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Abstract

We formulate long-context language modeling as a problem in continual learning rather than
architecture design. Under this formulation, we only use a standard architecture – a Transformer
with sliding-window attention. However, our model continues learning at test time via next-token
prediction on the given context, compressing the context it reads into its weights. In addition,
we improve the model’s initialization for learning at test time via meta-learning at training time.
Overall, our method, a form of Test-Time Training (TTT), is End-to-End (E2E) both at test time
(via next-token prediction) and training time (via meta-learning), in contrast to previous forms.
We conduct extensive experiments with a focus on scaling properties. In particular, for 3B models
trained with 164B tokens, our method (TTT-E2E) scales with context length in the same way
as Transformer with full attention, while others, such as Mamba 2 and Gated DeltaNet, do not.
However, similar to RNNs, TTT-E2E has constant inference latency regardless of context length,
making it 2.7× faster than full attention for 128K context. Our code is publicly available.
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Figure 1. Scaling with context length, in terms of test loss (left) and latency (right). Left: Our method (TTT-E2E)
turns the worst line (green) into the best (blue) at 128K context length. Loss ∆ (↓), the y-value, is computed as
(loss of the reported method) − (loss of Transformer with full attention), so loss ∆ of full attention itself (orange)
is the flat line at y = 0. While other methods produce worse loss ∆ in longer context, TTT-E2E maintains the
same advantage over full attention. All models have 3B parameters and are trained with 164B tokens. Right:
Similar to SWA and the RNN baselines, TTT-E2E has constant inference latency regardless of context length,
making it 2.7× faster than full attention for 128K context on an H100.
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1 Introduction

Humans are able to improve themselves with more experience throughout their lives, despite their
imperfect recall of the exact details. Consider your first lecture in machine learning: You might
not recall the instructor’s first word during the lecture, but the intuition you learned is probably
helping you understand this paper, even if that lecture happened years ago.

On the other hand, Transformers with self-attention still struggle to efficiently process long context
equivalent to years of human experience, in part because they are designed for nearly lossless recall.
Self-attention over the full context, also known as full attention, must scan through the keys and
values of all previous tokens for every new token. As a consequence, it readily attends to every
detail, but its cost per token grows linearly with context length and quickly becomes prohibitive.

As an alternative to Transformers, RNNs such as Mamba 2 [32] and Gated DeltaNet [104] have
constant cost per token, but become less effective in longer context, as shown in Figure 1. Some
modern architectures approximate full attention with a sliding window [1, 107], or stack attention
and RNN layers together [91, 11]. However, these techniques are still less effective than full attention
in using longer context to achieve better performance in language modeling.

How can we design an effective method for language modeling with only constant cost per token?
Specifically, how can we achieve better performance in longer context without recalling every detail,
as in the opening example? The key mechanism is compression. For example, humans compress a
massive amount of experience into their brains, which preserve the important information while
leaving out many details. For language models, training with next-token prediction also compresses
a massive amount of data into their weights. So what if we just continue training the language
model at test time via next-token prediction on the given context?

This form of Test-Time Training (TTT), similar to an old idea known as dynamic evaluation [72, 60],
still has a missing piece: At training time, we were optimizing the model for its loss out of the box,
not for its loss after TTT. To resolve this mismatch, we prepare the model’s initialization for TTT via
meta-learning [38, 79, 58] instead of standard pre-training. Specifically, each training sequence is
first treated as if it were a test sequence, so we perform TTT on it in the inner loop. Then we average
the loss after TTT over many independent training sequences, and optimize this average w.r.t. the
model’s initialization for TTT through gradients of gradients in the outer loop [71, 3, 27].

In summary, our method is end-to-end in two ways. Our inner loop directly optimizes the next-token
prediction loss at the end of the network, in contrast to prior work on long-context TTT [86, 110];
Subsection 2.4 explains this difference through an alternative derivation of our method. Moreover,
our outer loop directly optimizes the final loss after TTT, in contrast to dynamic evaluation [72, 60],
as discussed. Our key results are highlighted in Figure 1, with the rest presented in Section 3.

The conceptual framework of TTT has a long history with many applications beyond long context,
and many forms without meta-learning [85, 12, 45, 2]. Our work is also inspired by the literature
on fast weights [38, 79, 77, 49], especially [17] by Clark et al., which does not address long context
but shares our high-level approach. Section 4 discusses related work in detail.

2 Method

Consider the standard task of next-token prediction, which consists of two phases at test time:

• Prefill: conditioning on T + 1 given tokens x0,x1, . . . ,xT , where x0 is the Beginning of Sequence
(<BOS>) token.

• Decode: predicting a distribution p̂T+1 over all possible instantiations of the next token.

The test loss is then CE (p̂T+1,xT+1), where CE is the cross entropy and xT+1 is generated by nature.
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Figure 2. Toy example. Left: Given x1 and x2 as context, we want to predict the unknown x3. Our toy baseline,
a Transformer without self-attention (using only the upward arrows), is effectively a bigram since it has no
memory of x1. TTT (using all the arrows) first tries to predict x2 from x1 as an exercise: It computes the loss
ℓ2 between x2 and the prediction p̂2, then takes a gradient step on ℓ2. Now information of x1 is stored in the
updated MLPs (blue). Right: Token-level test loss ℓt for various methods in our toy example, as discussed in
Subsection 2.2, except for TTT-E2E b = 16 discussed in Subsection 2.3. In particular, TTT-E2E b = 1 turns the
green line (our toy baseline) into the blue line, which performs almost as well as orange (using full attention).

For ease of exposition, we first focus on the task of prefilling T + 1 tokens and then decoding a
single token. In this setting, self-attention over the full context, also known as full attention, has
computational complexity O(T 2) for prefill and O(T ) for decode. We now discuss our method using
Test-Time Training (TTT), which has O(T ) for prefill and O(1) for decode.

2.1 TTT via Next-Token Prediction

To motivate our main method, we introduce a toy example that we will develop all the way up to
the middle of Subsection 2.3. This toy example is based on a rather silly architecture: a Transformer
with all of its self-attention layers removed, leaving only the MLP layers. Our toy baseline – blithely
applying this architecture to language modeling – is effectively a bigram since it has no memory of
previous tokens. Our goal is to understand the effect of TTT in isolation, without the confounding
of other sequence modeling components.

One way to give our baseline architecture some memory is to train it on the context. Similar to
standard pre-training, we can predict p̂t and compare it to xt at every t = 1, . . . ,T as an exercise.
Specifically, denote the baseline architecture as f with weights W , then the standard next-token
prediction loss at time t can be written as:

ℓt(W ) = CE (f (xt−1;W ),xt) . (1)

We update W at test time for every t = 1, . . . ,T , in sequential order, with gradient descent:

Wt = Wt−1 − η∇ℓt(Wt−1), (2)

where η is a learning rate, and W0 is the initial weights at test time. In the end, we simply output
p̂T+1 = f (xT ;WT ). We illustrate this form of TTT in the left panel of Figure 2: Our toy baseline only
uses the upward arrows, while TTT adds the backward and horizontal arrows.
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2.2 Learning to (Learn at Test Time)

We now consider how W0 – the initial weights after (training-time) training but before test-time
training – is obtained, within the scope of the same toy example. By definition, our test-time training
loss ℓt(Wt−1) is also the test loss for the next-token prediction task that conditions on x0, . . . ,xt−1 and
tries to predict xt . Therefore, the test loss over a sequence X = (x1, . . . ,xT ) is:

L(W0;X) =
1
T

T∑
t=1

ℓt(Wt−1) =
1
T

T∑
t=1

CE (f (xt−1;Wt−1),xt) . (3)

To obtain a W0 that will produce low L(W0;X) at test time, the most direct approach is to optimize
the same loss at training time over a large training set of sequences on average. This direct approach
is an example of End-to-End (E2E) training, where the training loss matches the test loss. When
TTT uses a W0 trained in this fashion, we call it TTT-E2E.

