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Abstract

Linearization has emerged as a strategy for
developing efficient language models (LMs).
Starting from an existing Transformer-based
LM, linearization replaces the attention com-
ponent with computationally efficient sub-
quadratic token mixers. However, as an increas-
ing number of mixers are proposed, it remains
unclear which inductive biases are best suited to
inherit the original Transformer’s capabilities.
Furthermore, it is unknown how linearization
is affected by parameter and token budget scal-
ing. To address these questions, we propose
a unified setup to compare seven representa-
tive architectures, including xXLSTM, GLA, and
Gated DeltaNet. Our findings reveal that perfor-
mance hierarchies remain stable from 140M to
1.7B parameters, with error-correcting update
rules demonstrating superior scaling exponents.
We show that performance gaps are established
early and persist through asymptotic maturity
at 10B tokens, suggesting that state resolution
is a more fundamental bottleneck than the distil-
lation budget. Finally, while most models adapt
to instruction tuning, only gated delta-rule for-
mulations maintain the precision necessary for
long-context retrieval, whereas additive models
suffer from irreversible state saturation. These
results suggest that for successful linearization,
architectural inductive biases remain the pri-
mary constraint that cannot be overcome by
simply scaling training compute.

1 Introduction

Recent research has increasingly focused on /in-
earization as a strategy for developing efficient
language models (Bick et al., 2024; Mercat et al.,
2024a; Zhang et al., 2024a; Wolf et al., 2020). This
process involves taking a pretrained Transformer
and converting it into a subquadratic student model
by replacing the original O(L?) self-attention layers
with more efficient foken mixers, such as linear at-
tention or gated recurrences. While the student typ-
ically retains the teacher’s pretrained feed-forward

weights, it must undergo a phase of knowledge distil-
lation to adapt the new token mixer to the teacher’s
learned representations. The goal of linearization
is to produce models that maintain the performance
of large-scale Transformers while offering greatly
improved efficiency due to the linear-time inference
and constant-memory overhead characteristics of
subquadratic architectures.

However, as the variety of subquadratic token
mixers has increased, it has become difficult to de-
termine which specific inductive biases are most
effective for successful linearization. Current lit-
erature often reports results under heterogeneous
conditions—varying in model size, training budget,
and distillation objectives—which makes it chal-
lenging to isolate whether observed gains stem from
architectural design (such as the use of gating, de-
cay, or the delta rule) or from the specific training
recipe.

Beyond the choice of token mixer, critical ques-
tions remain regarding the scaling behavior and
downstream viability of linearized models. It is
currently unclear how the performance of these stu-
dents scales with both parameter count and the num-
ber of distillation tokens, or whether the advantages
of certain architectures persist as they grow from
millions to billions of parameters. Furthermore,
while the primary goal of linearization is to retain
the capabilities of the teacher, the extent to which
subquadratic students can successfully undergo in-
struction tuning or manage long-context retrieval
after distillation remains an open area of inquiry.
A unified evaluation framework. We address
these gaps by conducting a systematic empirical
study of seven representative subquadratic archi-
tectures, including xLSTM (Beck et al., 2024),
DeltaNet (Yang et al., 2025b), Gated DeltaNet
(Yang et al., 2025a), GLA (Yang et al., 2024), Ret-
Net (Sun et al., 2023), and Kimi (Team et al., 2025).

To isolate the token mixer as the primary variable,
we develop a three-stage distillation pipeline that



aligns attention-outputs and hidden-states while
holding the teacher model, data distribution, and
training recipe constant. By abstracting the distilla-
tion process from architecture-specific constraints,
we provide each student with a dense supervision
signal that enables a rigorous head-to-head compar-
ison of their underlying state-update mechanisms.

Our study yields three primary insights into the
linearization of language models:

* We scale student models from 140M to 1.7B
parameters and observe that architectural per-
formance hierarchies remain remarkably sta-
ble across scales. While gated architectures
consistently outperform ungated baselines, we
identify a crossover at the 1.7B scale where
error-correcting update rules begin to demon-
strate superior scaling exponents compared to
purely additive alternatives.

* We evaluate the maturity of these architectures
by extending distillation significantly beyond
standard linearization recipes. Our findings
indicate that relative performance gaps are es-
tablished early in the training process and per-
sist even as models approach their asymptotic
limits, suggesting that the inherent state resolu-
tion of the token mixer is a more fundamental
bottleneck than the distillation token budget.

* We evaluate the viability of linearized mod-
els for downstream and long-context tasks by
performing instruction tuning on the distilled
students. While we find that subquadratic mod-
els successfully adapt to instruction following,
this process reveals a mixed picture regard-
ing state resolution; specifically, most archi-
tectures suffer from a collapse in long-context
retrieval, with only gated delta-rule formula-
tions maintaining the precision required for
long-range associative recall.

Taken together, these findings establish a clear
hierarchy for subquadratic design and demonstrate
that architectural choices such as error-correcting
update rules are more decisive for successful lin-
earization than simply increasing the distillation
token budget.

To facilitate further research into efficient archi-
tectures and ensure the reproducibility of our find-
ings, we publicly release all base, instruction-tuned,
and instruction-distilled models'.

'Redacted for submission.

2 Preliminaries and Related Work

2.1 Subquadratic Token Mixers

Subquadratic token mixers replace quadratic self-
attention with mechanisms that process sequences
recursively by updating a compact state as tokens
arrive. Rather than attending explicitly to all pre-
vious tokens, these models compress history into a
learned state that is incrementally updated, enabling
linear-time inference while shifting the burden of
long-range dependency modeling onto the state up-
date rule.

Across existing work, most subquadratic archi-
tectures differ along one central axis: how they re-
tain, overwrite, or forget information over time. We
group the models considered in this study according
to this principle.

State accumulation via linear attention. Linear
attention approximates softmax attention by refor-
mulating attention as a sum of key—value outer prod-
ucts stored in a state matrix. The state is updated
additively at each step and queried by the current to-
ken, yielding linear complexity in sequence length
but removing the explicit normalization and token-
level selectivity of softmax attention. A known
limitation of this formulation is the lack of explicit
forgetting, which can cause the state to become
dominated by stale or irrelevant information. Sev-
eral variants (Aksenov et al., 2024; Zhang et al.,
2024b) address this by improving the feature map
or kernel, but the underlying update remains purely
additive.

