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Abstract

Self-Attention is a powerful and flexible prim-
itive, forming the foundation for virtually all
modern language models. While undeniably
capable, these systems quickly degrade when
faced with long context, especially if the length
is OOD. We introduce TWIN HEADS, a refor-
mulation of attention that allows transformers
to learn selective memories of the sequence at
each step. TWIN HEADS introduces a mini-
mal parameter overhead and is compatible with
tiled computation resembling flash attention,
meaning it can stay memory efficient too. We
find that TWIN HEADS greatly enhances gener-
alisation to unseen context lengths, and does so
while scaling favourably, showing competitive
performance at up to 1.4B scale.

1 Introduction

As progress continues to compound, large language
models (LLMs) are being charged with far more
complex tasks. While their ability to operate au-
tonomously is improving (METR, 2025), signifi-
cant challenges remain. In particular long context
remains an issue, with models struggling as length
increases, and failing catastrophically once it falls
out of distribution (Liu et al., 2023b; Zhou et al.,
2024; Huang et al., 2025; Hong et al., 2025). This
is far from ideal. Truly complex operations require
processing and synthesising a lot of information
and we’d like models that grow from, rather than
drown in, such information.

To understand the issue, as well as potential so-
lutions, we have to consider the trade-off between
two classes of architecture: transformers, in par-
ticular the decoder-only variant used as language
models, (Vaswani et al., 2017) and state space mod-
els (SSMs) (Schlag et al., 2021; Gu et al., 2022; Gu
and Dao, 2024; Yang et al., 2025b). Transformers
excel at retrieval, because self-attention lets them
pull information from anywhere in the sequence.

However, they struggle with time. Temporal order-
ing is generally provided through positional encod-
ings, which are rigid and become incoherent out of
distribution, leading to catastrophic failures within
the model. State space models, on the other hand,
excel at temporal processing, effortlessly remain-
ing coherent even when faced with out of distri-
bution sequence lengths. They do so through the
use of data dependent time decay, which allows the
hidden state to forget past information when some-
thing new is encountered that renders it no longer
salient. This provides SSMs with a flexible, multi-
timescale memory. Information can be overwritten
when encountering a structural transition point (e.g.
a sentential boundary) or for more specific features
e.g. when a particular entity takes a new action;
because forgetting is data dependent it becomes
an expressive and flexible way of propagating in-
formation through time. However, SSMs are far
inferior to transformers when it comes to retrieval
(Waleffe et al., 2024; Jelassi et al., 2024). The en-
tire sequence history is compressed into a single
vector, and even if it is a very capable memory this
cannot compare to a transformer which can reach
back whenever it needs to.

Retrieval and content-based time decay are both
crucial if we want models that generalise well to
long contexts; but how do we combine them? We
introduce TWIN HEADS where attention is derived
from the interaction of standard and auxiliary gate
heads, the latter of which directly controls when to
forget and where to focus, thus enabling and aiding
both capabilities. We find that when trained with
TWIN HEADS, transformers exhibit significantly
enhanced OOD generalisation and long context
capabilities. Moreover, TWIN HEADS introduces
negligible additional parameters (in fact fewer than
most positional encodings) and is compatible with
FlashAttention-like online computation. As a result
we are able to scale it and show that it can produce
highly capable language models.
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2 Model

A core strength of the transformer is that it is able
to represent many states in parallel. Each column
in the network can pull information from different
parts of its context, thereby building its own unique
set of connections. TWIN HEADS is designed to
play to this strength, and enhance self-attention’s
expressivity by allowing each guery to form its own
selective memory as well. To do so we begin by
splitting each head in self-attention in two paired
sets: a standard head (with logits S = QK '/ Vd)
and a gate head (with logits G = Q' K'" //d).
Selective Memories and Time Decay: one of the
two key primitives for effective long context capa-
bilities is a flexible, selective and multi-timescale
memory. This is the core capability that enables
SSMs to be robust to long and out of distribution
context lengths. How do we incorporate it in a
transformer? Prior work shows us two pathways to
doing so, both of which require a parameterised for-
get gate. For each input position i, we can compute
adecay 0; = logo (Wyax; +b) < 0, where z; is
the input to the layer at position ¢, Wy € REX1
is a forget projection weight, b scalar bias, and o
denotes sigmoid. The vector § contains decay val-
ues for each sequence element which can be used
as relative positional encodings (Dai et al., 2019)
(i.e. biases on the unnormalised attention weights).
However, to do so we must find a way of turning ¢
into a penalty matrix A that influences each pair-
wise interaction, leading to two approaches.