As a contrasting example, consider another approach that naively imitates the training loss of a
static model without taking into account that W0 will be updated at test time:

Lnaive(W0;X) =
1
T

T∑
t=1

ℓt(W0). (4)

This approach is not E2E, since there is a mismatch between the model’s behavior at training and
test time. As a consequence, we can provide little guarantee that a minimizer of Lnaive will also
produce low test loss L. We call this approach TTT-naive. It has been the mainstream approach in
the literature of dynamic evaluation [72, 60].

The right panel of Figure 2 plots the token-level test loss ℓt , averaged over many test sequences,
for t = 1, . . . ,128. So far, we have discussed four methods: Transformer with full attention (orange),
our toy baseline without attention (green), TTT-naive (gray), and TTT-E2E (blue for b = 1; we will
cover the variant with b = 16 in Subsection 2.3); see details of the experimental setup in Appendix A.
While TTT-naive performs only slightly better than the toy baseline, TTT-E2E performs almost as
well as full attention. In particular, TTT-E2E can effectively use more context to better predict the
next token, as demonstrated by the test loss decreasing over time.

For gradient-based optimization, computing ∇L(W0) for the E2E L entails computing gradients
of gradients, since the update rule in Equation 2 itself contains a gradient operation. Fortunately,
modern frameworks for automatic differentiation can efficiently compute gradients of gradients
with minimal overhead [13, 25]. Once ∇L(W0) is computed, we can plug it into standard optimizers.
In the field of meta-learning, gradient steps on L are called the outer loop, and on ℓ the inner loop.

The current version of TTT-E2E still has two problems for large models in long context. The first is
efficiency, because our inner loop has many steps that cannot be parallelized. The second is stability,
because each gradient step in the inner loop depends on only a single token, which can easily lead
to gradient explosion by chance. The next subsection addresses these two problems.

2.3 Mini-Batch TTT and Sliding Window

The two problems above share a common cause: Equation 2 performs online instead of mini-batch
gradient descent. Given a training set of size T , the standard practice is to partition it into T /b
batches, each of size b (assuming divisible), and take one gradient step per batch. Compared to
online gradient descent, where b = 1, a larger b is known to improve both parallelism and stability.
We can apply the mini-batch idea to TTT for the same benefits. Given the (test-time) training set
that contains x1, . . . ,xT , we generalize Equation 2 to:

4



Wi = Wi−1 − η
1
b

ib∑
t=(i−1)b+1

∇ℓt(Wi−1), (5)

for i = 1, . . . ,T /b (assuming divisible), then output p̂T+1 = f (xT ;WT /b). In addition, for (training-time)
training to reflect the change in test-time training, we also generalize Equation 3 to:

L(W0;X) =
1
T

T /b∑
i=1

ib∑
t=(i−1)b+1

ℓt(Wi−1). (6)

Note that b = 1 recovers Equation 2 and 3.

However, our model with mini-batch TTT is now a bigram again within each batch, as illustrated
by the red line in Figure 2 with b = 16. For example, consider the first mini-batch that contains
x1, . . . ,xb. Since every prediction p̂t = f (xt−1;W0) is made with W0 instead of Wt−1, we observe that
ℓt(W0) increases with t as p̂t misses more context, namely all the tokens up to t −1. This observation
holds within every mini-batch, where the only predictions without missing context are the first and
second ones inside the mini-batch. These increasing losses produce worse gradient steps for TTT,
which ultimately translate into worse performance of the purple line compared to the blue line.

To address this problem, we finally advance beyond the toy example and augment our architecture
with sliding-window attention layers. While our toy example removes the self-attention layers
entirely, our main method only restricts them to a fixed window size k. For our main results with
T = 128K, we set the window size k to 8K and the TTT mini-batch size b to 1K. It is important to set
k ≥ b so our model can remember the context within each mini-batch before TTT has a chance to
update its weights.

This modification of the baseline architecture completes our main method. Next, we introduce three
implementation details, and then consider the task of decoding multiple tokens. Our main method,
complete with the implementation details, is illustrated in the left panel of Figure 3.

2.3.1 Implementation Details

Three implementation details are necessary for achieving our reported results. We will justify these
details with ablations in Section 3. However, it is still possible that they are merely artifacts of our
experimental setup, and different design choices could be better suited in other setups.

TTT only the MLP layers. Modern Transformers are built in repeated blocks, each consisting of a
full attention layer (which we have replaced with sliding window attention), an MLP layer, and a few
normalization layers. We freeze the embedding layers, normalization layers, and attention layers
during TTT, since updating them in the inner loop causes instability in the outer loop. Therefore,
the MLP layers are the only ones updated during TTT.

TTT only 1/4 of the blocks. In general, less information is lost during compression when we have a
larger amount of storage. In our case, the information is the context, and the storage is the updated
MLP layers. However, updating more layers also implies more computation to back-propagate the
gradients. Therefore, we have an intuitive trade-off between computational cost and the ability to
scale with context length, as we will illustrate with ablations in Section 3. We choose to TTT only
the last 1/4 of the blocks according to the ablations, but other experimental setups, especially those
with even longer contexts, might require a different choice.

Two MLP layers per block. One of the concerns of TTT is forgetting the knowledge learned during
pre-training. We adopt the simplest way to address this concern. In the blocks updated during TTT,
we add a static, second MLP layer as a “safe” storage for pre-trained knowledge. For fair comparison
with the baselines, we reduce the hidden dimension of the MLPs throughout the entire network
(including those frozen during TTT), so the total number of parameters remains the same.
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Figure 3. Computation graphs following the setup in Figure 2: Given x1 and x2 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].

2.3.2 Decoding Multiple Tokens

Up to this point, we have focused on the task of prefilling T + 1 tokens (including <BOS> as x0) and
then decoding a single token. We now consider decoding multiple tokens, for which our method
admits a natural extension: It only takes a gradient step once the decoded tokens have completely
filled a TTT mini-batch. For example, assuming that T is divisible by b, so TTT depletes the prefilled
tokens in exactly T /b mini-batches. Then our method does not need to do anything special when
decoding the next b tokens. After that, it performs TTT on this batch of decoded tokens, and then
continues to decode using the updated weights.

2.4 Alternative Derivation

This subsection discusses an alternative derivation of our main method, starting from prior work
on long-context TTT based on Key-Value Binding (KVB) [87, 110]. The key step is to replace their
layer-wise reconstruction loss with the standard next-token prediction loss, so TTT becomes E2E
at test time. This derivation is not needed to understand the results in Section 3, but it provides
additional insight into how our method is connected to the literature on RNNs.

2.4.1 Starting Point: Key-Value Binding

Building on the same idea of compressing context into the weights of a model, prior work [87] uses
TTT to construct a sequence modeling layer that serves as a drop-in replacement for self-attention.
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Method Loss Diff.

SWA (k = 8K) baseline 2.827 -

TTT-KVB (Zhang et al.) 2.818 −0.009

TTT-KVB simplified 2.819 +0.001

TTT-E2E all layers MH 2.806 −0.013

TTT-E2E (ours) 2.805 −0.001

Table 1. Our alternative derivation in Subsection 2.4
starts from TTT-KVB (Zhang et al. [110]) and takes
three steps to reach TTT-E2E (ours). Here, we present
results along these steps, as well as the result of SWA
as a point of reference. We consider a difference of
0.001 below the threshold of statistical significance. For
the results here, we pre-trained and evaluated 760M
models on DCLM with our default hyper-parameters,
following the basic recipe in Section 3. MH stands for
multi-head.