Gated and decay-based state updates. An alterna-
tive design introduces explicit control over memory
retention through decay or gating. Rather than ac-
cumulating all past information, these models mod-
ulate the previous state before adding new content.
RetNet (Sun et al., 2023) applies a uniform decay
to the entire state, biasing the model toward recent
context, Gated Linear Attention (GLA) (Yang et al.,
2024) refines this idea by applying channel-wise
decay, allowing different components of the state
to be forgotten at different rates. More expressive
variants introduce input and forget gates, drawing
inspiration from recurrent neural networks. Models
such as xXLSTM (Beck et al., 2024) update their state
using multiplicative gates that regulate both how
much new information is written and how much
of the previous state is preserved. This enables
selective retention and controlled overwriting.
Delta-rule and content-based overwriting. Delta-
rule models (Yang et al., 2025b) adopt a content-



ARCHITECTURE UPDATE TYPE INpUT DER  STATE UPDATE RULE GRANULARITY
Outer Product Based Matrix-Valued State (Additive)

Linear Attn Additive - Sy = Si—1 + kvl Ungated

RetNet Decay No Sy =Si—1 + viky Channel-wise

GLA Gated Decay Yes S; = Diag(a:)Si—1 + kv, Channel-wise (diag.)

mLSTM (xLSTM) Gated Decay Yes St = fiSi—1 + irve ktT Head-wise Scalar

Delta-Rule (Overwriting)

DeltaNet Error-Correction  Yes Sy =St—1(I — Bekiky ) + Beveky Scalar Overwrite

Gated DeltaNet Error-Correction  Yes St = arSe—1(I — Bk kS ) + Brve kS Head-wise Scalar

Kimi (KDA) Error-Correction  Yes S; = Diag(a:)Si—1(I — Bekik{ ) + Biviky Channel-wise (diag.)

Table 1: Taxonomy of subquadratic token mixers. We distinguish between additive accumulation, gated decay, and
content-aware overwriting (Delta-rule). Formulas illustrate how the state S; € R%*? is updated per timestep.

aware update mechanism that partially overwrites
state components aligned with the current input.
This induces a form of last-write-wins memory,
where new evidence replaces older, related informa-
tion. Gated variants, such as Gated DeltaNet (Yang
et al., 2025a) and Kimi (Team et al., 2025), com-
bine this overwrite rule with decay terms, providing
fine-grained control over memory retention. Rather
than approximating attention kernels, these models
replace token-level selection with structured state
updates.

2.2 Linearizing Pretrained Transformers

Rather than training subquadratic language models
from scratch, a growing body of work studies how to
linearize pretrained Transformers by replacing soft-
max attention with more efficient token mixers and
transferring knowledge via distillation (Hinton et al.,
2015). Early approaches focused on fine-tuning
pretrained models with recurrent or decaying atten-
tion mechanisms (Kasai et al., 2021; Mao, 2022),
demonstrating that pretrained representations can
be partially preserved despite architectural changes.

More recent work has proposed increasingly
structured linearization pipelines. SUPRA (Mercat
etal., 2024b) introduces a scalable uptraining frame-
work that converts pretrained Transformers into
recurrent architectures through progressive adap-
tation. LOLCATSs (Zhang et al., 2024a) combines
low-rank adaptation (Hu et al., 2021) with attention
transfer to approximate softmax attention efficiently.
MOHAWK (Bick et al., 2024) proposes a staged
distillation procedure that aligns materialized atten-
tion maps between teacher and student, enabling
the transfer of quadratic attention behavior into sub-
quadratic models.

Subsequent extensions integrate architec-
tural reuse and instruction tuning. Mamba-
LLaMA (Wang et al., 2025b) applies progressive
distillation to Mamba-based students, LIGER (Lan
et al., 2025) constructs gating modules with
additional mechanisms such as sliding-window
attention, and Yueyu et al. (2025) linearize Qwen-
2.5 using RWKV-style blocks with hidden-state
alignment. LIZARA (Nguyen et al., 2025) further
augments subquadratic token mixers with adaptive
memory modules.

In contrast to prior work that typically tar-
gets a single student architecture or emphasizes
attention-map reconstruction, our study adopts
an architecture-agnostic linearization framework
based on attention-output and hidden-state align-
ment. This enables direct comparison of diverse
subquadratic token mixers under identical train-
ing conditions, isolating the effects of state-update
mechanisms, gating, and scaling behavior. As
Mamba-style (Dao and Gu, 2024) models have al-
ready been extensively explored, we focus on alter-
native architectures spanning additive, gated, and
delta-rule—based update families.

3 Linearization Framework

We train subquadratic student models via a three-
stage distillation pipeline that progressively aligns
the student with a pretrained Transformer teacher.
The pipeline is designed to stabilize optimization,
isolate the token mixer as the primary source of
variation, and enable fair comparison across archi-
tectures. All student models are initialized by copy-
ing all parameters from the teacher model, while
newly introduced parameters are initialized from



scratch.

In contrast to prior approaches such as MO-
HAWK, which directly align the teacher’s attention
maps with materialized attention maps of the stu-
dent, we align the full attention output produced by
the token mixer. Direct attention-map alignment is
inherently tied to attention-specific inductive biases
and primarily constrains query—key interactions.
Aligning the complete attention output instead pro-
vides a denser supervision signal and is model-
agnostic, as it remains well-defined across linear
attention, gated recurrent, and state-update—based
token mixers.

Stage 1: Token-mixer (attention-output) align-
ment. In the first stage, we align the student’s
token mixer with the teacher’s attention output. For
each aligned layer ¢, we minimize a mean squared
error loss

2

Lho = ab@) —ab@| . ®

The overall attention-output alignment objective is

Lao = w ‘ > Lio, )

LeLly

where £; denotes the set of aligned layers. This
stage directly supervises the complete token-mixing
pathway, including value projections, output pro-
jections, and gating mechanisms.

Stage 2: Hidden-state alignment. In the second
stage, we align intermediate hidden representations
of teacher and student. For each selected layer /,
we minimize the mean squared ¢ distance

Lipn = = Zth () — R ( )H (3)

Aggregating over a set of layers Lo, the hidden-state
alignment loss is

Lwon =

23] E | > Liow 4

LeLlo

Stage 3: End-to-end knowledge distillation. In
the final stage, we train the student end-to-end us-
ing standard knowledge distillation. The objective
combines next-token prediction with distribution
matching:

Lxp = Lcg + AxLkL, 5

where the distillation loss is defined as

T
Lk = %ZKL(I?T(' | 2<i) || ps(- | 2<t)).

t=1
(6)
The three objectives are applied sequentially.
This staged optimization improves stability and pre-
vents interference between alignment signals, en-
abling controlled comparison of subquadratic token
mixers under a unified training protocol.

4 Experiments

We select seven representative subquadratic token
mixers to enable controlled comparisons along two
key architectural axes: the update rule and the pres-
ence and granularity of gating. Specifically, we con-
sider two dominant update families - outer-product
additive updates and delta-rule—based updates -
and, within each family, architectures with head-
wise scalar gating as well as channel-wise gating.

Within the outer-product family, we include Lin-
ear Attention as an ungated baseline, GLA (Yang
et al., 2024) as a channel-wise gated variant, and
xLSTM (Beck et al., 2024) as a head-wise scalar
gated model with input-dependent gating. Within
the delta-rule family, we include DeltaNet (Yang
et al., 2025b) as a channel-wise gated model, Gated
DeltaNet (Yang et al., 2025a) as a head-wise scalar
gated variant and Kimi (Team et al., 2025) as a
channel-wise gated variant. In addition, we include
RetNet (Sun et al., 2023), which employs a head-
wise scalar but input-independent retention gate and
thus occupies a distinct position between ungated
and input-dependent gated models.

