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Abstract

Transformers have become the predominant architecture for sequence modeling, achieving
state-of-the-art performance across natural language processing and other sequential do-
mains. Despite their success, the quadratic complexity of self-attention imposes substantial
computational and memory costs for long-context tasks. While alternative approaches,
such as State-Space Models and linear attention, offer improved efficiency, they remain
constrained in expressiveness and modeling long-range dependencies. Test-Time Training
(TTT) layers provide a more flexible framework by parameterizing hidden states with non-
linear, input-dependent updates; however, prior approaches have relied on reconstruction-
based objectives that lack justification and consideration of alternative learning methods.
In this work, we propose Contrastive Test-Time Training (CTT), which integrates a con-
trastive learning objective into the TTT framework to explicitly align relevant query–value
pairs while suppressing irrelevant features. On language modeling tasks at 140M parame-
ters, CTT can match the performance of existing TTT models, indicating that it is neither
detrimental nor inferior at smaller scales. Although not beneficial on its own, our evidence
shows that CTT amplifies properties observed in models using Muon-based optimizers –
those at the state-of-the-art for training larger models. This suggests that CTT has the
potential to surpass TTT approaches once scaled to large model sizes.

1 Introduction

Transformers have become the dominant architecture for sequence modeling (35), driving breakthroughs in
natural language processing (7)(6). Yet, the quadratic scaling of self-attention creates a major bottleneck
for long-context applications, inflating compute and memory demands, raising environmental costs, and
concentrating progress in the hands of a few well-funded organizations. Attempts to mitigate this, such as
sparse or window attention, often come at the cost of reduced expressiveness (4)(1)(40).

Recent advancements in recurrent neural network architectures such as State-Space Models (SSMs)(10) (9)
and linearised attention mechanisms (19), offer significant computational efficiency improvements compared
to Transformers for processing long sequences. However, their expressive capacity in state tracking problems,
similar to that of transformers(23), is less than that of RNNs (22). They have also been shown to fall short
in tasks requiring the prediction of sequences with long contexts. (27)

Test-Time Training (TTT) layers (27) have emerged as a promising potential solution. Unlike other RNN-
based methods, TTT parameterizes the hidden state through nonlinear, input-dependent updates, allowing
for flexible and evolving context representations. The nonlinearity and input-dependent state updates has
been shown to increase in expressive power and align it with that of classical RNNs.(22)

The original Test-Time Training (TTT) formulation suffered from poor GPU utilization due to frequent
small-batch updates. Large-Chunk TTT (LaCT) (41) addressed this issue by processing larger token chunks,
thereby improving hardware efficiency and enabling hybrid designs with window attention (1) and advanced
optimizers such as Muon (20). These improvements opened the door to richer parameterizations and more
sophisticated loss functions. Nevertheless, despite these advances, TTT and related methods continue to lag
behind transformers on long-context tasks, frequently underperforming on benchmarks such as Needle-in-a-
Haystack from RULER, which stresses retrieval across sequences exceeding 16k tokens (27; 41; 38; 11).
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A further limitation of existing TTT approaches is their lack of principled justification for architectural
and objective choices (41; 28). Many designs are implicitly tailored to mimic the behavior of attention
mechanisms, but it remains unclear whether they are genuinely approximating attention or merely learning
alternative heuristics with similar effects. We believe that reconstruction-based objectives eventually lead to
an approximation of attention given sufficient data, but may do so in a suboptimal manner (27; 41).

In this work, we propose Contrastive Test-Time Training (CTT) layers, a novel extension of TTT that
integrates contrastive learning (2; 15; 13) with the LaCT chunking mechanism. By employing an InfoNCE-
style loss (34), CTT provides a more principled alternative to reconstruction losses: rather than attempting
to reproduce entire value projections, the objective directly enforces alignment between relevant query–value
pairs while suppressing uncorrelated features.

The benefits of contrastive objectives are twofold. First, they suppress noise and emphasize discriminative
features, yielding more robust and stable representations(12)(36). Second, they are particularly effective in
data-limited or resource-constrained regimes, offering faster convergence and better small-model performance
than reconstruction-based counterparts(2). Our experiments on long-context language modeling with models
up to 140M parameters demonstrate that CTT performs on par with LaCT and remains competitive with
transformer baselines. Moreover, our analysis of optimizer choices suggests that Muon-based CTT variants
exhibit promising scaling dynamics, with potential advantages likely to emerge more strongly at larger model
sizes.

