K (right), following the same
process as when we produced the right panel of Figure 2; see details in Subsection 3.4. Overall, TTT-E2E is the
only method that always achieves lower losses than full attention throughout the entire context length, and its
aggregated advantage mostly comes from the earlier tokens.
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End-to-End Test-Time Training for Long Context
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Figure 3. Computation graphs following the setup in Figure 2: Given x1 and x; as context, we want to predict
the unknown x3. Left: Our main method with the sliding-window attention layers and the implementation
details discussed in Subsection 2.3. For ease of notation, our illustration uses online gradient descent (b = 1).
The lowest downward arrow is disconnected to the MLP below, since gradients pass through the last L/4 blocks
but not further down. Right: The first step of our alternative derivation in Subsection 2.4: a simplified version
of TTT-KVB in prior work [110, 87].
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Figure 3. Computation graphs following the setup in Figure 2: Given x; and x; as context, we want to predict
the unknown x3. Left: Our main method with the sliding-window attention layers and the implementation
details discussed in Subsection 2.3. For ease of notation, our illustration uses online gradient descent (b =1).
The lowest downward arrow is disconnected to the MLP below, since gradients pass through the last L/4 blocks
but not further down. Right: The first step of our alternative derivation in Subsection 2.4: a simplified version
of TTT-KVB in prior work [110, 87].
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Figure 3. Computation graphs following the setup in Figure 2: Given x; and x; as context, we want to predict
the unknown x3. Left: Our main method with the sliding-window attention layers and the implementation
details discussed in Subsection 2.3. For ease of notation, our illustration uses online gradient descent (b =1).
The lowest downward arrow is disconnected to the MLP below, since gradients pass through the last L/4 blocks
but not further down. Right: The first step of our alternative derivation in Subsection 2.4: a simplified version
of TTT-KVB in prior work [110, 87].
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Loss A with full attn.

\/:— .

LossA = Loss; — LoSSy

(a) Model pre-train (b) Model fine-tune (c) Token pre-train (d) Token fine-tune

0.00 1@ ¥ ? & i o

0.01 -

I

[

[

I
0.00 1@ L4 & @ ®| A
[

—0.02 -

I

Loss A with full attn.

' ' —0.01 - ! -
_0.04 4 —0— {F;ugllwattn_ | : |
S : =0.02- g | - :
_OIOE 1 | I } ] I L | ] ! I ] I ] I I I I I I ] 1
125M 350M 760M 1B 3B 125M 350M 760M 1B 3B 16B 32B 48B 64B 80B 16B 32B 48B 64B B80B
Model size Model size Number of training tokens Number of training tokens

« BARREETFHNEEAMENNER, EESEEER, Yksiscale up, losseHkIHKTfull attention

o Li)llZktokenEI A WTHI S, lossthESRFFIELE,




TTT-E2EEbaseline 9y EL 4k

- Transformer with full attention - Transformer with full attention
—— Sliding-Window Attention (SWA) — Sliding-Window Attention (SWA)
2.6 4 —— Hybrid SWA and full (5:1) - —— Hybrid SWA and full (5:1)
2 — Mamba 2 (Dao and Gu) — Mamba 2 (Dao and Gu)
-*i —— (Gated DeltaNet (Yang et al.) —— (Gated DeltaNet (Yang et al.)
2 2.5 TTT-KVB (Zhang et al.) - - TTT-KVB (Zhang et al.)
g TTT-E2E (ours) TTT-E2E (ours)
[@)]
ke
W 2.4 1 o
("))
(@)
—
2.3 1 o

128 512 2K 8K 32K 128 512 2K 8K 32K 128K
Token index (log scale) Token index (log scale)



N =] %A

=P8 ~ 2.8251 el | 0 T =

f 2 =

£ E = —®— TTT 1 layer

S 2.84 - = 2820 S —0.01{ —® TIT 3 layers

@ @ - —8— TITT 6 layers

o 2 2.815 - =

3 > = —&— TIT 12 layers

= = —0.02 A

o 2827 n 2.810 - 3

wn 7] wn

(@] o (@]

-1 - -
T T T T 2.805 1 T .03 A T T T T T
1K 2K 4K 8K 1K 2K 4K 8K 8K 16K 32K 64K 128K

Sliding window size k TTT mini-batch size b Context length

Figure 4. Ablations on three hyper-parameters: sliding window size k, mini-batch size b, and the number of
layers updated during TTT; see details in Subsection 3.2. Given the trends in these ablations, we set k = 8K,
b = 1K, and we update 1/4 the total number of layers. Loss A (|), the y-value in the rightmost panel, is the
same as in Figure 1. It is computed as (loss of the reported method) — (loss of Transformer with full attention),
so loss A of full attention itself (orange) is the flat line at y = 0. GDN stands for Gated DeltaNet [105].



Limitations
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Figure 8. Training efficiency, in terms of latency on an H200 (left) and FLOPs (right); see details in Subsection 3.3.
Overall, training latency is still a significant limitation of our current implementation. The legend is shared
across both panels.



Limitations

AREEREMETE, &% AFull attention

S-NIAH-1
(pass-key retrieval)

S-NIAH-2
(number in haystack)

S-NIAH-3
(UUID in haystack)

Method 8K 16K 32K 64K 128K | 8K 16K 32K 64K 128K | 8K 16K 32K 64K 128K
Full attention 1.00 1.00 1.00 1.00 0.99 | 099 1.00 1.00 1.00 0.86 | 0.64 0.64 0.67 0.83 0.64
SWA 1.00 050 026 0.13 007 |1.00 043 0.28 0.16 0.05 | 057 041 0.24 0.09 0.05
Hybrid SWA and full | 1.00 0.93 0.88 0.69 0.21 |1.00 1.00 0.99 0.89 0.29 |0.63 056 032 0.17 0.06
Mamba 2 [21] 099 049 026 0.13 007 |[099 043 0.28 016 0.05 |0.77 036 0.24 0.08 0.04
Gated DeltaNet [104] | 1.00 0.50 0.26 0.13 0.07 | 1.00 0.43 0.27 0.16 0.05 | 091 0.45 0.23 0.07 0.03
TTT-KVB [110] 098 043 0.22 010 0.01 |1.00 043 0.27 016 0.05 |0.74 0.34 023 0.06 0.04
TTT-E2E (ours) 1.00 0.46 0.24 0.13 0.06 |099 043 0.28 016 0.05 |0.77 044 0.24 010 0.03

Table 2. S-NIAH performance across context lengths, with the best results in bold; see details in Subsection 3.5.
Overall, Transformer with full attention dramatically outperforms the other methods, including ours, especially
in long context. This observation, combined with findings from our previous subsections, supports the intuition
that the strength of full attention lies in its nearly lossless recall.