This selection spans ungated, input-independent
gated, and input-dependent gated architectures
across both update families, enabling systematic
analysis of which inductive biases most strongly af-
fect distillation and instruction tuning performance.
We validate the computational efficiency of all sub-
quadratic models in Appendix C.

4.1 Experiment 1: Comparison Across Model
Size

Our first inquiry establishes the relative ranking
of these eight subquadratic architectures under a
unified framework and investigates whether these
performance hierarchies remain stable as model
capacity increases.



MOoODEL AVG. REcov. RANK
Scale: ~140M Parameters

Teacher: SmolLM2-135M 44.6 100% —
xLSTM 41.3 92.6% 1
Kimi 40.3 90.2% 2
Gated DeltaNet 39.5 88.5% 3
GLA 39.1 87.6% 4
RetNet 38.4 86.1% 5
DeltaNet 38.0 85.1% 6
Linear Attn 32.7 73.2% 7
Scale: ~360M Parameters

Teacher: SmolLM?2-360M 53.1 100% -
xLSTM 47.7 89.8% 1
Gated DeltaNet 46.3 87.2% 2
GLA 45.6 85.8% 3
Kimi 43.9 82.7% 4
RetNet 43.7 82.2% 5
DeltaNet 41.5 78.0% 6
Linear Attn 37.2 70.1% 7
Scale: ~1.7B Parameters

Teacher: SmolLM2-1.7B 62.9 100% -
Gated DeltaNet 59.2 94.2% 1
xLSTM 57.6 91.6% 2
DeltaNet 55.7 88.6% 3
RetNet 54.8 87.1% 4
GLA 54.4 86.5% 5
Kimi 51.5 82.0% 6
Linear Attn 44.6 70.9% 7

Table 2: Summary of zero-shot downstream perfor-
mance across scales. Recovery (Recov.) denotes the
percentage of teacher performance retained by the lin-
earized student. Models are ranked per scale by average
performance.

4.1.1 Experimental Setup

Token budget. We train all architectures on
a fixed budget of 3B tokens sampled from
FINEWEB (Penedo et al., 2024). Prior work has
shown that a 3B token budget yields state-of-the-
art models through linearization (Bick et al., 2024).
Text is concatenated and chunked into fixed-length
sequences of 512 tokens. Following the distillation
protocol of Bick et al. (2024), we allocate fixed
token budgets for two alignment objectives: 80M
tokens for matrix-mixing distillation and 160M for
hidden-state alignment.
Model sizes. We instantiate all seven subquadratic
architectures at three scales: 140M, 360M, and
1.7B parameters. As teachers, we use the SmolLM?2
family (Allal et al., 2025), a series of Llama-style
Transformer models. Each teacher corresponds in
parameter count to our student sizes: SmolLM?2-
135M, SmolLM2-360M, and SmolLM2-1.7B2.
Evaluation. Student and teacher models are eval-
Note that since specific token mixers utilize different inter-

nal layer structures, parameter counts are matched as closely
as possible but are not exactly identical across architectures.
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Figure 1: Average evaluation score for all 7 (+ teacher)
considered token mixers at three model sizes. All archi-
tectures markedly improve at larger model sizes, though
some architectures, such as Gated DeltaNet, benefit most
from model scaling.

uated on seven zero-shot tasks using the LM-
Eval-Harness (Gao et al., 2023) and LM-Pub-
Quiz (Ploner et al., 2024) frameworks: LAM-
BADA (Paperno et al., 2016), WinoGrande (Sak-
aguchi et al., 2019), ARC-Easy and ARC-
Challenge (Clark et al., 2018), PIQA (Bisk et al.,
2019), HellaSwag (Zellers et al., 2019) and
BEAR (Wiland et al., 2024). LAMBADA results
are reported as the mean of its Standard and OpenAl
variants.

4.1.2 Results

Our results are summarized in Figure 1 and Table 2.
As Figure 1 shows, we observe smooth, monotonic
scaling across all eight architectures with no signs
of divergence or early saturation. This confirms that
the considered subquadratic models can be trained
stably via distillation across a wide parameter range.

However, as Table 2 shows, scaling efhi-
ciency—the ability to close the performance gap to
the Transformer teacher—differs markedly between
architectures. Gated state-update models, such as
xLSTM and Gated DeltaNet, consistently define the
Pareto frontier across all scales. A key discovery
in our comparison is the shift in the performance
hierarchy at the largest scale: while XLSTM main-
tains the highest recovery at 140M and 360M, we
observe a notable “crossover” at 1.7B, where Gated
DeltaNet emerges as the top performer with 94.2%
recovery. This suggests that error-correction mecha-
nisms, such as the Delta-rule, may possess superior
scaling laws as model capacity increases.

Among attention-inspired approaches, GLA and
RetNet exhibit nearly identical scaling trajectories,
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Figure 2: Token scaling behavior during training. We evaluate each 1B tokens of training and report average scores

across all benchmarks.

with GLA maintaining a consistent but narrow lead.
Conversely, feature-map-based Linear Attention
lags substantially behind. Critically, the perfor-
mance gap between Linear Attention and gated
models widens as size increases (from a ~14% gap
at 140M to ~20% at 1.7B), suggesting that its defi-
ciencies are intrinsic to the architecture and cannot
be overcome simply by increasing parameter count.

4.2 Experiment 2: Asymptotic Performance
and State Resolution

While Experiment 1 established scaling laws rela-
tive to parameter count, it did not address whether
weaker architectures simply require more data to
converge. In this experiment, we evaluate the “ma-
turity” of these models by fixing the size at ~1.7B
parameters and extending training to 10B tokens.
This allows us to observe both the asymptotic knowl-
edge limit (via downstream benchmarks) and the
state resolution (via retrieval tasks) of each archi-
tecture.

4.2.1 Asymptotic Knowledge Scaling

We train over 10B tokens sampled from FINEWEB
and use the same token splits for the three lineariza-
tion phases. We checkpoint the models after each
1B tokens of training. Each checkpoint is evaluated
on the same benchmarks as in Experiment 1.
Results. As shown in Figure 2, all architectures ben-
efit from additional training. However, the results
confirm that more data does not close the architec-
tural gap.

Gated state-update models, specifically Gated
DeltaNet and xLSTM, maintain their lead through-

out training, with performance largely plateauing
after 6-7B tokens. In contrast, ungated models
such as RetNet and DeltaNet saturate earlier and at
a significantly lower level. This suggests that the
performance differences observed in Experiment 1
are not a consequence of undertraining, but rather
represent fundamental limits in how different token
mixers compress information into their recurrent
states.