While our results are preliminary – limited in scale, benchmarks, and scope – they establish the feasibility
of contrastive objectives for TTT and highlight their potential as a more principled framework for efficient
long-context modeling.

2 Related Work

SSMs, such as S4 (10), are a class of sequence models that can be viewed as linear RNNs. They offer linear
scaling in sequence length during training and constant state size during generation, performing strongly
on long-range tasks. Mamba (9) further refines selective SSMs, introducing a core layer that is signifi-
cantly faster than prior selective SSM implementations while remaining competitive with Transformers on
language modeling. Mamba-2 (5; 37) extends this, offering further speed improvements and deeper theoret-
ical connections between SSMs and attention through “structured state space duality” (SSD). This duality
demonstrates that SSMs can be represented as structured matrices, enabling efficient algorithms leveraging
matrix multiplication units. However, despite these advances, SSMs remain fundamentally constrained in
expressive capacity (22), limiting their ability to capture the rich, nonlinear dependencies needed for long-
context reasoning. They also have been shown to fall short in tasks requiring the prediction of sequences
with long contexts (27).

Linear Attention mechanisms replace the exponential similarity function in Transformers with a dot product
formulation, enabling linear-time inference and interpretation as a linear RNN with 2D hidden states (19).
Yet early linear attention methods underperformed compared to standard softmax attention. Gated Linear
Attention (GLA) (37) introduce data-dependent gates, improving expressivity and showing competitiveness
with architectures such as LLaMA (32), RetNet (29), and Mamba. Nevertheless, these methods still rely on
approximations of attention, and their performance degrades on extreme long-context benchmarks, where
limited memory capacity hinder retrieval.

DeltaNet (24; 39) interprets linearized self-attention as a form of fast weight programming, replacing additive
outer products with a delta-rule update that corrects key–value associations and dynamically computes
learning rates. This perspective yields deeper insight into the equivalence between linear Transformers and
fast weight programmers. However, DeltaNet and its variants remain tied to reconstruction-style objectives,
which are not explicitly designed to suppress noise or filter irrelevant features.

In contrast, Test-Time Training (TTT) layers (27) represent a different paradigm, parameterizing the hidden
state through nonlinear, input-dependent updates. This grants them an expressive power closer to that of
classical RNNs, while retaining the efficiency of linear-time inference. Yet existing TTT approaches typically
employ reconstruction-based objectives, which can eventually mimic attention but do so inefficiently and
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without a principled mechanism for distinguishing signal from noise. Our proposed Contrastive Test-Time
Training (CTT) addresses this shortcoming by replacing reconstruction with a contrastive objective, directly
enforcing alignment between relevant query–value pairs while suppressing irrelevant correlations. In doing
so, CTT provides a more principled and robust alternative for long-context modeling.

3 Background

We define the notation used within this paper as follows. Matrices are defined by bold uppercase variables
A, vectors as bold lowercase a, and scalars as normal lowercase a. We use R to define the set of real numbers,
∇Xy for the Matrix derivatives of y with respect to X, and fθ as a function parameterized by the variable
or matrix fθ. We also use L(a, b) to denote a loss function dependent on both a and b. We use t to denote
the position in the sequence and c to denote a chunk or group of samples in the sequence, while x and y are
the input and outputs to a layer or model, respectively. We use the same terminology as in the LaCT paper,
distinguishing the TTT branch from the Attention branch.

3.1 Test-Time Training Layers

Figure 1: Schematic of a general TTT layer. The notation follows that used throughout the rest of the
paper.

We define TTT layers as follows. First, consider the input xt ∈ Rdin from the sequence X =
[x1, x2, x3, . . . , xN ]. Next, this input gets projected into query, key, and value vectors, q, k, v respectively.
These can be considered akin to that in attention where the projections are of size qt, kt, vt ∈ Rdin . As
highlighted, the hidden state in TTT can be considered a neural network, or any ML model, with weights
that are updated to store the context. These weights are updated during training and inference. This can
be defined as a neural network fW : Rdin → Rdout parametrized by model weights W, typically dout = din .
These weights, W, can be referred to as fast weights or inner-loop parameters. As opposed to slow weights
or outer-loop parameters, which are denoted by Θ throughout this paper and are frozen during inference.
These fast weights are updated during the forward pass using a loss function L(·, ·) between the key vector,
which has passed through the fast weight model, fW(kt), and the value vector v. In the original paper, the
L2 loss function was used to encourage the network to associate keys with values. This loss function is then
used with a gradient-based optimizer to update the fast weights, using η as the learning rate.