The first approach, resembling ALiBi (Press
et al., 2022), treats J as representing a query’s re-
ceptive field (i.e. lookback window) with penalties

AG=>"6=(i—j+1)8 j<i (1)
t=j

Note that each query (or row) in A¢ computes a
suffix sum over the same constant scalar §; value
(i.e. identical columns), yielding a constant linear
decay. This allows flexibility in how far back a
query wants to look, but makes the memory agnos-
tic to what it encounters along the way. Where at-
tention should terminate on, say, a sentence bound-
ary, this fails as forgetting is agnostic to the content
of the sequence. Contentful forgetting, introduced
by the forgetting transformer (FoT) (Lin et al.,
2025), can be achieved as

AL =)0, j<i )
t=j

Here, time decay is data dependent. Decay
rates change at each time step t, yielding a more
flexible piecewise linear form. This means that
model can learn to forget the past after encounter-
ing e.g. a change in topic or a syntactic bound-
ary. This second form is more flexible and su-
perior to the first, as demonstrated by (Lin et al.,
2025). However, it suffers from the limitation that
the same decay values are shared across the se-
quence (identical rows). This both robs each query
of the ability to define its own receptive field and
restricts memory by making it uncontextual. Each
token must predict what will be relevant and what
should be forgotten without knowing what lies fur-
ther ahead. If incorrect, the decision cannot be
overwritten. In the absence of a perfect predictor,
this is clearly suboptimal. In TWIN HEADS we
instead use the gate head G to combine both forms,
providing the model with data dependent forget-
ting that is adaptive to the needs of each time steps.
We achieve this by making it contextual, taking
advantage of GG as

Ay = Z5i0 (Git) J <. 3)
t=j

TWIN HEADS decay (3) allows each query to
define its own lookback window (9;), but condi-
tions its transitions on the gate head’s activations.
The sigmoid enforces their actions as soft on or
off switches deciding when a boundary transition
is reached. Crucially, unlike FoT (2), it does not
impose these decisions on future time steps. This
allows each query to define a unique segmentation
of the past, capturing different snapshots depending
on what is relevant at the time. This is highly ad-
vantageous when we want to, say, track the actions
of multiple characters in a book, or have each to-
ken pay attention to the the specific set of syntactic
features that determine its role in a syntactic parse.
Such operations are temporally / locality bound
while simultaneously being context dependent.

Content Gating: The second role of G is to inhibit
S by acting as a content gate. Not all attention
operations are positional, and so far we have only
used G to determine locality. The model also may
want to perform retrieval operations where it simply
wants to match a very specific set of key(s) not mat-
ter how far away it is. For such an operation atten-
tion needs to be highly selective. A very good way
of doing this is by distributing the operation across
multiple heads, because they can each specialise
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Figure 1: TWIN HEADS attention

for different features which when combined enable
a discriminative decision (Shazeer et al., 2020; Ye
et al., 2025; Golovneva et al., 2025). Given that
we have already defined attention as the interaction
between paired heads we can take advantage of G
by having it help here to, serving as a content gate.
This can be achieved simply as follows:

S +logo (G) 4)

Finally, to arrive at the attention weights them-
selves we put all three terms together:

A = softmax (S + logo (G) + A) 5)

Summary: The full architecture for TWIN HEADS
attention can be seen in 1, it introduces a secondary
gate head which serves a dual purpose. The first,
shown in the bottom branch of the diagram, is to
allow the model adaptive, context-dependent con-
trol over local segmentation and temporal memory
operations. The latter allows the gate to act is a
content gate helping to focus the standard heads
attention to relevant slices of the input. Letting
G interact with both paths lets the model learn ei-
ther kind of operation when it needs to, or even
discover a felicitous combination of the two. For
example, one could imagine the model first using
G to segment and chunk tokens into higher level
constituents. It can subsequently use G to find the
most relevant constituent and suppress attention
elsewhere, while S searches for the most relevant
features within it.