While self-attention associates the key and value of every previous token by storing them explicitly
in a cache, prior work proposes storing these associations implicitly in a model, by learning at test
time to predict each value from its key. This learning objective, later known as KV Binding, has
been the core component in many popular variants of TTT, such as MesaNet [98], Titans [7], and
Nested Learning [6]; linear attention [79, 55] and many of its variants, such as Gated DeltaNet [104],
can also be derived from this perspective.1

Concretely, given the input embeddings x(l)
t at layer l, the basic form of TTT-KVB takes a gradient

step at each t = 1, . . . ,T on the following loss [87]:

ℓ
(l)
t

(
W

(l)
t−1

)
=
∥∥∥g (θ(l)

K x
(l)
t ;W (l)

t−1

)
−θ(l)

V x
(l)
t

∥∥∥2
, (7)

where g is usually an MLP, W (l)
t−1 is the weights of g after the previous timestep, and θ

(l)
K and θ

(l)
V

are outer-loop parameters, similar to the key-value projection matrices in Transformers. After the
gradient step, g uses the updated weights to produce the output embedding:

z
(l)
t = g

(
θ

(l)
Q x

(l)
t ;W (l)

t

)
, (8)

where θ
(l)
Q is also a set of outer-loop parameters. The mechanism above is known as a TTT layer.

When used inside a network, every TTT layer is an independent unit with its own loss and weights.
At training time, the outer loop of TTT-KVB is identical to that of TTT-E2E in Equation 6, and all
the outer-loop parameters, including θK , θV , and θQ of all the TTT layers, are optimized together.
Similar to TTT-E2E in Subsection 2.3, TTT(-KVB) layers can effectively use (inner-loop) mini-batch
gradient descent when preceded by sliding-window attention layers [110]. This hybrid architecture
serves as the starting point of our derivation.

2.4.2 First Step: Simplified Output Rule

First, we observe that the output rule in Equation 8 can be simplified into:

z
(l)
t = g

(
θ

(l)
K x

(l)
t ;W (l)

t−1

)
, (9)

with practically no harm, as shown in Table 1. This new output rule is a simplification because it
reuses the prediction of g in Equation 7 as the output embedding instead of calling g again with the
updated weights and the separate input θQxt . Intuitively, calling g with the updated weights can be
unnecessary if sliding-window attention already provides enough local context, and prior work has
argued that the separation between θK and θQ can also be unnecessary [59, 89, 108].

1 As shown in [87], when g is a linear model, TTT-KVB recovers DeltaNet [76]; when the gradient in Equation 7 is taken

w.r.t. W
(l)
0 instead of W

(l)
t−1, TTT-KVB recovers linear attention [79, 55]; and when ℓ

(l)
t is learned using a non-parametric

kernel estimator instead of a parametric model, TTT-KVB recovers self-attention.
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In the right panel of Figure 3, we illustrate TTT-KVB after this simplification. Compared to TTT-E2E
in the left panel, there are four differences, with the latter two considered implementation details:

1. Each Transformer block in TTT-KVB has a reconstruction loss ℓ(l), whereas TTT-E2E has a
single next-token prediction loss ℓ at the end of the entire network.

2. Each Transformer block in TTT-KVB has additional outer-loop parameters θK and θV .
3. TTT-KVB updates an MLP layer in every Transformer block, whereas TTT-E2E only updates

an MLP layer in the last 1/4 of the blocks.
4. Not shown in the figure, the updated MLPs in TTT-KVB are split into multiple heads in the

same way as self-attention, so these MLPs are much smaller than the regular ones in TTT-E2E.2

Moreover, these MLPs are updated with LoRA [43], so their effective capacity is even smaller.

However, Figure 3 also highlights the similarity between these two forms of TTT: Similar to TTT-E2E,
TTT-KVB can be understood from the perspective of training the entire network. First, there is a
forward pass through the entire network, as illustrated by all the upward arrows. Then there is a
backward pass, with contributions from many losses in the fashion of Deeply Supervised Nets [62].
However, the gradients are stopped after reaching only one MLP layer, as illustrated by the single
downward arrow in each block.

2.4.3 Key Step: E2E at Test Time

The key step in this derivation is to replace the KVB loss with the next-token prediction loss, which
implies removing differences 1 and 2 together, since without the layer-wise reconstruction losses,
there is also no use for θK or θV . This step brings us to an intermediate method called TTT-E2E all
layers MH, where MH stands for multi-head. As shown in Table 1, replacing the loss significantly
improves performance in language modeling, essentially reaching the level of our final method.

This intermediate method is now E2E at test time, because its (test-time) training loss is exactly the
token-level test loss ℓt . At this point, it is especially interesting to recognize the duality between our
two derivations. Our primary derivation starts from TTT via next-token prediction, which is E2E at
test time, and focused on making it E2E at training time via meta-learning in Subsection 2.2. Our
alternative derivation, on the other hand, starts from TTT-KVB, which is E2E at training time, and
focused on making it E2E at test time via next-token prediction.

2.4.4 Final Step: Larger State with Less Compute

TTT(-KVB) layers are often viewed as a class of RNN layers [87], and TTT-KVB is often viewed as an
RNN.3 Similarly, TTT-E2E can also be viewed as an RNN, except that it only has one RNN layer,
since the entire network is updated in one backward pass. Among the three components of an RNN,
we have modified the output rule in the first step of this derivation, and the update rule in the
second (the key) step. Now we modify the hidden state.

A critical factor that often improves the long-context performance of an RNN is a larger hidden state,
which, in turn, often requires more compute to be updated. Consider our intermediate method,
TTT-E2E all layers MH. If we remove difference 3 by updating only the last 1/4 of the blocks, then
we save compute at test time but end up with a smaller state. And if we remove difference 4 by
reverting to regular MLPs (instead of multi-head MLPs with LoRA), then we have a larger effective
state at the cost of more compute (and memory).

2Why is a multi-head MLP smaller than a regular one? First consider a linear model. If an input has D dimensions and
we have H heads, then the input to each head will have D/H dimensions. Therefore, the linear model for each head will have
(D/H)2 parameters, and all the heads combined will have D2/H parameters, so more heads will lead to fewer parameters.
Since an MLP is simply a stack of linear models, we have a similar relationship.

3Specifically, the hidden state of each TTT layer is the weights of the model g, and its update rule and output rule are
defined by Equation 7 and 8.
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However, when using the E2E loss, the trade-offs of these two differences are rather disproportionate:
In order to update the small multi-head MLP in a block, gradients need to back-propagate through
the large MLP above it, let alone the attention layer below for the backward pass to proceed further.
Given the heavy cost of preparing the upstream gradients, it should be more cost-effective to update
fewer blocks, each containing a larger hidden state. Indeed, our final method (TTT-E2E), which
removes both differences together, has 5× larger hidden state (88M vs. 18M for the 760M model)
and half the inference latency (0.0086 vs. 0.017 sec per 1K tokens for prefill on H100) compared to
TTT-E2E all layers MH.

Does this larger state actually improve performance? It is difficult to see the difference in Table 1
because these experiments are only at 8K context length. In Subsection 3.2, we will investigate the
effect of state size in terms of scaling with context length, by ablating the number of layers updated.
This ablation will clearly show that a smaller state leads to worse context scaling.