Update: Wt−1 − η∇wL(fW(kt), vt) 7→ Wt (1)
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This operation can be seen as encoding the KV cache into the fast-weights. The updated parameters can
then be used with the query to produce the output, yt ∈ Rdout .

Apply: yt = fW(q) (2)

This update is followed by an application performed for each token in the sequence, X. A schematic
depicting this operation can be seen in Figure 1. Generally, the layers’ performance benefits from trained
starting weights during inference as opposed to a random one (27). These updates can be batched together
to improve GPU utilization.

3.1.1 LaCT: Large Chunk Test-Time Training Layers

The TTT branch of the LaCT layer computes gradients of the summed losses over all the keys and values
within the chunk as seen in equation 3, where N is the chunk size and C denotes the chunk number. Weight
updates are only performed at the end of each chunk, and so inter-chunk dependencies are not captured by
the TTT branch, necessitating the need for the attention branch.

Update
[

∇w

N∑
i=1

ηiL(fW(ki), vi), WC−1

]
7→ WC (3)

The authors apply LaCT across multiple domains, making architectural adjustments tailored to each. In
this work, we focus on its application to language modeling and therefore present the details of LaCT
specifically in the context of this task. As with standard TTT, LaCT layers replace the attention component
in transformers. When used within a transformer architecture, they still require MLPs within the block.

3.2 Contrastive Learning

Contrastive learning is a self-supervised representation learning paradigm that trains models to distinguish
between similar (positive) and dissimilar (negative) data pairs, encouraging the representation space to
cluster semantically similar samples while separating unrelated ones. Early work, such as Noise-Contrastive
Estimation (12), framed the problem as distinguishing observed data from noise. Recent advances, notably
SimCLR (3) and MoCo (14), have demonstrated that contrastive learning can rival or surpass supervised
learning in tasks like image classification by leveraging large amounts of unlabeled data.

The core idea is often formalized through the loss functions of these architectures, which maximizes agreement
between positive pairs in a latent space while minimizing agreement with negatives, thereby learning robust
and transferable representations.(33)

A popular loss function used in many frameworks is the InfoNCE loss (33). It has many variations, including
the NT-Xent loss(3), which all follow the same idea of a cross-entropy style loss function. It can be defined
as follows:

LInfoNCE = − log exp(sim(z, z+)/τ)
exp(sim(z, z+)/τ) +

∑K
i=1 exp(sim(z, z−

i )/τ)
, (4)

Where z and z+ are the representations of a positive pair, z−
i are representations of K negative samples, τ

is a temperature hyperparameter, and sim(·, ·) denotes a similarity measure, such as cosine or dot-product
similarity. By minimizing this loss, the model learns to pull together positive pairs and push apart negative
pairs in the embedding space.

4 Contrastive Test-Time Training (CTT) Layers

In this work, we adapt the InfoNCE loss(34) to train the fast weight learning model that maps discrete keys
into embeddings enriched with information about their associated values. The InfoNCE objective encourages
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embeddings of keys to be positioned so that, within the representation space, the joint distribution. p(kt, vt)
of key–value pairs is more predictable than what would be expected under independence, p(kt)p(vt). By
doing so, the fast weight model’s learned transformation ensures that when a query is input at inference, its
embedding will be drawn toward a region of the space densely populated by all historically strong keys with
their associated values, thus learning a representation that reflects all prior keys and values. This captures
and compresses meaningful statistical dependencies from the training data directly into the fast weights.

To adjust the InfoNCE loss for the CTT layer, we make use of the chunking process employed by LaCT to
provide a set of positive and negative samples to draw from. We redefine the InfoNCE loss now in terms of
the parameters of the CTT layer for a single anchor or word embedding within the chunk. The query, key,
and value projection q, k, v are retained from TTT along with the fast weight model fW(k).