2.1 FlashTwinHeads:

Much like FlashAttention (Dao et al., 2022), TWIN
HEADS can be evaluated tile-wise with an online
softmax, avoiding materialising either the standard
attention matrix or the gate matrix while retaining
the memory savings of [O-aware attention. In the
forward pass, we sweep over key blocks from right
to left, carrying both the softmax state and the gate

suffix state needed by the decay term. In the back-
ward pass, the standard attention gradients remain
tileable once the probabilities are reconstructed, but
the gate path additionally requires a left-to-right
prefix accumulation over the logit gradients. The
key/value-side gradients can be accumulated either
with atomic adds, as in SBA (Tan et al., 2025), or,
as in our implementation, with a split Q-parallel
and KV-parallel kernel design, which we found to
be more efficient.

3 Warmup: Synthetic Tasks

Before we turn to larger scale experiments we first
turn to synthetic tasks. This is to build intuition for
how TWIN HEADS operates and lets us compare it
to a wide array of baselines.

3.1 Tasks:

As probing tasks we first turn to flip-flop language
modelling (Liu et al., 2023a). Here sequences con-
sist of symbol alphabet of three instructions: write
(w), ignore (i) and read (r) each of which is fol-
lowed by a bit. When presented by a read instruc-
tion the model has to recall the bit that follows
the nearest write instruction while not memoris-
ing all intervening bits that are followed by an ig-
nore instruction (e.g. in: w1i0i1i1i0i1i0i0i1i0r out:
1). This is analogous to state tracking. Imagine
a model processing a book and trying to predict
what a character will do next. The model must
locate the last time the character was mentioned
and capture the context of what their last actions
were. At the same time is must ignore anything else
that happened in the intervening narrative that isn’t
pertinent. In its most abstract form this process is
modelled by the Flip-Flop task. The task consists
of in distribution splits and two out of distribution
splits: dense and sparse where the number of in-
tervening ignore instructions is either increased or
decreased respectively.

While the flip-flop task measures state tracking
in a simplified form real life data can be more com-
plicated. Rather than just tracking one character,
the model reading the book needs to track a whole
array of them. Moreover, characters might co-occur
in context and the model might need to understand
that too (e.g. Harry and Hermione were together
on the Hogwarts express). As an abstract model
of this we design a new task which we dub syn-
thetic hierarchy. The model is presented with a
symbol sequence a basic atomic symbols grouped



Table 1: Results on synthetic tasks representing average across four seeds. Metric is exact match (7).

Setting NoPE RoPE CoPE Selective A FoT TRA Twin Heads
Flip-flop language modelling

Flip Flop ID 100 £+ 0.0 100 £+ 0.0 100 £+ 0.0 100 £+ 0.0 100 £+ 0.0 100 + 0.0 100 + 0.0
Flip Flop OOD (Dense)  0.15 +0.0 100 £+ 0.0 100 £+ 0.0 100 £+ 0.0 100 £+ 0.0 100 £+ 0.0 100 £+ 0.0

Flip Flop OOD (Sparse) 99.97 £0.1 72.82+1.27 95.10 +4.40

100 £+ 0.0 93.40 £4.21 100 £+ 0.0 100 £+ 0.0

Synthetic Hierarchy

Train 100 £+ 0.0 100+ 0.0 9991 +0.03
1D 99.94 £0.05 99.99 £0.02 99.79 £+ 0.01
OOD 65.42 £2.07 56.73 £8.47 70.80 £3.10