3 Main Results

All experiments can be reproduced using the code and datasets provided in our public repository:
https://github.com/test-time-training/e2e.

3.1 Setup

Given the research nature of this paper, our goal is to experiment in the simplest setups at small
and medium scales that can inform production-level training runs at large scale. In general, today’s
large-scale runs usually consist of two or more stages [24, 103, 65, 74]:

• Pre-training at short context length on a general dataset containing diverse knowledge.
• Extending the context length by fine-tuning on a dataset of long sequences. To gradually reach

very long context, e.g., 1M, extension is usually broken down further into multiple stages.

For simplicity, our training runs consist of only two stages: pre-training at 8K context length, and
extension fine-tuning at the final context length, at most 128K, depending on the experiment.

Datasets. For pre-training, we use DCLM, specifically DCLM-Baseline, a heavily filtered subset
of Common Crawl [63]. Given the 3.8T tokens in DCLM-Baseline, we first discard all documents
shorter than 8K, our pre-training context length, and then randomly sample from the remaining
ones to construct training sets of various sizes.4 However, most of the sequences in DCLM that are
longer than 128K, our maximum context length for extension, are of low quality. So for fine-tuning,
we use Books [29], a standard academic dataset for long-context extension [4, 66]. We also use a
held-out partition of Books for language modeling evaluation.

Basic recipe. We experiment with models of five sizes, ranging from 125M to 3B parameters. Our
configurations and training hyper-parameters in various experiments are all derived from a single
basic recipe detailed in Appendix B. In summary, the basic recipe for model configurations and
pre-training is taken from GPT-3 [14] and Mamba [32]; to produce the basic recipe for fine-tuning,
we performed grid search for the Transformer baseline with full attention.

Baselines. We compare our method with six baselines that represent the state-of-the-art approaches
in architecture design. All the baselines with sliding window use the same window size k = 8K.

1. Transformer with full attention [95]: with the model configurations discussed above.
2. Transformer with Sliding-Window Attention (SWA) [8]: with every full attention layer replaced

by a SWA layer. Our main method in Subsection 2.3, without the implementation details,

4We discard all documents shorter than 8K to avoid resetting the updated MLPs across document boundaries when
different documents are packed into the same training sequence, since resetting slows down training for our infrastructure.
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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 ∆ (↓), 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 ∆ of full attention itself (orange) is the flat line at y = 0. GDN stands for Gated DeltaNet [105].

is also based on this architecture. The window size k is set to 8K in all our experiments,
except for the window size ablations. Since the pre-training context length is also 8K, the full
attention and SWA baselines are identical until extension fine-tuning.

3. Hybrid SWA and full attention (5:1) [90]: repeating the pattern of five SWA layers followed by
one full attention layer, in the style of Gemma [90].

4. Mamba 2 [21]: a popular RNN that uses a hybrid of Mamba 2 layers and SWA layers; tested at
large scale in Nemotron-H [11].

5. Gated DeltaNet [104]: a popular RNN that extends Mamba 2 and DeltaNet [106], and uses a
hybrid of Gated DeltaNet layers and SWA layers; tested at large scale in Kimi Linear [91].

6. TTT-KVB [110]: a popular RNN that uses a hybrid of TTT-MLP layers with Key-Value Binding
(KVB) [87] and SWA layers; also our starting point in Subsection 2.4 (without the simplified
output rule). Titans [7] and Nested Learning [6] follow a similar construction.

We implement baselines 1–3 in JAX, together with our own method. For baselines 4–6, we use the
official code and configurations provided by the authors and have consulted them to improve the
baselines when possible. Our improvements to the baselines are discussed in Appendix C.

3.2 Ablations on Hyper-Parameters

To help readers gradually build an empirical intuition for our method, we start with the simplest
experiments – ablations on the hyper-parameters introduced in Subsection 2.3. For all the ablations,
we use the 760M model with the basic recipe.

Sliding window size k. This hyper-parameter is present in all the methods, except for full attention.
Therefore, we also conduct this ablation for two representative baselines: SWA and Gated DeltaNet.
Not surprisingly, a larger k improves performance for all three methods, as shown in the leftmost
panel of Figure 4, and TTT-E2E has similar sensitivity to changes in k compared to the baselines.
We choose k = 8K as the default since a smaller k does not significantly improve runtime.

TTT-E2E with full attention. The window size ablation is conducted with only pre-training on
DCLM without fine-tuning on Books, so the results above are evaluated on DCLM as well. Since the
pre-training context length is also 8K, SWA with k = 8K is exactly full attention, and TTT-E2E with
k = 8K becomes the same as TTT-E2E on top of full attention. It is especially interesting to observe
that TTT-E2E can improve the test loss (by 0.018) even on top of full attention, and the difference
between TTT-E2E and SWA does not change significantly as k increases. This observation suggests
that TTT-E2E is not merely compensating for the difference between full attention and SWA; instead,
it produces an orthogonal improvement when other factors, such as context length, are fixed.
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TTT mini-batch size b. The middle panel of Figure 4 experiments with the TTT mini-batch
size b, ranging from 1K to 8K. This hyper-parameter is unique to methods derived from the TTT
perspective, so the only other baseline that allows for a meaningful comparison here is TTT-KVB.5

Similar to the window size ablation, the models are evaluated on DCLM after pre-training. For
both TTT-E2E and TTT-KVB, we observe that a larger choice of b significantly hurts performance.
However, a choice of b smaller than 1K also significantly hurts our hardware utilization and stability,
to the point that it becomes difficult to experiment with. Therefore, we choose b = 1K as the default.

Modified architectures without TTT. The choice of b = 8K is equivalent to not doing TTT at all,
because our pre-training context length is also 8K. However, both TTT-E2E and TTT-KVB without
TTT are slightly different from Transformer with full attention, because both of these methods have
slightly modified the Transformer architecture, as previously illustrated in Figure 3. So do these
modifications still matter without TTT? Figure 4 suggests that the answer is no. Without TTT, the
loss for either TTT-E2E (2.825) or TTT-KVB (2.826) is almost no different from full attention (2.827).
This observation suggests that architecture design plays a minor, supporting role in our method.

3.2.1 Number of Layers Updated

We now turn to the most important ablation. As discussed in Subsection 2.3, the number of layers
updated during TTT controls the amount of storage in which we can compress the information in
the context window. Therefore, we investigate its effect in terms of context scaling, and present this
ablation in the format of Figure 1 (left). Specifically, for each number of layers, we pre-train a single
checkpoint on DCLM and then fine-tune five versions on Books, one for each context length, so the
final results are evaluated on Books.6

We experiment with updating the last 1/2, 1/4, and 1/8 of the layers. For our 760M model with
a total of 24 layers, these ratios translate to the last 12, 6, and 3 layers. We also experiment with
updating only the final layer. From the rightmost panel of Figure 4, we observe that when updating
only 1 or 3 layers, our method does not scale with context length in the same way as full attention.
When updating 6 or 12 layers, our method does scale. However, updating 12 layers only performs at
roughly the same level as 6. Therefore, we always update the last 1/4 regardless of model size.

3.3 Scaling with Training Compute

In general, there are two axes of training compute: the model size and the number of training tokens.
We investigate the behavior of our method along these axes when compared to full attention and
Gated DeltaNet, and present the results in Figure 5. We choose Gated DeltaNet as the representative
among the RNN baselines because it is the most recent work with highly optimized training time.