Li = − log
exp

(
v⊤

i gθ(fW(k+
i ))/τ

)∑N
j=1 exp

(
v⊤

i gθ(fW(kj))/τ
) (5)

In Equation (1), i and j are indexes for each value and key within the chunk, which is of size N . We set
the value vector v as the anchor to which comparisons are made. The positive key, k+, corresponds to the
true matching example for the anchor, whereas {kj}N

j=1 denotes the set of all keys in the chunk, including
the negatives and positives. Scoring can be computed as standard using the simple dot-product similarity
between v⊤

i and fW(k+
i ). We also introduce an additional scoring network, parameterized by slow weights

gθ, shown in 5. Similarity is computed between this network’s output and v⊤. We call this NN-similarity
throughout this paper. This approach allows the model to learn a similarity scoring function that depends
on overall model performance, rather than relying solely on a conventional scoring mechanism. The purpose
of this follows the Wk term used in the scoring function of the contrastive predictive coding paper(34). We
compare the NN-similarity with the dot-product similarity in experiments. We evaluate the loss for each
anchor in the chunk through the index i and average the losses over the entire chunk to form a final loss for
the chunk.

Ltotal = 1
N

N∑
i=1

Li (6)

The InfoNCE loss maximizes the similarity between the anchor and the positive key relative to the similarities
with the negative keys, effectively encouraging the model to distinguish positive pairs from negative ones.
As with the LaCT architecture, updates to the fast weight model can only be made at the end of the chunk,
and so interchunk dependencies cannot be modeled. We also note that due to the nature of TTT, autodiff
cannot be employed for the fast-weight updates, and so the derivatives of each of the loss functions have
been derived and coded analytically.

5 Experiments

To evaluate our hypothesis, we compare CTT against LaCT and a full causal Transformer benchmark,
conducting both training and evaluation on language modeling tasks. We selected language modeling as the
application domain because much of the recent progress in long-context foundational models (38)(5)(39) has
been driven by this area, making it a natural and relevant choice.

5.1 Datasets and Benchmarks

We use the Long-context-datasets (31) for pretraining of all of the models. We selected approximately 3B
tokens for pretraining of the models, aligning with the Chinchilla scaling law (16). This has been tokenized
using the mixstral tokenizer (32,000 codebook) taken from the fla-hub/transformer-1.3B-100B huggingface
upload (8). We reserved approximately 1M tokens of the dataset for post-training validation of the models.
We shuffle the validation data using 5 different seeds, evaluating each of the models on these seeds.
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For the test dataset, we started with the 10B token sample Fineweb-edu dataset (21) and filtered it into three
separate datasets of different target sequence lengths. In each, we keep only examples where the context
length is longer than the target sequence lengths of 8k, 16k and 32k. These examples were then truncated
to exactly 8k, 16k and 32k tokens, so that each evaluation window contained a single, complete example.
This approach ensured the model is tested on sequences that fully span the target length, giving a more
accurate picture of how well it handles long contexts. By contrast, if shorter sequences were combined to
fill the context window, the evaluation could give a misleading impression of the model’s performance at
longer lengths. We follow the LaCT and TTT papers, evaluating models on the per-token loss of each of the
models, shuffling the dataset with 5 different seeds, and testing each of the models on these seeds.

5.2 Model Details and Baselines

We have implemented LaCT layers with negative dot-product and the CTT layers with muon(18) and
momentum(30) based optimizers. CTT models using NN-similarity have been clearly noted; otherwise, dot-
product similarity is used. We have also implemented a full causal transformer as a baseline for comparison.

We have generally followed the same architecture as that within the LaCT paper for the CTT layer. We
use a SwiGLUMLP(25) as the fast weight learner, a momentum or muon-based update rule with L2 weight
normalization. A multi-head design is applied to the TTT branch and the attention branch of the layer. The
queries and keys for the TTT branch are rescaled, and all Q, V, K are passed through a swish nonlinearity.
Additionally, an L2 norm is applied to the queries and keys within the TTT branch. RoPE (26) with a
large base of 1 million is used for all architectures. The root mean square layer normalization is applied
to the output of the TTT branch and is then scaled by another per-head learnable scalar. A diagram of
this architecture, along with further details of the parameters used, can be found in the appendix A. All
models follow the generic transformer residual modeling block with a sequence modeling block and MLP
block stacked with residuals and layer norms between them.(35)

As per the LaCT paper, a low-rank version of the fast weights has been used to reduce the total number
of trainable parameters in the TTT branch. This allows for a fairer comparison in terms of the number of
trainable parameters between the LaCT models and the transformer model.