88.40£9.87 98.05£240 99.90 £0.15 100 £+ 0.0
7947 £1540 9799254 99.81 £0.22 99.77 +0.30
3629 £9.52  67.79 £15.93 69.43 +24.79 94.75 + 3.12

together into constituents. The constituency struc-
ture can be inferred from delimiter symbols and is
purely based on the context a given symbol occurs
in. Given a sequence the model is then presented
with a symbol or a constituency group reference
and must then recall all symbols that share the same
relation. This task can be thought of as a more diffi-
cult version of multi query associative recall (Arora
et al., 2024). The model must be able to perform
both state tracking in order to understand the group-
ings and also associative recall. Importantly, there
are multiple states to track in each sequence and
it is ambiguous which one the model will have to
answer about. This consequently makes it a test of
the ability to handle multiple different streams in
parallel. We test in distribution (ID) and out of dis-
tribution (OOD) splits. In the OOD case the num-
ber of symbols that are bound to one constituent
group increases.

4 Baselines:

For baselines we select several attention variants.
The first of these is NoPE, which simply uses no
positional encodings and has been shown to enable
slightly better generalisation (Kazemnejad et al.,
2023). The second baseline is rotary position en-
codings (Su et al., 2021). This positional encoding
has become the de-facto standard, and is widely
used to this day (Olmo et al., 2025; Yang et al.,
2025a; Agarwal et al., 2025). Here position is rep-
resented by applying a rotation to the keys propor-
tional to the distance from the query. However it
is not content based which makes it challenging
to track state. For baselines that do have the no-
tion of content based position we select FoT (Lin
et al., 2025), as discussed in the prior section, as
well as Selective Attention (Leviathan et al., 2025),
CoPE (Golovneva et al., 2024) and TRA (Opper
et al., 2025). Selective Attention operates in a simi-
lar fashion to FoT, with the one caveat being that

rather than forgetting being determined by each
position prior to attention, it is instead determined
through a cumulative vote of relevance by all fu-
ture positions. While this does allow for future
context to influence memory of the past it still falls
short in terms of flexibility, as one part of context
might only be relevant to a very particular subset
of queries. CoPE and TRA both allow for queries
to shape their own view of the past, but in a dif-
ferent fashion to TWIN HEADS. In CoPE tokens
are assigned fractional positions based on the atten-
tion score with the query, however by interpolating
between a fixed set of absolute embeddings. This
both induces considerable computational cost and
limits generalisability. TRA is perhaps the clos-
est relative of TWIN HEADS however, rather than
having a separate head to control positional per-
ception and content gating it does so through a
non-differentiable threshold operation. While quite
capable this design choice limits learnability and
expressivity.

Setup: For all models we use the same core
transformer backbone based on the Llama 3 variant
of the architecture (Dubey et al., 2024); consisting
on SwiGLU layers (Shazeer, 2020) coupled with
RMSNorm (Zhang and Sennrich, 2019). As these
are probing tasks that don’t require scale we limit
the size of models to four layers and four heads.
We found no benefit from additional layers, but
we do allow for increased hidden dimension. We
searched through 256, 512 and 1024 and used the
best for each task. All models are trained for 100k
steps using a cosine learning rate schedule.

Results are shown in Table 1. While most contex-
tual baselines perform well on the flip-flop task they
show serious signs of struggle on the more com-
plex hierarchy task. This requires tracking multiple
states in parallel under ambiguity, and methods like
FoT and selective attention show signs of struggle.
When there is one state to track collective voting is
very useful, but when there are many it becomes a



Table 2: Scaling ladder configurations for language model pre-training.

Model Scale Layers Heads Hidden Size Training Tokens Context Length Batch Size
350M 12 10 1280 10B 2048 128
700M 24 12 1636 20B 2048 128
1.40B 28 16 2048 40B 2048 / 4096 256

Table 3: Zero-shot results on standard pre-training benchmarks with 1.4B models trained on 40B tokens. Column
Score computes average over accuracy / normalised accuracy where appropriate.