One popular practice for measuring the effect of training compute is to evaluate on the pre-training
dataset immediately after pre-training, as in many scaling law papers [53, 40]. In the left panels
of Figure 5, we follow this practice and evaluate on DCLM after pre-training. But as discussed
in Subsection 3.2, our window size is the same as the pre-training context length, making SWA,
our baseline architecture, equivalent to full attention. This equivalence raises the concern that the
practice discussed above might not reveal the true behavior of our method without full attention.
So we also evaluate on Books at 32K context length after fine-tuning, as shown in the right panels.7

5Mamba 2 and Gated DeltaNet have a somewhat similar hyper-parameter called chunk size. However, for these methods,
chunk size only affects their hardware utilization rather than their output, so they do not allow for a meaningful comparison.

6In order to fine-tune at 64K and 128K context length, which is quite unusual for a 760M model, we had to double
the (outer-loop) batch size given by the basic recipe. This modification allows us to average over enough sequences so
our fine-tuning runs are stable. For clean comparison, we adopt this modification for fine-tuning at every context length,
including the shorter ones, within the scope of this ablation.

7We evaluate at 32K because fine-tuning the smaller models (125M and 350M) is unstable at longer context length.
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Figure 5. Scaling with training compute in two axes: model size (left) and number of training tokens (right);
see details in Subsection 3.3. Overall, TTT-E2E exhibits a similar trend to full attention under a large training
budget (right of the dotted line). We report results both on DCLM at 8K context length after pre-training (a, c)
and on Books at 32K after fine-tuning with the same context length (b, d). Loss ∆ (↓), the y-value, is the same
as in Figure 1 and 4. The legend in the leftmost panel is shared across all panels.

For scaling with model size, we simply vary across the five sizes in our basic recipe. For scaling
with the number of training tokens, we keep the model size fixed at 760M, and vary the number
of training tokens for pre-training and fine-tuning. Specifically, our basic number of tokens for
pre-training is taken from the Chinchilla recipe [40], and our basic number for fine-tuning is 5% of
that for pre-training, as discussed in Appendix B. We experiment with up to 5× the basic number
for pre-training and fine-tuning, keeping the 5% ratio fixed.

Similar trend to full attention under large budget. We observe a similar trend across the panels:

• The advantage of TTT-E2E over full attention visibly decreases with more training compute in
the regime of small compute budget.

• However, in the regime of medium compute budget, TTT-E2E follows a similar scaling trend
to full attention, as indicated by the blue line staying relatively flat. Although there is still a
small uptick for scaling with model size, we expect this uptick to disappear for even larger
models given the overall trend.

For scaling with model size, the boundary for the change of regime is roughly 760M. For scaling
with number of training tokens, this boundary is roughly 48B. We mark these boundaries in Figure 5
with dotted vertical lines. It is especially interesting to observe that Gated DeltaNet follows the
same trend as TTT-E2E. We offer two potential explanations for this observation:

• Our method can also be interpreted as a hybrid RNN, similar to Gated DeltaNet, as explained
in Subsection 2.4. We expect RNNs (sequence models with hidden states of fixed size) to share
a similar trend for scaling with training compute.

• Transformers are widely known to under-perform with insufficient training compute compared
to RNNs [53, 40]. Our observations can be interpreted as a deficiency of the full attention
baseline with small compute, rather than a deficiency of RNNs with large compute.

Overall, our empirical observations strongly indicate that TTT-E2E should produce the same trend
as full attention for scaling with training compute in large-budget production runs.

Sensitivity to tokenizer and data quality. During our scaling investigation, we collected anecdotal
observations on the effect of tokenizer and data quality, as indicated by recency. Specifically:

• Switching to the Llama 3 tokenizer (2024) from the Llama 2 tokenizer (2023) improved our
advantage over full attention by about 0.01 for 3B models.

• Switching to DCLM (2024) from SlimPajama (2023) [84] enabled our method to produce the
same trend as full attention for scaling with number of training tokens after 48B; our trend
with FineWebEdu (2024) [69] is also the same as full attention. With SlimPajama, our lines
in the right panels of Figure 5 exhibited a small uptick, similar to those in the left panels for
scaling with model size.
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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.

A comprehensive investigation of these effects would entail reproducing Figure 5 for a wide variety
of tokenizers and datasets, which is beyond the scope of our paper. Nevertheless, our anecdotal
observations might still offer a starting point for future work. An especially interesting direction is
TTT on self-generated tokens, which can be a filtered or rephrased version of the current mini-batch
of tokens or a review of the previous mini-batches. It is widely known that the gating mechanisms
in RNNs can guard the hidden states against spurious inputs and better retain the information in
valuable ones [39, 16]. We believe that self-generation during TTT can play a similar role.

3.4 Scaling with Context Length

We presented the key results for scaling with context length in Figure 1 on the first page. Here, we
discuss the setup of these experiments and present a breakdown of some of these results in Figure 6.
In addition, Figure 9 in the appendix directly plots the loss values in Figure 1 instead of the loss ∆s.

For the experiments in Figure 1, we use the largest model (3B) in our basic recipe. We also use 3×
the basic number of tokens for both pre-training and fine-tuning. As discussed, the basic number
for pre-training is taken from the Chinchilla recipe, and that for fine-tuning is 5% of pre-training.
As in our previous experiments, we pre-train a single checkpoint on DCLM and then fine-tune five
versions on Books, one for each context length, so the final results are evaluated on Books.

3.4.1 Loss Breakdown by Token Index

Figure 6 focuses on two context lengths, 32K and 128K, and breaks down the corresponding results
in Figure 1 by token index; we have followed the same process in Subsection 2.1 to produce the right
panel of Figure 2. Specifically, given a context length T , for each t = 1, . . . ,T , we plot the test loss
of the next-token prediction task that conditions on x0, . . . ,xt−1 and tries to predict xt .8 Therefore,
for each method with context length T , its test loss in Figure 1 is the average of all the losses on its
corresponding curve in Figure 6. It is important to note that the breakdown for 32K is not a subset
of that for 128K, since they are produced from two different models.

8We repeat this process for every baseline, but for TTT-E2E in particular, our breakdown lends another interpretation, as
discussed in Subsection 2.2. Our test loss at each index t is also the test-time training loss ℓt(Wt−1). Since Wt−1 has never
seen xt , it is fair to compare ℓt(Wt−1) with the test loss of approaches without TTT.

13



S-NIAH-1 S-NIAH-2 S-NIAH-3
(pass-key retrieval) (number in haystack) (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 0.99 1.00 1.00 1.00 0.86 0.64 0.64 0.67 0.83 0.64
SWA 1.00 0.50 0.26 0.13 0.07 1.00 0.43 0.28 0.16 0.05 0.57 0.41 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 0.56 0.32 0.17 0.06
Mamba 2 [21] 0.99 0.49 0.26 0.13 0.07 0.99 0.43 0.28 0.16 0.05 0.77 0.36 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 0.91 0.45 0.23 0.07 0.03
TTT-KVB [110] 0.98 0.43 0.22 0.10 0.01 1.00 0.43 0.27 0.16 0.05 0.74 0.34 0.23 0.06 0.04
TTT-E2E (ours) 1.00 0.46 0.24 0.13 0.06 0.99 0.43 0.28 0.16 0.05 0.77 0.44 0.24 0.10 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.

We make the following observations from both panels of Figure 6:

• TTT-E2E is the only method that always achieves lower losses than full attention throughout
the entire context length.

• The difference in test loss between TTT-E2E and full attention is small around the end of the
context window. The aggregated advantage of TTT-E2E over full attention mostly comes from
the earlier tokens.