Due to computational constraints as described in the training details, we have only tested models up to
140M parameters. It is planned that future experiments will take the findings from this work and scale up
the most promising models for further analysis.

5.3 Training Details

All models were trained using a single Nvidia 80Gb Tesla A100 GPU. The models using a momentum update
rule were trained for approximately 24 hours each; the models with the muon update rule took longer, at
approximately 48 hours each. We utilized the flame training framework (42) to aid with training of the
models, including the baselines. We used a base learning rate of 1e-3 with a cosine decay scheduler and 1024
warm-up steps. All models were randomly initialized with a standard deviation of 0.02. Detailed training
parameters can be found in appendix A.

5.4 Results

The results indicate that the CTT models can achieve performance comparable to the LaCT models at
model sizes of 140m parameters. Although CTT presents few advantages at this scale, our results show that
there are indications that scaling up these models may lead to better performance. While these experiments
do not constitute a comprehensive evaluation across a broad range of downstream tasks, these preliminary
findings nonetheless reveal several notable characteristics of both CTT and LaCT models at this scale.

The CTT model trained with the muon update rule exhibited early overfitting to the training data, before
any of the other models. A possible explanation is that the muon-based optimizer in combination with
CTT enables the model to more rapidly internalize recurring patterns across sequences. This behavior
may cause the model to memorize passages rather than develop a deeper representation of their meaning,
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Figure 2: Training loss curves for all 140M parameter models. The x-axis and y-axis have been cropped
to highlight differences at later training steps. CTT models with w/NN-similarity achieve a worse loss
compared with other models, while the CTT with a muon optimizer appears to deviate from the other
models, achieving a lower training loss.

Table 1: Results from the post-training validation of the models. Throughput during training is also provided
for comparison. We report the mean of the average losses across the 5 shuffle seeds, along with the standard
deviation across those averages. The CTT (muon) model performs worse on the held-out validation dataset,
indicating there may be some form of overfitting occurring during training. The LaCT muon model may also
be experiencing a similar effect, performing worse on the validation than on the training when compared with
the momentum equivalent. CTT throughput is only slightly worse when compared with LaCT equivalents.

Model Val. Average Loss Std. Average Loss Val. Average ppl Std. Average ppl Train TPS
CTT (momentum) 2.31 0.01 11.40 0.05 43k
CTT w/NN-similarity (momentum) 2.52 0.01 14.20 0.05 42k
CTT (muon) 2.29 0.01 20.47 0.05 30k
LaCT (momentum) 2.26 0.01 10.83 0.04 51k
LaCT (muon) 2.29 0.01 11.21 0.05 34k
Transformer 2.23 0.01 10.58 4.16 41k

which in turn results in lower loss on text with highly repetitive structures. If the training data were not
thoroughly shuffled, certain word patterns may have appeared with disproportionate frequency, potentially
exacerbating this effect. This finding is broadly consistent with our hypothesis that CTT can learn effectively
from relatively smaller amounts of data. Although such overfitting is detrimental in evaluation scenarios at
the current scale, a similar but milder trend was observed in the LaCT-muon variant. As shown in Figures
2 and 3, LaCT with muon achieves lower training loss than test loss, indicating that this behavior is not
unique to CTT but is instead accentuated by it. This is further supported by the results at 8k and 16k
context length, appendix B.

Prior results from the LaCT paper (41) demonstrate that the muon update rule can reduce validation loss
and improve performance on the Needle-in-a-Haystack task from the RULER benchmark (17), provided that
models are scaled and trained on substantially larger datasets. Our findings indicate that CTT with muon
amplifies certain beneficial characteristics observed in LaCT with muon models, which are not present in
momentum-based models. These observations suggest that CTT muon-based variants may yield superior
results at larger model scales, such as 760M or 3B parameters.

Our results show that CTT models containing the NN-similarity component had a detrimental effect on the
CTT model’s learning speed and generalization capability. This degradation is likely attributable to the
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added complexity introduced by the NN-similarity mechanism. Given the absence of clear benefits, it is
unlikely that future work will prioritize this particular design choice.

The CTT model trained with momentum exhibits performance that closely mirrors that of the LaCT-
momentum variant, differing only slightly at shorter context lengths on downstream tasks, where it requires
a longer warm-up period.