PPLX | Acc 1 Ace N1
Model Score
Wiki Lambada Lambada SciQ PIQA Winogrande ARC-E ARC-C Hellaswag OBQA
NoPE 19.95 22.95 39.09 87.60 70.29 53.20 66.29 33.36 47.79 36.6 5428
RoPE 18.51 19.06 41.49 85.30 71.16 56.51 66.58 33.96 50.60 356 55.15
FoT 18.72 20.93 40.68 88.20 71.16 53.28 65.91 33.28 49.95 36.8 5491
Twin Heads 18.12 16.89 43.20 88.10 71.93 55.72 68.98 34.73 51.81 388  56.66

limitation. CoPE and TRA similarly struggle. De-
spite being contextual and query driven their use
absolute schemes and non-differentiability ham-
per them respectively. One the other hand TWIN
HEADS is able to do well showing good generalisa-
tion both in distribution and out. Next we examine
whether it can showcase the same performance in
real life language modelling tasks.

5 Language Modelling

Results on synthetic tasks show that TWIN HEADS
exhibits promising generalisation trends, but does
this carry over to language modelling? After all,
real world data is messy and complex and we wish
to establish if TWIN HEADS is effective in such a
setting as well.

5.1 Setup

We train models across three different scales:
350M, 700M and 1.4B. For each model we train
for a little over the Chinchilla optimal number of
tokens (20x) (Hoffmann et al., 2022). The specific
configurations for each scale can be found in Table
2. All models share the same core architecture that
follows Llama 3 (Dubey et al., 2024) i.e., pre-layer
norm using RMSNorm (Zhang and Sennrich, 2019)
and SwiGLU activated MLPs (Shazeer, 2020). As
baselines we select: RoPE (Su et al., 2021), as it
remains the de facto choice for positional encoding;
NoPE (Kazemnejad et al., 2023) as both a simple
baseline and due to its supposed generalisation ben-
efits, and FoT (Lin et al., 2025) because it is serves
as the most direct comparison for whether our hy-
potheses regarding TWIN HEADS are valid. Apart
from their attention mechanisms, all models are

A +1.98%|

300M 700M 1.48
Parameters

Figure 2: Validation PPL across model tiers. A denotes
(%) improvement of TWIN HEADS over best baseline.

identical, except we note that we apply QK-norm
(Henry et al., 2020) to the FoT model following
the original paper. To ensure that all models are
parameter-matched, we halve the QK dimension
in our model compared with the baselines (from
128 to 64); the value dimension remains the same.
All models are trained on Fineweb-Edu (Lozhkov
et al., 2024), and use the GPT-2 tokeniser (Radford
et al., 2019). We adopt a window size of 2048 for
training. However, for the 1.4B models we perform
context extension for the final 10B tokens of train-
ing as we plan to test them on long context tasks
later on.

5.2 Results: In Distribution

Validation perplexities for each model tier can be
found in Figure 2. Results confirm that TWIN
HEADS is indeed a capable language model. More-
over, the performance difference to the best per-
forming baseline (RoPE) shows the gain improves
as scale increases, up from a marginal difference
at 300m. Similarly, while initially weaker, FoT
appears to be catching up to RoPE by the end of
the ladder, though not with TWIN HEADS. We



conjecture that this happens because the TWIN
HEADS mechanism allows the model greater flexi-
bility, which impacts its effectiveness as size and
capability increase.

To verify that the difference in perplexities trans-
lates to tangible improvement in behaviour, we
evaluate the 1.4B models on a series of popular
NLU and question-answering tasks using LMEval
Harness (Gao et al., 2023). These include ARC
(Clark et al., 2018), SciQ (Welbl et al., 2017), PIQA
(Bisk et al., 2020), Winogrande (Sakaguchi et al.,
2019), Hellaswag (Zellers et al., 2019) and Open
Book QA (Mihaylov et al., 2018). We also include
Wikitext (Merity et al., 2016) and Lambada (the
OpenAl version) (Paperno et al., 2016) as out-of-
domain language modelling benchmarks.