The fact that both observations hold simultaneously for both panels is especially interesting in a
somewhat paradoxical way. As part of the second observation, the difference between TTT-E2E and
full attention in the left panel is small around t =32K, the end of the context window. Without
other information, one might even speculate that the curves would cross for larger context lengths,
such as 128K. But this speculation is false, as asserted by the first observation from the right panel.
The breakdown plot for 128K better resembles a stretched out version of that for 32K rather than
a speculated continuation. Given that TTT-E2E maintains the same advantage over full attention
across context lengths in Figure 1, this stretching effect should not be surprising.

What gives TTT-E2E an advantage over full attention for the earlier tokens? Note that this advantage
exists even before t = 1K, when TTT takes the first gradient step on the first (inner-loop) mini-batch.
In other words, before t = 1K, TTT-E2E and full attention have exactly the same computation graph
and only differ in their weights. So why do the weights of TTT-E2E produce much lower losses?

Here is an intuitive explanation: The weights of full attention must prepare to be good at all future
tokens in the context window. Such a task can be very hard, because being good at all possible
futures limits the model’s capacity to be good at any particular one. But the weights of TTT-E2E
only need to be good at the present mini-batch of tokens, since TTT will produce future weights for
the future tokens. This more focused task should be much easier. In fact, a key intuition of TTT
in general, as we will discuss in Subsection 4.2, is to focus on the present.

3.5 Needle in a Haystack

The motivation for our method, as discussed in Section 1, was to use longer context to achieve better
performance in language modeling without having to recall every detail. Up to this point, we have
focused on evaluations that do not require detailed recall. Here, we consider a popular evaluation
explicitly designed for recall known as Needle in a Haystack (NIAH): The model needs to retrieve a
target string (needle) in a passage (haystack), where the target string is distinguished by its clear
irrelevance to the rest of the passage. Specifically, we evaluate all the 3B models fine-tuned at 128K
context length, on the three NIAH tasks in RULER [42].
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from Books, decode another 8K tokens as continuation,
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From Table 2, we observe that 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. This strength is inherent to the design of self-attention, which attends to the keys
and values of all previous tokens in its cache. In contrast, the key mechanism in our method is
compression, which leaves out seemingly irrelevant details, such as the target string.

3.6 Decoding Long Sequences

Up to this point, all our evaluations have required the model to decode no more than a dozen tokens.
As discussed in the end of Subsection 2.3, when the decoded tokens have filled a TTT mini-batch,
TTT-E2E takes a gradient step on this batch of decoded tokens. Does this method of “self-training”
at test time work for decoding long sequences?

In practice, scenarios that require decoding long sequences typically arise either after instruction
fine-tuning or during reinforcement learning, e.g., when the model generates long chains of thought.
Therefore, it is inherently challenging to evaluate base models, without the two stages above, in a
realistic way. Since these two stages are beyond the scope of our paper, we make our best effort to
evaluate the 3B base models we have trained in Subsection 3.4.

For the evaluation in Figure 7, we use Qwen-3-8B-Base [92] as the evaluator. Since our models were
trained on Books, we prefill their context windows with 8K tokens from Books, decode another 8K
tokens as continuation, and then plot the loss (log likelihood) of Qwen-8B on the concatenated 16K
sequence by token index. While Figure 6 uses log scale for the x-axis, Figure 7 here uses linear scale,
allowing us to easily compare the trends for prefill and decode. Additional details of this evaluation
are provided in Appendix D.

Similar to our previous observations, TTT-E2E achieves lower Qwen loss than full attention in this
limited evaluation. In addition, we have carefully inspected ≈ 20 samples of the generated text and
found them reasonable. For both methods, the Qwen loss increases sharply at the boundary between
prefill and decode, and then gradually decreases again. This behavior likely arises because Qwen is
initially unfamiliar with the generation style of the evaluated method, but then gradually adapts as
more generated content accumulates within its context window.

3.7 Computational Efficiency

In Figure 1, we have presented our inference latency, specifically prefill latency, compared to that of
the baselines. Here, we discuss our setup for measuring prefill latency, and consider two additional
axes where computational efficiency is important: decode and training. In particular, we highlight
training latency as a significant limitation of our current implementation and discuss two potential
directions for improving it.
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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.

Setup for prefill latency. For each method in the right panel of Figure 1, we took its corresponding
3B model in the left panel and measured its prefill latency on one H100. We also took additional
steps to optimize the inference latency of the PyTorch baselines, as discussed in Appendix C.
Following Gated DeltaNet [104], the latency experiments are performed with a constant number of
tokens (128K) per (outer-loop) batch. For example, at 128K context length, each batch contains one
sequence, and at 8K each batch contains 16 sequences.

TTT-E2E only uses standard infrastructure. At test time, TTT-E2E can simply use the standard
infrastructure optimized for training a regular Transformer. Specifically, since our hidden state
takes the form of regular MLP layers, it can be sharded across GPUs using standard tools with no
custom kernel. In contrast, prior work must fit their hidden states onto the individual chips inside a
GPU, which significantly limits their hidden state size. For example, TTT-KVB [110] must reduce its
state size with LoRA, while other prior work, such as Mamba 2 [21] and Gated DeltaNet [104], must
use a linear hidden state and write custom kernels for efficient memory I/O.

Decode latency. As discussed in the end of Subsection 2.3, our method does not perform TTT until
the decoded tokens have completely filled a TTT mini-batch. So before reaching a full batch, our
decode latency is the same as that of a regular Transformer with SWA. Once we have a full batch, we
need a step of TTT before decoding the next batch of tokens, and our latency for this TTT step is the
same as that for prefill. Altogether, our latency for decoding a long sequence of multiple batches is
simply the sum of the two latencies above: that of SWA decode and that of our prefill. Since both
are readily available, we do not report separate measurements for the decode latency of TTT-E2E.

Setup for training latency. Most of our training was performed on GB200s. Since many of our
baselines do not have custom kernels written for GB200s (Blackwell), we benchmark training latency
on an H200 (Hopper) for fairness to the baselines. Following our protocol for prefill, we use a
constant number of tokens (128K) per batch regardless of context length.

Training latency is a limitation. At training time, TTT-E2E takes gradients of gradients, which is a
much less optimized procedure compared to training a regular Transformer. As shown in the left
panel Figure 8, our training latency is 1.2× faster than full attention at 128K context length, but
3.4× slower at 8K. Since most of the training compute is typically spent on pre-training with short
context, the training latency of our current implementation remains a significant limitation. Note
that even though our number of FLOPs per token remains constant, as shown in the right panel, our
latency grows between 8K and 32K. This trend arises because we have to increase the amount of
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gradient checkpointing through time by a factor of log(T ), where T is the context length.9

Directions for faster training. There are two directions for improving our overall training time:

• Our current implementation cannot use cuDNN FlashAttention [20] at training time because
it does not support gradients of gradients. A custom attention kernel would significantly
improve our hardware utilization, and potentially eliminate the undesirable trend caused by
gradient checkpointing through time.

• We believe that the training of TTT-E2E can be initialized from a pre-trained Transformer
without TTT – a technique often adopted by prior work on RNNs [54, 10, 99]. This practical
technique allows TTT-E2E to only take up a small portion of the overall training compute, so
the negative effect of its training latency is minimal.

We leave these directions for future work.

4 Related Work

4.1 Continual Learning

Most of today’s AI systems remain static after deployment, even though the world keeps changing.
The high-level goal of continual learning is to enable AI systems to keep changing with the world,
similar to how humans improve throughout their lives [36, 22].