Figure 3: Results on loss per token-index position for the FineWeb-edu 10BT sample dataset filtered for all
examples beyond 32k tokens in length. A running average filter with 100 samples in width has been used to
smooth the results. The standard deviation of the mean across dataset shuffles for all models is below 0.007.
CTT with muon performs markedly worse than other models due to overfitting seen during training and
validation. LaCT with muon also experiences a similar effect. CTT with momentum update model performs
worse at short contexts but follows a similar trajectory to the LaCT and transformer models.

6 Conclusions

In this paper, we present Contrastive Test-Time Training (CTT), a novel learning method that extends
the capabilities of Test-Time Training (TTT) layers through the application of contrastive learning. By
integrating CTT with the Large-Chunk Test-Time Training (LaCT) architecture, we were able to incorporate
negative samples, a crucial element for employing the InfoNCE loss function. We posited that this approach
is particularly effective at filtering out irrelevant features and noise, leading to more stable and robust
representational learning.

Our empirical evaluation compared CTT against a LaCT baseline and a causal Transformer on language
modeling tasks, utilizing models with up to 140M parameters. The results demonstrate that CTT models can
achieve performance on par with their LaCT counterparts, with the CTT-muon variant showing particularly
promising results. While the current model sizes were not sufficient to pass the RULER benchmark for long-
context retrieval, our findings suggest that CTT is a scalable and promising direction for future research.

Specifically, our analysis with the muon-based optimizer indicates that its benefits are likely to be realized
at a larger scale. This observation is consistent with prior research on LaCT, which found that muon-based
optimizers yield significant performance gains when applied to larger models and datasets. We therefore
recommend that future work should focus on scaling up the CTT-muon variant to model sizes of 760M or
3B parameters and evaluating its performance on more demanding benchmarks.

Due to its exploratory nature this study has notable limitations: experiments were restricted to models
up to 140M parameters, leaving uncertain whether findings—such as the benefits of the Muon update
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rule—generalize to larger scales; evaluations were confined to language modeling, so effectiveness in domains
like vision, multimodal learning, or reinforcement learning remains untested; downstream evaluation was
limited, with poor performance on benchmarks like RULER constraining task-level generalization; the work
lacks strong theoretical grounding, relying primarily on empirical evidence; and exploration of design choices
was shallow, with sparse ablations and minimal hyperparameter tuning. Nonetheless, the results highlight
promising behaviors. Future experiments should investigate the influence of chunk size on the warm-up
dynamics of CTT models, as this factor may help mitigate the observed lag. As with the CTT-muon model,
scaling up the CTT-momentum variant could reveal additional properties that warrant further analysis.
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A Further Architectural Details for Experiments

Figure 4: This architecture depicts the form for the CTT and LaCT modeling blocks. It loosely follows a
similar architecture to that used in the Mamba paper (9). Yellow blocks depict the key sequence modeling
processes, blue are linear projections, green are non-linear activations, orange are normalizations, gray are
scaling blocks, and purple are optimizer-related scalars.

Table 2: Model parameters for the 140M parameter models.
CTT and LaCT parameters have been combined for brevity;
parameters for CTT models have been noted with a star.

Parameter CTT/LaCT Transformer
Number of Layers 12 12
Hidden Activation Swish Swish
Hidden Size 768 768
Attention Heads 24 24
Window Size 2048 N/A
Lact Chunk Size 2048 N/A
TTT Heads 4 N/A
Vocabulary Size 32,000 32,000
Context Length 32,768 32,768
Precision BF16 BF16
Norm EPS 1e-6 1e-6
CTT Temperature* 0.5 N/A

Table 3: Training Details for the 140M
Parameter Models. All models have been
trained with the same training parameters
to ensure fair comparison.

Parameter Value
Optimizer Type AdamW
Optimizer EPS 1e-15
Learning Rate 1e-3
LR Scheduler Decay Type Cosine
LR Minimum 0.1
Training Seed 42
Max Norm 1.0
Training Steps 91550
Sequence Length 32768
Batch Size 1
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B Additional Results on Language Modeling at 8k and 16k Context Length

Figure 5: Results on loss per token-index position for the FineWeb-edu 10BT sample dataset filtered for all
examples beyond 16k tokens in length. A running average filter with 100 samples in width has been used to
smooth the results. Results support findings at 32k context length.

Figure 6: Results on loss per token-index position for the FineWeb-edu 10BT sample dataset filtered for all
examples beyond 8k tokens in length. A running average filter with 100 samples in width has been used to
smooth the results. Results support findings at 32k context length.
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