4.2.2 Retrieval and State Resolution

A model’s ability to accumulate knowledge over
10B tokens is inextricably linked to its ability to
manage its internal state. To probe the resolution”
of these states, we evaluate the 10B-token check-
points on three ”Needle-In-A-Haystack™ (NIAH)
tasks (Hsieh et al., 2024). In NIAH, models are
tasked to retrieve a specific piece of information
(the ’needle”) from a long sequence of tokens.
Results. The retrieval results in Table 3 reveal a
pervasive collapse in state resolution across most
subquadratic architectures as sequence length in-
creases. While some models achieve high accu-
racy at a 512-token context, performance degrades
rapidly at medium sequence lengths. Linear Atten-
tion and RetNet fail almost entirely beyond the 512-
token mark, while competitive gated models like
xLSTM and DeltaNet experience a dramatic loss in
precision at 2k tokens, dropping to 25.2% and 0.0%
respectively on S-NIAH-1. This suggests that for as-
sociative or simple gated mixers, the fixed-size state
becomes “’saturated” or “noisy” as it accumulates
more information, lacking the necessary precision
for long-range associative recall.



S-NIAH-1 (Pass-key)

S-NIAH-2 (Number)

S-NIAH-3 (UUID)

Model 512 1k 2k 4k 512 1k 2k 4k 512 1k 2k 4k
Gated DeltaNet 994 97.8 81.8 298 99.0 934 550 156 164 32 12 04
xLSTM 95.8 78.0 252 84 98.6 822 320 86 62 04 00 00
DeltaNet 98.8 962 0.0 0.0 99.2 77.0 246 00 1.8 00 00 0.0
Kimi 334 74 2.0 0.8 91.8 152 7.8 34 00 00 00 0.0
GLA 10.6 1.0 0.0 0.0 50.0 13.0 3.0 1.6 0.0 00 0.0 0.0
RetNet 104 0.0 0.0 0.0 302 102 0.0 0.0 00 00 00 0.0
Linear Attn 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0

Table 3: Needle-In-A-Haystack (NIAH) performance of distilled models at 10B tokens. Scores represent retrieval
accuracy (%). Gated DeltaNet demonstrates significantly higher state resolution at extended context lengths.

In contrast, Gated DeltaNet exhibits significantly
more robust state-management compared to the
other subquadratic alternatives. It is the only archi-
tecture in our study to preserve a degree of retrieval
success at 2k and 4k contexts, achieving 81.8% ac-
curacy on S-NIAH-1 at 2k tokens—a substantial
margin over the next-best student model (xXLSTM).
While this still falls short of the near-perfect re-
trieval typically observed in Transformer teachers
with explicit KV-caches, the divergence indicates
that the gated Delta-rule provides a more effective
mechanism for targeted state updates.

4.3 Experiment 3: Instruction Adaption:
Post-Training vs. Instruction-Aware
Distillation

A key open question in linearizing pretrained lan-
guage models is whether subquadratic students
can successfully acquire instruction-following be-
haviour, and how this capability depends on the tim-
ing and role of distillation. Prior work has explored
instruction tuning either as a post-training adapta-
tion step or as part of the distillation pipeline from
instruction-tuned teachers. We comparatively eval-
uate both setups to isolate the effect of instruction
supervision versus instruction-aware distillation

4.3.1 Experimental Setup

We evaluate instruction adaption at the ~1.7B pa-
rameter scale, starting from student models trained
for 10B tokens as described in Experiment 2. We
consider two complementary adaption regimes:

1. Post-training instruction tuning: Linearized
models are fine-tuned directly on the SmolTalk
dataset, containing 1.1M instruction-response
pairs ( 1B tokens), using the same optimiza-
tion recipe > employed to train SmolLM2-1.7B-

3Recipe: https://github.com/huggingface/
alignment-handbook/tree/main/recipes/smollm2

Instruct (Allal et al., 2025). No teacher model
or distillation loss is used in this setting.

2. Instruction-aware distillation: Students are
initialized from SmolLM2-1.7B-Instruct and
undergo Stage 1 and Stage 2 distillation (1B
tokens total) followed by instruction tuning
with a Stage 3 distillation loss on SmolTalk.

All adapted models are evaluated on both
zero-shot downstream benchmarks and instruction-
following tasks, including IFEval (Zhou et al.,
2023), GSM8K (Cobbe et al., 2021), SWDE and
LongBench (Bai et al., 2024a)*, enabling direct
comparison between adaption strategies.

4.3.2 Results

Post-training instruction tuning amplifies archi-
tectural differences. Instruction tuning consis-
tently improves performance across all subquadratic
architectures, demonstrating that linearized mod-
els remain trainable after distillation. However, the
magnitude of improvement varies systematically
with the underlying token mixer. Architectures
that already exhibit strong pretraining performance,
most notably gated state-update models such as
xLSTM and Gated DeltaNet, benefit substantially
more from instruction tuning, while weaker archi-
tectures show limited gains. As a result, instruction
tuning amplifies existing performance differences
rather than reducing them
Instruction-aware distillation is inconsistent and
degrades long-context performance. Instruction-
aware distillation from an instruction-tuned teacher
does not provide a consistent advantage over the
pretraining-plus-post-training setup. While chat
distillation can outperform direct instruction tuning
on selected downstream instruction benchmarks,
*To evaluate long-context capabilities, we include five sub-

sets from LongBench (Bai et al., 2024b): WikiMQA, Multi-
FieldQA, NarrativeQA, TREC, and TriviaQA.


https://github.com/huggingface/alignment-handbook/tree/main/recipes/smollm2
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ZERO-SHOT \ RETRIEVAL \ INSTRUCTION FOLLOWING & REASONING
MODEL LLM AvG \ NIAH-S AvG \ IFEvAL GSMS8K SWDE LoNGB.
Regime A: Post-Training Adaptation (Teacher: SmolLM2-1.7B + SmolTalk SFT 1 Epoch)
Teacher Baseline 70.24 \ 99.31 \ 56.71 42.08 23.85 17.45
Gated DeltaNet 61.07 57.33 40.89 8.28 13.33 17.74
xLSTM 60.52 47.15 45.08 10.17 14.03 16.68
GLA 56.59 10.78 40.89 8.28 13.33 17.74
DeltaNet 56.29 39.38 36.21 9.72 3.62 2.27
RetNet 56.29 6.28 32.61 6.39 9.67 2.05
Kimi 50.68 17.36 32.61 8.01 14.31 6.82
Linear Attn 44.70 0.00 24.46 1.62 2.21 0.00
Regime B: Instruction-Aware Distillation (Teacher: SmolLM?2-1.7B-Instruct)

Teacher Baseline 70.57 | 98.06 | 60.19 49.51 22.32 25.64
Gated DeltaNet 55.35 47.33 47.12 20.02 10.08 15.24
Deltanet 55.34 40.10 42.17 13.12 9.36 13.23
RetNet 53.69 10.61 31.06 2.81 7.11 7.98
xLSTM 51.64 10.41 41.73 13.50 8.10 14.91
GLA 49.11 4.35 29.50 5.84 5.13 10.79
Kimi 44.38 4.48 30.58 6.07 6.30 8.91
Linear Attn 31.28 0.00 22.78 0.00 1.40 2.00