Results can be found in Table 3. On most tasks
TWIN HEADS either performs best or competitively.
We note that some of the areas where the improve-
ment is most stark is on Open Book QA (OBQA)
and Lambada, both of which directly probe the
models’ ability to reason over its context. We also
note that we capped the document length for Wiki-
text to never exceed the training context window
in order to give all baselines a fair measure of in-
domain performance. Left uncapped the advantage
of TWIN HEADS increases. However, this also
depends on the degree to which each method is ca-
pable of length generalisation, which we examine
more thoroughly in the next section.

5.3 Long Context Performance

While TWIN HEADS seems a capable language
model, thus far we have only evaluated in-
distribution on tasks which all language models
are fairly capable at, but TWIN HEADS was de-
signed for generalisation. To evaluate this, we now
test how each model fares with context lengths
they have never encountered during training. Be-
yond the extra length extension step we took for
the 1.4B models, we also introduce an additional
baseline to ensure a fair comparison. RoPE can be
brittle when facing OOD context lengths. Several
mitigation methods have been proposed. Position
interpolation (PI) goes from treating each token
as a unique position to instead reducing each to a
fractional value depending on the extension factor.
However, we found PI to be highly ineffective at ac-
tually improving the model. As a better alternative
we adopt NTK by parts!, which rescales RoPE’s

"https://github.com/jquesnelle/yarn/pull/1

Figure 3: Log perplexity values by position (training
cutoff 4096). Per token cross entropies are smoothed
using EMA with a = 0.01. The first 50 positions are
excluded to avoid skewing the plot.

base frequency rather than simply compressing all
positions. This ensures that the higher frequen-
cies (focussed on local context) are appropriately
rescaled, while lower frequencies which are respon-
sible for long range transmission are left untouched.
We find this is a significantly stronger baseline.

The first measure we consider for long context
robustness is how the loss behaves out of distribu-
tion; this as shown in Figure 3. Both NoPE and
ROPE rapidly degrade out of distribution. Even
with NTK, RoPE appears stable until around 16k
context length (4x what was seen during training)
after which instabilities set in. However, both FoT
and TWIN HEADS appear robust appearing stable
even up to 32k length (8x OOD), despite not receiv-
ing any manual intervention. However, perplexity
can remain low for many reasons. It is one thing
to be robust, and another to be able to make use
of the information you have available to you. It is
precisely this latter capability we examine next.

In an ideal world, language models are not just
robust to long context, they can also make good
use of it. However, pertinent information may be
located very far away, or scattered across the con-
text. For example, consider trying to track what a
particular character has been up to across a whole
book. To measure this kind of capability we turn
to two benchmarks. The first are the needle in the
haystack (NIAH) tests from Ruler (Hsieh et al.,
2024). The first step of being able to make use a
context is being able to retrieve information from
it, and that’s precisely what these task measure.
They range from single needle tasks where only one
piece of information is buried amid a hoard of ir-
relevant text, to mutlineedle tests where potentially
targets themselves serve as distractors. The second
benchmark is Babilong (Kuratov et al., 2024). If
Ruler measures retrieval Babilong measures synthe-
sis. The task takes simple natural language under-



Table 4: Ruler NIAH accuracies (). Highlighted columns indicate OOD context lengths.

Model Single Multi Key Multi Query Multi Value
ode
4k 8k 16k 4k 8k 16k 4k 8k 16k 4k 8k 16k
NoPE 95.20 00.00 00.00 47.20 00.00 0.00 27.50 00.00 00.00 29.60 00.00 00.00
RoPE 92.00 01.20 00.00 41.00 00.00 0.00 2490 00.00 00.00 24.45 00.10 00.10
+ NTK — 7800 1000 — 2940 00.60 — 1695 0000 — 18.10 02.50
FoT 99.60 02.60 02.60 53.00 03.80 03.00 34.20 00.00 00.00 29.95 00.00 00.00
Twin Heads 98.80 98.40 90.40 32.20 34.00 30.00 50.90 36.40 20.10 42.75 27.85 26.40

standing problems from the Babi set (Weston et al.,
2015), which involve answering questions about
the state of various characters given certain facts,
and scatters these facts amongst distractor context.
To succeed the model must be able to retrieve and
then chain together these facts in order to be able
to answer. Note that these evaluations are applied
zero-shot and usually to far larger models. Should
these capabilities exist it is a property of what learn-
ing has uncovered during pre-training, and without
any further intervention such as specialised long
context mid-training as is now becoming increas-
ingly prevalent (Olmo et al., 2025). With such
measures in place it is likely performance could be
improved considerably further.