Conventionally, continual learning as a research field has focused on learning from a distribution
that gradually changes over time [68, 96, 33]. For example, one could update a chatbot model every
hour using new knowledge from the Internet, while typical use cases of the model may require
knowledge from both the past and the present [80, 56, 100]. More formally, at each timestep, we
sample new training and test data from the current distribution, update our model using the new
training data, and then evaluate it on all the test data up to the current timestep. Under this setting,
most algorithms focus on not forgetting the past when learning from the present [75, 64, 57, 30].

4.2 Test-Time Training

The algorithmic framework of test-time training has the same high-level goal as continual learning,
but it focuses on two aspects where human learning stands out from the forms of continual learning
in the conventional literature.

First, each person has a unique brain that learns within the context of their individual life. This
personalized form of continual learning is quite different from, for example, the chatbot model that
is fine-tuned hourly using the latest information available worldwide. While such a model does
change over time, it is still the same at any given moment for every user and every problem instance.

Second, most human learning happens without a boundary between training and testing. Consider
your commute to work this morning. It is both "testing" because you did care about getting to work
this very morning, and "training" because you were also gaining experience for future commutes.
But in machine learning, the train-test split has always been a fundamental concept.

The concept of test-time training is introduced to realize these two special aspects of human learning.
Training typically involves formulating a learning problem (such as empirical risk minimization) and
then solving it. Following [86], test-time training is defined as any kind of training that formulates a
potentially different learning problem based on each individual test instance.

9By default, libraries such as JAX and PyTorch save the intermediate activations during a forward pass so they can be
reused during the backward pass. However, for a TTT with W as a hidden state, this default saves W1, . . . ,WT , which uses
too much memory. A standard technique to save memory in this scenario is gradient checkpointing [15], which is usually
applied through layers, but we apply it through time during training [87, 25].
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This concept has a rich history in AI. A well-known example in NLP is dynamic evaluation, pioneered
by Mikolov et al. [72] and extended by Krause et al. [60], which our Subsection 2.1 builds upon.
In computer vision, early examples have also emerged in applications such as face detection [52],
video segmentation [73], super-resolution [83], and 3D reconstruction [70]. Next, we discuss three
popular forms of test-time training today, with an emphasis on their connections to each other and
to historical examples.

4.2.1 TTT on Nearest Neighbors: Larger Effective Capacity

One simple form of test-time training was called locally weighted regression in the 1970s [85, 18],
local learning in the 1990s [12], and KNN-SVM in the 2000s [109]: Given a test instance, find its
nearest neighbors in the training set, and then train (or fine-tune) the model on these neighbors
before making a prediction. This procedure can significantly increase the effective capacity of the
model; for example, it allows a linear model to fit a highly nonlinear ground truth [85].

This simple form captures one of the key intuitions of test-time training. In the conventional view
of machine learning, a model, once trained, no longer changes at test time. As a consequence, it
must prepare to be good at all possible inputs in the future. This task can be very hard, because
being good at all possible futures limits the model’s capacity to be good at any particular one. But
only one future is actually going to happen. So why not train our model once this future happens?

Recently, [35] extended this idea to modern language models and observed a similar benefit of larger
effective model capacity after test-time training, and [45] further improved these results through
better strategies for neighbor selection. In addition, [46] showed that test-time training on neighbors
from the training set is also effective with RL for reasoning tasks, and [5] developed the same idea
for visual-motor tasks.

4.2.2 TTT for Novel Instances: Better Generalization

As models become larger today, their competence is often limited not by their capacity, but by the
amount of available training data, especially when they need to generalize to novel test instances
that are “out-of-distribution”. In this case, it is even harder to prepare for all possible test instances
in the future, especially the novel ones, with a static model. But once a specific test instance is given,
we can use it to generate relevant data, which we can then use for training [88]. In other words, the
“neighbors” for TTT do not have to come from the training set; they can also be generated on-the-fly.

Since the test instance is unlabeled, one way to make it useful for training is through self-supervision,
which generates new pairs of inputs and labels for an auxiliary task such as masked reconstruction
(e.g., BERT [23] and MAE[37]). While the auxiliary task is different from the main prediction task,
improving performance in one can help the other through their shared representations. This form
of TTT can significantly improve generalization under distribution shifts [88, 28].

Recently, TTT has been an important part of AlphaProof [44], which achieved IMO silver-medal
standard in 2024. Given each test problem, their system first generates a targeted curriculum of
easier problems by prompting a language model, and then performs reinforcement learning on the
generated data. Another recent work, Akyurek et al. [2], found TTT effective for few-shot reasoning
tasks such as ARC-AGI. Their system generates augmentations of the few-shot demonstrations in
the test problem then performs supervised learning.

4.2.3 TTT on Sequences: Longer Memory

In all the forms of TTT discussed so far, the model is reset after each prediction because the test
instances are independent. However, humans do not constantly reset their minds. Our memory of
how to solve the previous learning problem often helps with the current one, because our experience
in the world is much closer to a correlated sequence of data than independent ones.
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Sequential applications, such as videos and robotics, offer a playground that bridges this difference.
For example, [34] extended TTT with self-supervision to a manipulation policy whose input is a
video stream of the robot’s workstation, and found that no reset leads to a much larger improvement.
Recently, [101] extended the same idea to video segmentation using a model trained with only
images. In this case, TTT can be viewed as compressing the context from previous frames into
the weights of the model without learning to learn, similar to the naive version of our method in
Subsection 2.1.

TTT-KVB. Text, like videos, is a form of sequence. In Subsection 2.4, we have discussed TTT-KVB
as the most relevant line of prior work [87, 110, 19], which includes variants such as MesaNet [98],
Titans [7], and Nested Learning [6]. The popularity of TTT-KVB has two side effects:

• Because the KVB objective is inspired by self-attention, which stores the keys and values, many
think that long-context TTT is about memorization instead of generalization.

• Because TTT(-KVB) layers are drop-in replacements for self-attention layers, many also think
of long-context TTT as an approach to architecture design.

Our work shows that long-context TTT does not need to memorize the association between the keys
and values. In addition, our method is derived purely under the formulation of a continual learning
problem, with minimal changes to the architecture.

4.3 Fast Weights and Fast Weight Programmers

The general idea of fast weights is to update the parameters of a “fast” model on only the most
relevant data, as opposed to the conventional practice of updating a “slow” model on all data [94].
This idea has existed since the 1980s [26, 38, 97]. Because the most relevant data can often include
the test instance itself, test-time training can be viewed as a special case of fast weights, with a
heavier emphasis on the formulation of an explicit learning problem.

The general idea of fast weight programmers (FWPs) is to update the fast weights at test time with
a “slow” model (as a programmer) that, in turn, is updated less frequently, if at all [79]. In our
method, the inner-loop weights W can be viewed as “fast” and the outer-loop weights θ as “slow”.
Therefore, our method can be viewed as a special case of FWPs [58]. Next, we briefly review some of
the literature on FWPs in the order of relevance.

Clark et al. [17]. This work is the most relevant to ours in terms of methodology. Given a
Transformer baseline with full attention, they add an MLP layer as fast weights, whose initialization
is trained as slow weights along with the rest of the model. Similar to ours, their method updates the
fast weights by taking a gradient step on the next-token prediction loss computed over each chunk
(mini-batch) of tokens. Their method significantly improves perplexity of the baseline, but does not
have linear complexity; therefore, it does not address the problem of long context. In addition, their
design adds the fast weights only to the end of the model instead of interleaving them with attention
layers. In our experiments, interleaving proves to be critical for maintaining the performance gain
on top of larger baselines. Nevertheless, we find Clark et al. to be a valuable inspiration. An earlier
work [102] also contains sketches of a similar idea with limited experiments.