Table 4: Comparison of instruction-following performance across two adaptation strategies. Regime A evaluates
the effectiveness of standard post-training SFT on linearized base models, while Regime B examines a holistic
instruction-aware distillation pipeline. Each regime is contrasted against its respective Transformer teacher to

measure relative recovery of specialized capabilities.

its effects vary across architectures. More criti-
cally, instruction-distilled models exhibit substan-
tially worse performance on long-context retrieval
benchmarks such as NIAH and LongBench. These
degradations mirror the long-context failures ob-
served prior to instruction adaptation, indicating
that instruction-aware distillation does not compen-
sate for insufficient state resolution in the student
architecture. Taken together, these results show
that instruction adaptation does not alter the fun-
damental architectural constraints imposed during
linearization. Post-training instruction tuning re-
liably improves performance but primarily bene-
fits already strong models, while instruction-aware
distillation introduces additional variance without
improving long-context robustness. The ability
to selectively retain and overwrite information re-
mains the dominant factor governing instruction-
following performance in linearized language mod-
els.

5 Conclusion

We present a systematic empirical evaluation of sub-
quadratic language models trained via knowledge
distillation from Transformer teachers. By compar-
ing diverse token mixers under a unified training
and evaluation setup, we isolate the effect of archi-

tectural design from confounding factors such as
data, optimization, and post-training procedures.

Our results show that while subquadratic mod-
els can be trained stably across scales, architec-
tural choices induce persistent performance gaps.
Models based on delta-rule updates and gated re-
current mechanisms consistently outperform outer-
product—based linear attention. In particular, head-
wise or scalar gating enables more effective mem-
ory control and long-range information retention
than channel-wise diagonal gating.

We further find that post-training adaptation, in-
cluding instruction tuning and instruction-level dis-
tillation, amplifies pretraining differences rather
than compensating for weaker inductive biases.
This suggests that selective memory and controlled
forgetting are prerequisites for effective down-
stream alignment, rather than properties recover-
able through supervision alone.

Overall, our findings indicate that the success of
linearizing language models depends primarily on
the structure of the token mixer, providing a clearer
empirical basis for designing efficient alternatives
to quadratic attention. By releasing our models
and findings, we aim to support further progress in
subquadratic language modeling.



Limitations

While our study provides a comprehensive empiri-
cal comparison of subquadratic language models,
several limitations should be noted.

First, we restrict our analysis to a fixed Trans-
former teacher family. Although this enables
controlled comparisons across student architec-
tures, different teacher models or pretraining
objectives may induce different transfer dynamics.

Second, we do not investigate hybrid archi-
tectures (intra- or inter-layer) that combine
multiple token mixers within or across layers. Such
designs would substantially expand the design
space beyond the scope of this work. Moreover,
while hybrid token-mixer architectures are an active
area of research, prior work suggests that hybrid
performance cannot be predicted from standalone
components (Wang et al., 2025a), motivating our
focus on isolating single-mixer architectural effects.

Finally, our analysis focuses primarily on
downstream performance and scaling behavior.
We do not conduct a detailed mechanistic or
qualitative analysis of internal dynamics, such as
gating behavior, which could provide additional
insight into why certain architectures align more
effectively than others.

References

Yaroslav Aksenov, Nikita Balagansky, Sofia Maria
Lo Cicero Vaina, Boris Shaposhnikov, Alexey Gor-
batovski, and Daniil Gavrilov. 2024. Linear trans-
formers with learnable kernel functions are better
in-context models. Preprint, arXiv:2402.10644.

Loubna Ben Allal, Anton Lozhkov, Elie Bakouch,
Gabriel Martin Bldzquez, Guilherme Penedo,
Lewis Tunstall, Andrés Marafioti, Hynek Kydlicek,
Agustin Piqueres Lajarin, Vaibhav Srivastav, Joshua
Lochner, Caleb Fahlgren, Xuan-Son Nguyen,
Clémentine Fourrier, Ben Burtenshaw, Hugo Larcher,
Haojun Zhao, Cyril Zakka, Mathieu Morlon, and
3 others. 2025. Smollm2: When smol goes big —
data-centric training of a small language model.
Preprint, arXiv:2502.02737.

Yushi Bai, Xin Lv, Jiajie Zhang, Hongchang Lyu, Jiankai
Tang, Zhidian Huang, Zhengxiao Du, Xiao Liu, Ao-
han Zeng, Lei Hou, Yuxiao Dong, Jie Tang, and
Juanzi Li. 2024a. LongBench: A bilingual, multi-
task benchmark for long context understanding. In
Proceedings of the 62nd Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 3119-3137, Bangkok, Thailand.
Association for Computational Linguistics.

Yushi Bai, Shangqing Tu, Jiajie Zhang, Hao Peng, Xi-
aozhi Wang, Xin Lv, Shulin Cao, Jiazheng Xu, Lei
Hou, Yuxiao Dong, Jie Tang, and Juanzi Li. 2024b.
Longbench v2: Towards deeper understanding and
reasoning on realistic long-context multitasks. arXiv
preprint arXiv:2412.15204.

Maximilian Beck, Korbinian P&ppel, Markus Span-
ring, Andreas Auer, Oleksandra Prudnikova, Michael
Kopp, Giinter Klambauer, Johannes Brandstetter, and
Sepp Hochreiter. 2024. xlstm: Extended long short-
term memory. In Thirty-eighth Conference on Neural
Information Processing Systems.

Aviv Bick, Kevin Y. Li, Eric P. Xing, J. Zico Kolter,
and Albert Gu. 2024. Transformers to ssms: Dis-
tilling quadratic knowledge to subquadratic models.
Preprint, arXiv:2408.10189.

Yonatan Bisk, Rowan Zellers, Ronan Le Bras, Jianfeng
Gao, and Yejin Choi. 2019. Piga: Reasoning about
physical commonsense in natural language. Preprint,
arXiv:1911.11641.

Peter Clark, Isaac Cowhey, Oren Etzioni, Tushar Khot,
Ashish Sabharwal, Carissa Schoenick, and Oyvind
Tafjord. 2018. Think you have solved question
answering? try arc, the ai2 reasoning challenge.
Preprint, arXiv:1803.05457.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian,
Jacob Hilton, Reiichiro Nakano, Christopher Hesse,
and John Schulman. 2021. Training verifiers to solve
math word problems. Preprint, arXiv:2110.14168.

Tri Dao and Albert Gu. 2024. Transformers are
ssms: Generalized models and efficient algorithms
through structured state space duality. Preprint,
arXiv:2405.21060.

Leo Gao, Jonathan Tow, Baber Abbasi, Stella Biderman,
Sid Black, Anthony DiPofi, Charles Foster, Laurence
Golding, Jeffrey Hsu, Alain Le Noac’h, Haonan Li,
Kyle McDonell, Niklas Muennighoff, Chris Ociepa,
Jason Phang, Laria Reynolds, Hailey Schoelkopf,
Aviya Skowron, Lintang Sutawika, and 5 others. 2023.
A framework for few-shot language model evaluation.