Results are in Tables 4 and 5. Within distribu-
tion TWIN HEADS is a strong contender though
all baselines perform reasonably well. However,
out of distribution is where TWIN HEADS really
shines. It achieves much stronger generalisation
than RoPE (even with NTK) and FoT, both of
which perform poorly—indicating that they might
be achieving good perplexity not through use of
extra information, but rather by keeping attention
locally bounded.

5.4 In Context Learning and Code

Ruler and Babilong test the ability to retrieve and
synthesise salient information disconnected by oth-
erwise irrelevant text. This is certainly useful, but
there is another type of long context capability that
matters too. Namely, cases where there majority of

Table 5: Babilong accuracies (). Highlighted columns
indicate OOD context lengths.

Model 0k 2k 4k 8k 16k
NoPE 58.09 36.66 26.20 00.00 00.00
RoPE 60.49 3379 14.51 00.78 00.06
+ NTK — — — 06.51 01.70
FoT 60.49 37.60 26.66 03.40 00.28
Twin Heads 62.57 39.82 31.81 21.66 10.63

context consists of pertinent information. For exam-
ple, consider a model that grows more intelligent
as chat history extends, is able to gain more under-
standing by being exposed to an entire codebase or
being exposed to a companies internal documen-
tation. In this case the context is actively useful
rather than adversarial, and the model should make
use of that fact. To test this capability we turn to
LongBench (Bai et al., 2024). We focus on two
task categories. The first is many shot in-context
learning, where the model should actively grow
the more examples it receives. The second is code
completion (e.g. tab completions in Co-Pilot or
Cursor), here again we would image that the more
reference code the model is exposed to the more
capable it becomes. In order to evaluate on code we
train on the stack for 40 billion tokens (Kocetkov
et al., 2022), a large scale dataset collected from
permissively licenced GitHub repositories. We use
the same 1.4B set up from before the only change
being that we change to the StarCoder tokeniser
(Li et al., 2023).

Results can be found in Table 6. Note that these
tasks range from very short (<1k) to extremely
long (>20K) context. Moreover, these tasks are
easier for locality-focussed models than Ruler or
Babilong, where the inability to retrieve is damning.
However, TWIN HEADS still maintains a persistent
edge, as it can infer better from its surroundings
and thus make more use of the examples it is given.

Summary: We put TWIN HEADS to the test and

Table 6: Code completion and many-shot in-context
learning performance.

Code Infilling (1) Many Shot ICL (1)

Model
LCC RepoBench Samsum TREC TriviaQA
NoPE 25.35 22.07 03.69 11.33 07.63
RoPE 24.49 14.19 03.50 15.00 13.40
+ NTK 32.12 21.29 09.82 11.00  20.68
FoT 47.37 34.08 07.50 14.00  21.38
Twin Heads 52.33 37.23 27.33 2833 2441




evaluate its pre-training performance. It demon-
strates favourable scaling tendencies and promis-
ing performance in distribution. However, when
tested for zero-shot transfer to long context capa-
bilities it really shines. It is able to maintain robust
perplexity, but more importantly it also excels at re-
trieval and noise suppression as measured by Ruler
and Babilong, and can make better use of helpful
context as shown by LongBench.