FWPs for long context. Many methods addressing the problem of long context have roots in the
literature of FWPs. In particular, [79] (Schmidhuber, 1992) has been a major source of inspiration for
modern RNN layers, such as linear attention [55, 77], DeltaNet [76, 106], and Gated DeltaNet [105],
one of our baselines. In addition, some of the work on TTT for long context [87, 110] (discussed in
Subsection 4.2) can also be viewed as FWPs, due to the connection between TTT and fast weights.
Notably, one instantiation in Irie et al. [49] uses MLPs as layer-wise fast weights for long context,
preceding the similar instantiation in [87].
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Other FWPs. While the FWPs above can be interpreted through TTT, many other varieties cannot.
For example, [50] designs the fast weights to be programmed by themselves, [51] builds an image
generator using the images as fast weights, [48] applies continuous-time extensions of FWPs to
time-series classification, while [47] and [31] demonstrate how the choice of update rules affects
the expressiveness of FWPs on formal language recognition tasks. In fact, all networks with some
gating mechanism, such as Transformers with SwiGLU blocks [82], can also be viewed as FWPs [32].

4.4 Learning to Learn

For decades, researchers have been arguing that learning to learn, also known as meta-learning or
bi-level optimization, should be an important component of intelligence [78, 9, 93, 61]. Perhaps the
most relevant work in this field is MAML [27]. Similar to our work, MAML also has an outer loop
that learns the initialization of the inner loop through gradients of gradients. The main difference
between MAML and our work lies in the problem setting. Specifically, their inner loop learns from
an entire dataset at a time, so the outer loop requires a large collection of datasets. In contrast, our
work addresses the problem of language modeling by casting it as learning to learn. In principle,
any supervised learning problem can be cast into our problem formulation.

5 Conclusion

We have introduced TTT-E2E, a general method for long-context language modeling. In principle,
TTT can be applied to any baseline architecture. For our experiments, this baseline is a Transformer
with sliding-window attention. Adding our method to this baseline induces a hierarchy often found
in biological memory, where the weights updated at test time can be interpreted as long-term
memory and the sliding window as short-term memory. We believe that these two classes of memory
will continue to complement each other, and stronger forms of short-term memory will further
improve the combined method.
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Model configurations Pre-training recipe Fine-tuning recipe

Params. Blocks Dim. Heads Batch size LR Total size Batch size LR Total size

125M 12 768 12 0.5M 3e-3 2.5B 1M 4e-4 125M

350M 24 1024 16 0.5M 1.5e-3 7B 1M 4e-4 350M

760M 24 1536 16 0.5M 1.25e-3 15B 1M 4e-4 750M

1.3B 24 2048 32 0.5M 1e-3 26B 1M 4e-4 1.3B

2.7B 32 2560 32 1M 8e-4 54B 2M 4e-4 2.7B

Table 3. Our basic recipe, where dim. means the embedding dimension, batch size means the number of tokens
per (outer-loop) batch, and total size means the total number of tokens in the training set. Since training only
has one epoch, the number of training steps is total size / batch size.

A Recipe for the Toy Example

There are two architectures in our toy example: Transformer with full attention, and Transformer
without attention. Their only difference is that the latter has every attention layer removed, therefore
fewer parameters. All the TTT methods are based on the latter architecture. Both architectures
consist of two Transformer blocks. These blocks are constructed based on those in the 125M model
in the basic recipe, with half the embedding dimension (384) and number of attention heads (6).

We train all the methods on DCLM at context length 128. The number of training tokens follows the
Chinchilla recipe, and the (outer-loop) batch size is 125K tokens. We evaluate on the same held-out
partition of DCLM as in Section 3. For each method, we sweep for its optimal learning rate in the
range of [2e−3, 6e−3] in increments of 0.5e−3. The optimal learning rate is 3e−3 for Transformer
with full attention, and 5e−3 for Transformer without attention and all the TTT variants.

B Basic Recipe

We use the standard Transformer architecture with QK norm [74], and the Llama 3 tokenizer [24].
Our basic recipe is shown in Table 3. It uses the model configurations and pre-training recipe in
GPT-3 [14], with two changes following the Mamba 2 paper [21]: We use 5× the peak learning rate
in GPT-3, and half the batch size for the 1B model. These two changes have been shown to improve
the full attention baseline. Our learning rate schedule, also following Mamba 2, is the same for
every model size: For the first 10% of training, our learning rate increases from 0 to the peak in a
linear schedule. For the rest of training, it decays to 1e-5 in a cosine schedule.

For extension fine-tuning, we always use 5% of the number of pre-training tokens. We also double
the batch size so there can be a reasonable number of sequences per batch. To reduce the cost
of hyper-parameter search, we only sweep the peak learning rate for the full attention baseline.
Specifically, for each model size in [760M, 1B, 3B], and each context length in [32K, 128K], we
sweep the following learning rates: [8e−5, 1e−4, 2e−4, 4e−4, 8e−4]. We find that a single choice,
4e−4, happens to perform the best across all the model sizes and context lengths above. Therefore,
we use this learning rate for every context length and model size in the basic recipe. Following [66],
we restart the cosine schedule at the beginning of fine-tuning.

We use RoPE [59] with θ = 500K for pre-training at 8K context length, following Llama 3 [24]. For
extension fine-tuning, we change the RoPE θ for full attention, following standard practice [24, 103].
Unfortunately, we could not find the values of θ in most of the papers on long context. Following [67],
we use θ = 10M at 128K, and choose the other values of θ by assuming a log-linear relationship
with context length: θ = 1M for 16K, 2M for 32K, and 5M for 64K.
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Figure 9. Scaling with context length. We use the same results as in the left panel of Figure 1, but directly plot
the loss values instead of the loss ∆s. Longer context length improves loss for full attention and hybrid SWA
and full across all the context lengths. It also improves loss for every method up to 32K. However, for SWA,
Mamba 2, Gated DeltaNet and TTT-KVB, longer context length hurts loss after 32K. This trend arises because
for longer context, there are fewer training sequences per (outer-loop) mini-batch during extension fine-tuning,
so the gradients have higher variance; at the same time, these methods cannot effectively leverage the benefit of
longer context, so the harm of the higher variance outweighs the benefit.

C Improvements to the Baselines

We made two improvements to the baselines.

Latency. Our method, implemented in JAX, uses the latest cuDNN kernel for attention. However,
all the RNN baselines, implemented in PyTorch, originally used the FlashAttention 2 kernel [20],
which was much less efficient. To improve the baselines, we upgraded their attention layers to use
the latest version of FlashAttention 3 [81].

QK norm. We find that normalizing the queries and keys in the attention layers (QK norm) makes
training more stable for TTT-E2E, and also improves the Transformer baselines, as suggested by
prior work [74]. Therefore, we apply it to the other baselines with sliding-window attention layers.
At the scale of 760M, applying QK norm to Gated DeltaNet improves its loss from 2.814 to 2.809 for
pre-training at 8K context length, and from 2.691 to 2.683 for extension fine-tuning at 32K.

D Additional Details for Decoding Evaluation

For sampling, we set the softmax temperature to 1, and the threshold p for top-p vocabulary to 0.95,
following [41].

In addition, it is widely known that base models without instruction fine-tuning tend to decode
patterns of repetition. To address this problem, we use the standard API for repetition penalty in
the HuggingFace toolkit for generation, and set its value to 1.1. This value is recommended by many
HuggingFace users, and makes the full attention baseline generate reasonable text, as we have found
through manual inspection.
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