Geoftrey Hinton, Oriol Vinyals, and Jeff Dean. 2015.
Distilling the knowledge in a neural network.
Preprint, arXiv:1503.02531.

Cheng-Ping Hsieh, Simeng Sun, Samuel Kriman, Shan-
tanu Acharya, Dima Rekesh, Fei Jia, Yang Zhang, and
Boris Ginsburg. 2024. Ruler: What’s the real context
size of your long-context language models? Preprint,
arXiv:2404.06654.

Edward J. Hu, Yelong Shen, Phillip Wallis, Zeyuan
Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang, and
Weizhu Chen. 2021. Lora: Low-rank adaptation of
large language models. Preprint, arXiv:2106.09685.

Jungo Kasai, Hao Peng, Yizhe Zhang, Dani Yo-
gatama, Gabriel Ilharco, Nikolaos Pappas, Yi Mao,


https://arxiv.org/abs/2402.10644
https://arxiv.org/abs/2402.10644
https://arxiv.org/abs/2402.10644
https://arxiv.org/abs/2402.10644
https://arxiv.org/abs/2402.10644
https://arxiv.org/abs/2502.02737
https://arxiv.org/abs/2502.02737
https://arxiv.org/abs/2502.02737
https://doi.org/10.18653/v1/2024.acl-long.172
https://doi.org/10.18653/v1/2024.acl-long.172
https://doi.org/10.18653/v1/2024.acl-long.172
https://arxiv.org/abs/2405.04517
https://arxiv.org/abs/2405.04517
https://arxiv.org/abs/2405.04517
https://arxiv.org/abs/2408.10189
https://arxiv.org/abs/2408.10189
https://arxiv.org/abs/2408.10189
https://arxiv.org/abs/1911.11641
https://arxiv.org/abs/1911.11641
https://arxiv.org/abs/1911.11641
https://arxiv.org/abs/1803.05457
https://arxiv.org/abs/1803.05457
https://arxiv.org/abs/1803.05457
https://arxiv.org/abs/2110.14168
https://arxiv.org/abs/2110.14168
https://arxiv.org/abs/2110.14168
https://arxiv.org/abs/2405.21060
https://arxiv.org/abs/2405.21060
https://arxiv.org/abs/2405.21060
https://arxiv.org/abs/2405.21060
https://arxiv.org/abs/2405.21060
https://doi.org/10.5281/zenodo.10256836
https://arxiv.org/abs/1503.02531
https://arxiv.org/abs/2404.06654
https://arxiv.org/abs/2404.06654
https://arxiv.org/abs/2404.06654
https://arxiv.org/abs/2106.09685
https://arxiv.org/abs/2106.09685
https://arxiv.org/abs/2106.09685

Weizhu Chen, and Noah A. Smith. 2021. Fine-
tuning pretrained transformers into rnns. Preprint,
arXiv:2103.13076.

Disen Lan, Weigao Sun, Jiaxi Hu, Jusen Du, and
Yu Cheng. 2025. Liger: Linearizing large lan-
guage models to gated recurrent structures. Preprint,
arXiv:2503.01496.

Huanru Henry Mao. 2022. Fine-tuning pre-trained
transformers into decaying fast weights. Preprint,
arXiv:2210.04243.

Jean Mercat, Igor Vasiljevic, Sedrick Scott Keh, Kushal
Arora, Achal Dave, Adrien Gaidon, and Thomas Kol-
lar. 2024a. Linearizing large language models. In
First Conference on Language Modeling.

Jean-Pierre Mercat, Igor Vasiljevic, Sedrick Scott Keh,
Kushal Arora, Achal Dave, Adrien Gaidon, and
Thomas Kollar. 2024b. Linearizing large language
models. ArXiv, abs/2405.06640.

Chien Van Nguyen, Ruiyi Zhang, Hanieh Deilam-
salehy, Puneet Mathur, Viet Dac Lai, Haoliang Wang,
Jayakumar Subramanian, Ryan A. Rossi, Trung Bui,
Nikos Vlassis, Franck Dernoncourt, and Thien Huu
Nguyen. 2025. Lizard: An efficient linearization
framework for large language models. Preprint,
arXiv:2507.09025.

Denis Paperno, German Kruszewski, Angeliki Lazari-
dou, Quan Ngoc Pham, Raffaella Bernardi, Sandro
Pezzelle, Marco Baroni, Gemma Boleda, and Raquel
Fernandez. 2016. The lambada dataset: Word pre-
diction requiring a broad discourse context. Preprint,
arXiv:1606.06031.

Guilherme Penedo, Hynek Kydlicek, Loubna Ben al-
lal, Anton Lozhkov, Margaret Mitchell, Colin Raffel,
Leandro Von Werra, and Thomas Wolf. 2024. The
fineweb datasets: Decanting the web for the finest
text data at scale. In The Thirty-eight Conference on
Neural Information Processing Systems Datasets and
Benchmarks Track.

Max Ploner, Jacek Wiland, Sebastian Pohl, and Alan
Akbik. 2024. Lm-pub-quiz: A comprehensive frame-
work for zero-shot evaluation of relational knowledge
in language models. Preprint, arXiv:2408.15729.

Keisuke Sakaguchi, Ronan Le Bras, Chandra Bhagavat-
ula, and Yejin Choi. 2019. Winogrande: An adver-
sarial winograd schema challenge at scale. Preprint,
arXiv:1907.10641.

Yutao Sun, Li Dong, Shaohan Huang, Shuming Ma,
Yuqing Xia, Jilong Xue, Jianyong Wang, and Furu
Wei. 2023. Retentive network: A successor to
transformer for large language models. Preprint,
arXiv:2307.08621.

Kimi Team, Yu Zhang, Zongyu Lin, Xingcheng Yao,
Jiaxi Hu, Fanqing Meng, Chengyin Liu, Xin Men,
Songlin Yang, Zhiyuan Li, Wentao Li, Enzhe Lu,
Weizhou Liu, Yanru Chen, Weixin Xu, Longhui Yu,

10

Yejie Wang, Yu Fan, Longguang Zhong, and 41 others.
2025. Kimi linear: An expressive, efficient attention
architecture. Preprint, arXiv:2510.26692.

Dustin Wang, Rui-Jie Zhu, Steven Abreu, Yong Shan,
Taylor Kergan, Yuqi Pan, Yuhong Chou, Zheng Li,
Ge Zhang, Wenhao Huang, and Jason Eshraghian.
2025a. A systematic analysis of hybrid linear atten-
tion. Preprint, arXiv:2507.06457.

Junxiong Wang, Daniele Paliotta, Avner May, Alexan-
der M. Rush, and Tri Dao. 2025b. The mamba in
the llama: Distilling and accelerating hybrid models.
Preprint, arXiv:2408.15237.