6 Related Work:

Long Context Attention: Twin heads is not the
first work that attempt to create attention mecha-
nisms which generalise to longer contexts. The
goal of training short and testing long goes back
to Press et al. (2022), which corresponds to query
conditional decay discussed earlier. ALiBi does
succeed in stabilising perplexity to a point however,
once length becomes sufficiently out of distribution
it begins to degrade rapidly. It was later super-
seded by (Lin et al., 2025) (used as a baseline here),
which remains stable throughout and demonstrated
improved in distribution recall. Recently (Yang
et al., 2026) build on FoT by using a more expres-
sive decay derived from Gated Delta Net (Yang
et al., 2025b) with highly promising results. We
believe there is considerable promise in combining
their innovations with the twin heads design. Less
directly related are DaPE (Zheng et al., 2024) and
FIRE (Li et al., 2024) which add extra MLPs in an
attempt to have the model learn its own fractional
positional encoding. In contrast, TWIN HEADS re-
quires no additional parameters and uses attention
itself to derive contextual positions. Finally sliding
window attention (Beltagy et al., 2020) is com-
monly used in order to both stabilise performance
on long context and reduce cost. The downside
of this approach is that everything outside of the
window is forgotten.

Post Hoc Methods: In addition to attempts to cre-
ate a more general architecture there has been con-
siderable work that seeks to augment existing mod-
els with components or capabilities that help them
manage context better. Deepseek Sparse Atten-
tion (DeepSeek-Al et al., 2025) takes a pre-trained
model and then trains an additional indexer MLP
that can remove tokens from the attention com-
putation entirely, avoiding irrelevant information
muddying the value message. In layers where the
gate head does not impose local bounding and in-
stead acts a content gate it could potentially be

discretised or temperature scaled to achieve a simi-
lar effect. We believe this is an interesting area for
future work as it would remove the need for an addi-
tional training stage and further model components
entirely. Other notable efforts include providing the
LLM with tools to manage its own context window
(Zhang et al., 2026; Xiong et al., 2026); as well as
test time training to allow the model to remember
past information in its weights even if it can no
longer attend to it (Tandon et al., 2025). Though
they do incur (sometimes substantial) additional
cost these methods are effective and could lead to
compounding advantages if the attention mecha-
nisms in the underlying model are more general.
Theory: Going back to the work of (Weiss et al.,
2021) there has been substantial effort to try and un-
derstand the underlying mechanics of transformer
models in terms of the programs they can represent.
Zhou et al. (2024) and subsequently Huang et al.
(2025) postulate that there are languages which rep-
resent the information flow of a transformer. If a
program exists in that language to solve a particular
tasks then the transformer should correspondingly
exhibit length generalisation when trained on it.
Finding and understanding the gap between the-
ory and practice was key to the design of TWIN
HEADS. In particular that DAT of Smolensky et al.
(2026), which presents both a theoretical frame-
work and compilable discrete transformers, was a
key inspiration for this work.

7 Conclusion

In this work we introduce TWIN HEADS, an archi-
tecture that allows transformer to learn contextual
transition points, providing it control over its own
perception of position. This lets the model learn
its own rules for what information to remember
and when to forget. TWIN HEADS requires no
additional weights compared with otherwise stan-
dard self-attention mechanisms, can be computed
online, thereby retaining memory efficiency, and
shows significantly improved generalisation across
both synthetic tasks and large scale language mod-
elling. We believe that this mechanism, as with
other methods that provide models greater control
over their own information flow, hold considerable
promise for achieving robust general learners.



8 Limitations

While TWIN HEADS is capable of tiled computa-
tion we are still actively improving our triton ker-
nels. Currently we are able to match the memory
gains of flash attention everywhere. On through-
put we are roughly equal in the forward pass, on
the backward pass we are currently are better than
the naive pytorch implementation by roughly 1.2x
but lag behind flash attention, which is a heavily
optimised kernel. Additionally, we have not ex-
perimented with temperature scaling of attention
and the gate head’s weights. This is a commonly
used technique for handling long context and could
likely substantially improve performance.
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models apart from FoT which we found to benefit
from a higher learning rate of 5e-4. For its imple-
mentation we used the flash linear attention library.
For the majority of experiments we used 4xA100
nodes. For the 1.4B experiments we used a 8xH100
node and pre-training runs lasted roughly 5 days.
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