Jacek Wiland, Max Ploner, and Alan Akbik. 2024. Bear:
A unified framework for evaluating relational knowl-
edge in causal and masked language models. Preprint,
arXiv:2404.04113.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien
Chaumond, Clement Delangue, Anthony Moi, Pierric
Cistac, Tim Rault, Rémi Louf, Morgan Funtowicz,
Joe Davison, Sam Shleifer, Patrick von Platen, Clara
Ma, Yacine Jernite, Julien Plu, Canwen Xu, Teven Le
Scao, Sylvain Gugger, and 3 others. 2020. Hugging-
face’s transformers: State-of-the-art natural language
processing. Preprint, arXiv:1910.03771.

Songlin Yang, Jan Kautz, and Ali Hatamizadeh. 2025a.
Gated delta networks: Improving mamba?2 with delta
rule. Preprint, arXiv:2412.06464.

Songlin Yang, Bailin Wang, Yikang Shen, Rameswar
Panda, and Yoon Kim. 2024. Gated linear atten-
tion transformers with hardware-efficient training.
Preprint, arXiv:2312.06635.

Songlin Yang, Bailin Wang, Yu Zhang, Yikang Shen,
and Yoon Kim. 2025b. Parallelizing linear transform-
ers with the delta rule over sequence length. Preprint,
arXiv:2406.06484.

Lin Yueyu, Li Zhiyuan, Peter Yue, and Liu Xiao.
2025. Arwkv: Pretrain is not what we need, an
rnn-attention-based language model born from trans-
former. Preprint, arXiv:2501.15570.

Rowan Zellers, Ari Holtzman, Yonatan Bisk, Ali Farhadi,
and Yejin Choi. 2019. HellaSwag: Can a machine
really finish your sentence? In Proceedings of the
57th Annual Meeting of the Association for Computa-
tional Linguistics, pages 4791-4800, Florence, Italy.
Association for Computational Linguistics.

Michael Zhang, Simran Arora, Rahul Chalamala, Alan
Wu, Benjamin Spector, Aaryan Singhal, Krithik
Ramesh, and Christopher Ré. 2024a. Lolcats: On low-
rank linearizing of large language models. Preprint,
arXiv:2410.10254.

Michael Zhang, Kush Bhatia, Hermann Kumbong, and
Christopher Ré. 2024b. The hedgehog & the por-
cupine: Expressive linear attentions with softmax
mimicry. Preprint, arXiv:2402.04347.


https://arxiv.org/abs/2103.13076
https://arxiv.org/abs/2103.13076
https://arxiv.org/abs/2103.13076
https://arxiv.org/abs/2503.01496
https://arxiv.org/abs/2503.01496
https://arxiv.org/abs/2503.01496
https://arxiv.org/abs/2210.04243
https://arxiv.org/abs/2210.04243
https://arxiv.org/abs/2210.04243
https://openreview.net/forum?id=soGxskHGox
https://api.semanticscholar.org/CorpusID:269740949
https://api.semanticscholar.org/CorpusID:269740949
https://api.semanticscholar.org/CorpusID:269740949
https://arxiv.org/abs/2507.09025
https://arxiv.org/abs/2507.09025
https://arxiv.org/abs/2507.09025
https://arxiv.org/abs/1606.06031
https://arxiv.org/abs/1606.06031
https://arxiv.org/abs/1606.06031
https://openreview.net/forum?id=n6SCkn2QaG
https://openreview.net/forum?id=n6SCkn2QaG
https://openreview.net/forum?id=n6SCkn2QaG
https://openreview.net/forum?id=n6SCkn2QaG
https://openreview.net/forum?id=n6SCkn2QaG
https://arxiv.org/abs/2408.15729
https://arxiv.org/abs/2408.15729
https://arxiv.org/abs/2408.15729
https://arxiv.org/abs/2408.15729
https://arxiv.org/abs/2408.15729
https://arxiv.org/abs/1907.10641
https://arxiv.org/abs/1907.10641
https://arxiv.org/abs/1907.10641
https://arxiv.org/abs/2307.08621
https://arxiv.org/abs/2307.08621
https://arxiv.org/abs/2307.08621
https://arxiv.org/abs/2510.26692
https://arxiv.org/abs/2510.26692
https://arxiv.org/abs/2510.26692
https://arxiv.org/abs/2507.06457
https://arxiv.org/abs/2507.06457
https://arxiv.org/abs/2507.06457
https://arxiv.org/abs/2408.15237
https://arxiv.org/abs/2408.15237
https://arxiv.org/abs/2408.15237
https://arxiv.org/abs/2404.04113
https://arxiv.org/abs/2404.04113
https://arxiv.org/abs/2404.04113
https://arxiv.org/abs/2404.04113
https://arxiv.org/abs/2404.04113
https://arxiv.org/abs/1910.03771
https://arxiv.org/abs/1910.03771
https://arxiv.org/abs/1910.03771
https://arxiv.org/abs/1910.03771
https://arxiv.org/abs/1910.03771
https://arxiv.org/abs/2412.06464
https://arxiv.org/abs/2412.06464
https://arxiv.org/abs/2412.06464
https://arxiv.org/abs/2312.06635
https://arxiv.org/abs/2312.06635
https://arxiv.org/abs/2312.06635
https://arxiv.org/abs/2406.06484
https://arxiv.org/abs/2406.06484
https://arxiv.org/abs/2406.06484
https://arxiv.org/abs/2501.15570
https://arxiv.org/abs/2501.15570
https://arxiv.org/abs/2501.15570
https://arxiv.org/abs/2501.15570
https://arxiv.org/abs/2501.15570
https://doi.org/10.18653/v1/P19-1472
https://doi.org/10.18653/v1/P19-1472
https://doi.org/10.18653/v1/P19-1472
https://arxiv.org/abs/2410.10254
https://arxiv.org/abs/2410.10254
https://arxiv.org/abs/2410.10254
https://arxiv.org/abs/2402.04347
https://arxiv.org/abs/2402.04347
https://arxiv.org/abs/2402.04347
https://arxiv.org/abs/2402.04347
https://arxiv.org/abs/2402.04347

Jeffrey Zhou, Tianjian Lu, Swaroop Mishra, Siddhartha
Brahma, Sujoy Basu, Yi Luan, Denny Zhou, and
Le Hou. 2023. Instruction-following evaluation for
large language models. Preprint, arXiv:2311.07911.

A Full Results: Experiment 1

This section reports full downstream evaluation re-
sults for the model size scaling experiment (Experi-
ment 1). All models were trained on 3B distillation
tokens. We include per-model and per-task scores
for all student architectures at each parameter scale,
corresponding to the averaged results summarized
in the main text.

B Full Results: Experiment 3

This section provides detailed results for Experi-
ment 3. We report results for the standard post-
trained student models, aswell as the chat-distilled
models. For reference, we include results for
a SmolLM2-1.7B model trained with the same
regime (1 Epoch on Smoltalk) and the teacher
model for the chat distillation.

C Efficiency Comparison: Prefilling and
Decoding Speed

While each subquadratic architecture should scaling
linearly with sequence length during decoding, we
validate trainind and decoding times for all models
and compare them against a standard transformer
architecture (teacher model) in Figure 3. All models
are based on the SmollM2-1.7B teacher model with
comparable parameter count.
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LamB. WiINo. ARrRC-E Arc-C Piga HeLL. BEAR

acce. acc. acc.n. acc.n. ace.n. ace.n. acce.

MODEL AvG. REcov.

Scale: ~140M Parameters
SmolLM2-135M (Teacher) 39.16 5193 58.67 29.61 68.01 4323 21.84 44.64 100.0%

Gated DeltaNet 2292 5185 51.89 2824 6540 38.10 18.17 39.51 88.52%
xLSTM 27.39 5091 54.12 28.84 66.54 39.10 2228 4131 92.55%
Kimi 2228 5320 51.47 2858 6545 37.81 23.11 40.27 90.22%
GLA 22.04 5225 5152 2713 6529 37.19 1835 39.11 87.62%
RetNet 17.02 5335 4996 2654 64.69 3581 21.54 3842 86.06%
DeltaNet 17.09 5138 4996 2790 6529 3566 18.63 37.99 85.10%
Linear Attn 9.51 5075 4285 2235 61.86 30.88 10.56 32.68 73.21%

Scale: ~360M Parameters
SmolLM2-360M (Teacher) 49.29 58.72 68.22 37.88 7198 56.33 2945 53.12 100.0%

Gated DeltaNet 3179 55.17 60.19 3234 69.80 49.80 25.14 46.32 87.19%
xLSTM 3730 5643 60.06 3276 7138 51.24 2480 47.71 89.81%
Kimi 2696 52.01 57770 3038 69.64 47.09 2381 4394 82.71%
GLA 29.85 55.88 59.81 31.31 70.08 48.13 24.15 45.60 85.84%
RetNet 26.06 54.06 56.86 30.29 68.99 4623 2323 43.67 82.21%
DeltaNet 23.02 5178 5438 28.92 6834 4461 19.07 41.45 78.02%
Linear Attn 16.95 5099 4933 25.60 6551 37.74 1437 37.21 70.05%

Scale: ~1.7B Parameters
SmolLM2-1.7B (Teacher) 64.95 6582 73.32 47.18 7737 7140 3993 62.85 100.0%

Gated DeltaNet 5590 64.80 69.10 4190 76.10 66.80 3993 59.22 94.22%
xLSTM 5270 6330 67.10 39.80 75.80 6490 39.25 57.55 91.56%
Kimi 4220 5750 60.70 3530 73.40 59.70 31.89 51.53 81.98%
GLA 50.10 5720 64.60 37.20 74.60 62.70 34.29 54.38 86.53%
RetNet 50.00 58.60 65.80 38.80 74.80 6290 3244 5476 87.13%
DeltaNet 51.00 6120 67.70 39.80 73.70 63.20 33.11 55.67 88.58%
Linear Attn 3090 53.70 55.10 31.30 69.60 52.50 18.94 4458 70.92%

Table 5: Experiment 1: Complete Zero-shot downstream benchmarks across all scales.

_e— DeltaNet TPOT vs decoding length (fixed prompt_len per model)
15.0 4 GLA —@— DeltaNet
. —@— Gated DeltaNet 90 GLA
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Figure 3: The prefilling and decoding time of all 1.7B distilled models for different input and decoding lengths. All
models exhibit linear scaling for ingesting input and constant time for generating tokens.
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acc. acc. acc. norm. acc. norm. acc_norm acc. norm. acc.

MOoODEL

AVG.T

Post Training
Teacher (SmolLM2-1.7B, fine-tuned) 61.61 67.25 66.46 42.58 76.55 70.82 36.94
70.24

Linear Attn 26.11 52.09 45.16 29.35 66.81 48.67 25.21
Retnet 48.01 61.56 55.85 36.01 74.05 62.26 32.19
GLA 49.48 60.30 56.19 35.75 74.37 63.47 32.67
xLSTM 54.62 65.43 63.59 37.63 75.30 66.58 37.49
Deltanet 47.33 58.09 59.89 36.95 73.23 62.25 29.57
Gated Deltanet 54.41 65.11 64.77 39.85 75.30 66.97 36.87
Kimi 40.03 56.99 44.95 32.08 70.62 59.39 28.66
Chat Distilled

Teacher (SmolLM2-1.7B-Instruct) 61.10 68.19 63.13 44.03 76.12 71.82 39.06
Linear Attn 0.38 50.12 33.08 20.39 55.55 28.16 5.49
Retnet 43.14 59.98 60.19 34.04 72.63 52.16 25.97
GLA 28.28 54.22 55.85 32.42 69.15 54.75 17.60
xLSTM 41.19 60.14 52.10 31.14 68.17 57.07 20.51
Deltanet 41.89 58.41 59.97 37.80 72.42 61.70 27.21
Gated Deltanet 41.93 57.93 60.10 37.97 72.36 61.83 27.04
Kimi 12.48 50.59 53.32 32.42 68.06 49.43 11.29

Table 6: Experiment 3: Performance of linearized models after post-training instruction tuning and instruction-aware
distillation. Results are reported across instruction-following, reasoning, and long-context benchmarks.

S-NIAH-1 S-NIAH-2 S-NIAH-3
(pass-key retrieval) (number in haystack) (uuid in haystack)
Model 512 1k 2k 4k ‘ 512 1k 2k 4k ‘ 512 1k 2k 4k

Post Training

Teacher (SmolLM2-1.7B, fine-tuned) 100 100 100 100 | 100 100 99.8 99.8 | 100 99.8 974 950
Linear Attn 00 00 00 00|00 00 00 007} 00 00 00 00
Retnet 124 10 00 00 (478 138 04 00 | 00 00 00 00
xLSTM 99.2 938 646 176|994 894 488 152|302 38 32 06
GLA 182 70 06 04 |764 208 40 20| 00 00 00 00
Deltanet 98.6 994 00 00 [99.6 928 624 00 |182 16 00 0.0
Gated Deltanet 99.8 994 980 658 994 95.0 582 21.6|322 120 46 2.0
Kimi 572 96 26 06 |974 254 114 42 | 00 00 0.0 00
Chat Distilled

Teacher (SmolLM2-1.7B-Instruct) 99.8 99.8 982 100 | 100 86.6 98.6 99.6 | 100 944 100 99.8
Retnet 134 02 00 00 |8.0 248 00 02| 00 00 00 00
GLA 14 00 00 00 |494 14 00 00| 00 00 00 0.0
xLSTM 198 34 10 08 |700 260 22 18 | 00 00 00 00
Deltanet 98.0 942 632 2221990 90.8 506 116| 06 00 00 0.0
Gated Deltanet 98.6 980 724 240|996 918 590 170| 76 00 0.0 0.0
Kimi 04 00 00 00 522 12 00 00|00 00 00 00

Table 7: Experiment 3: Full results for the NIAH-S task of the RULER benchmark.
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