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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 foken mixers. However, as an in-
creasing number of mixers are proposed, it re-
mains unclear which inductive biases are best
suited to inherit the original Transformer’s ca-
pabilities. Furthermore, it is unknown how
linearization is affected by parameter and to-
ken budget scaling. To address these questions,
we propose a unified setup to compare seven
representative architectures, including xLSTM,
GLA, and Gated DeltaNet. Our findings re-
veal that performance hierarchies remain sta-
ble from 140M to 1.7B parameters, with error-
correcting update rules improving more steeply
with scale and overtaking additive mixers at
1.7B. We show that performance gaps are es-
tablished early and persist through asymptotic
maturity at 10B tokens, suggesting that state
resolution is a more fundamental bottleneck
than the distillation budget. Finally, while most
models adapt to instruction tuning, only gated
delta-rule formulations maintain the precision
necessary for long-context retrieval, whereas
additive models suffer a long-context retrieval
collapse that instruction tuning does not restore.
Finally, we show that these downstream out-
comes can be anticipated cheaply. A near-free
mixer-only probe screens out non-viable mix-
ers, and a briefly-aligned checkpoint scored on
downstream tasks (~2.6% of the budget) re-
covers the coarse recovery ordering of the rest
at a small fraction of the cost. These results
suggest that for successful linearization, archi-
tectural inductive biases remain the primary
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 Trans-
former and converting it into a subquadratic stu-
dent model by replacing the original O(L?) self-
attention layers with more efficient token mixers,
such as linear attention or gated recurrences. While
the student typically retains the teacher’s pretrained
feed-forward weights, it must undergo knowledge
distillation to adapt the new token mixer to the
teacher’s learned representations. The goal is to
retain the performance of large-scale Transform-
ers while gaining the linear-time inference and
constant-memory overhead of subquadratic archi-
tectures.

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 bud-
get, and distillation objectives—which makes it
challenging to isolate whether observed gains stem
from architectural design (such as the use of gat-
ing, decay, or the delta rule) or from the specific
training recipe.

Beyond the choice of token mixer, it remains un-

clear how linearized students scale with parameter
count and distillation budget, whether architectural
advantages persist from millions to billions of pa-
rameters, and to what extent these students can
undergo instruction tuning or manage long-context
retrieval after distillation.
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 vari-
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able, 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, providing each student
with a dense, architecture-agnostic supervision sig-
nal for a rigorous head-to-head comparison of their
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 improve
more steeply with scale than purely additive
alternatives.

L]

We evaluate the maturity of these architectures
by extending distillation significantly beyond
standard linearization recipes. Our findings
indicate that relative performance gaps are
established early in the training process and
persist even as models approach their asymp-
totic limits, suggesting that the inherent state
resolution of the token mixer is a more funda-
mental bottleneck than the distillation token
budget.

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

* We introduce two cheap diagnostics that an-
ticipate a token mixer’s downstream recov-
ery before a full distillation run. A near-free
mixer-only probe screens non-viable mixers.
A Stage-1 alignment probe—a briefly-aligned
checkpoint scored downstream at ~2.6% of
the budget—orders the strong mixers at Spear-
man +0.70 (seed-robust), a signal strongest
in the first alignment stage that weakens with
further training.

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'.

2 Preliminaries and Related Work

2.1 Subquadratic Token Mixers

Subquadratic token mixers replace quadratic self-
attention with mechanisms that compress history
into a compact state that is incrementally updated
as tokens arrive, enabling linear-time inference
while shifting long-range dependency modeling
onto the state update rule. Most architectures differ
along one central axis—how they retain, overwrite,
or forget information over time—and we group the
models in this study by this principle.

State accumulation via linear attention. Linear
attention approximates softmax attention by refor-
mulating attention as a sum of key—value outer
products stored in a state matrix. The state is up-
dated additively at each step and queried by the
current token, yielding linear complexity in se-
quence length but removing the explicit normaliza-
tion 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 informa-
tion. Several 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 re-
cent 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 ex-
pressive variants introduce input and forget gates,
drawing inspiration from recurrent neural networks.

! Annonymized for submission.
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ARCHITECTURE UPDATE TYPE INPUT DEP. STATE UPDATE RULE GRANULARITY
Outer Product Based Matrix-Valued State (Additive)
Linear Attn Additive - Sy = Si_1 + v ky Ungated
RetNet Decay No Si =Si—1 + vk Channel-wise
GLA Gated Decay Yes St = Diag(at)St—1 + vkl Channel-wise (diag.)
mLSTM (xLSTM) Gated Decay Yes Sy = fiSe_1 + teviky Head-wise Scalar
Delta-Rule (Overwriting)
DeltaNet Error-Correction Yes Se = Se—1(I — Bk ktT )+ ,BtvtktT Scalar Overwrite
Gated DeltaNet Error-Correction  Yes St = aeSt—1(I — Beks kd ) + Brvs kS Head-wise Scalar
Kimi (KDA) Error-Correction  Yes S, = Diag(ay)Si—1(I — Bekik{ ) + Brvcky Channel-wise (diag.)
State-Space Update
Mamba2 Gated Decay Yes St = aSi—1 + vtktT Head-wise Scalar

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.

Models such as xLSTM (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 en-
ables selective retention and controlled overwriting.
Delta-rule and content-based overwriting. Delta-
rule models (Yang et al., 2025b) adopt a content-
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.

Structured state spaces and duality. Selective
State Space Models (SSMs) approach memory re-
tention through input-dependent state transitions
that filter or retain context based on the current
token. Mamba-2 (Dao and Gu, 2024) bridges this
paradigm with linear attention via Structured State
Space Duality, showing that its data-dependent de-
cay is equivalent to structured masked linear atten-
tion and can thus be computed with attention-like
hardware efficiency.

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

softmax attention with more efficient token mixers
and transferring knowledge via distillation (Hin-
ton et al., 2015). Early approaches focused on
fine-tuning pretrained models with recurrent or de-
caying attention mechanisms (Kasai et al., 2021;
Mao, 2022), demonstrating that pretrained repre-
sentations can be partially preserved despite archi-
tectural changes.

More recent work has proposed increasingly
structured linearization pipelines. SUPRA (Mer-
cat et al., 2024b) introduces a scalable uptraining
framework that converts pretrained Transformers
into recurrent architectures through progressive
adaptation. LoLCATSs (Zhang et al., 2024a) com-
bines 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 material-
ized attention maps between teacher and student,
enabling the transfer of quadratic attention behav-
ior into subquadratic 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-
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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
already been extensively explored, we focus on
alternative architectures spanning additive, gated,
and delta-rule-based update families. We deliber-
ately do not re-implement alternative linearization
recipes such as LoLCATs (Zhang et al., 2024a),
Mamba-LLaMA (Wang et al., 2025b), or MO-
HAWK (Bick et al., 2024) as separate pipelines:
since our controlled variable is the token mixer
under one fixed recipe, varying the pipeline per
method would confound architectural and training-
recipe effects. In particular, MOHAWK aligns
materialized attention maps (a query—key-specific
signal), whereas our output-level alignment stays
architecture-agnostic across non-attention-shaped
mixers, and LoLCATs and Mamba-LLaMA each
target a single student architecture rather than a
cross-family comparison.

3 Linearization Framework

We train subquadratic students via a three-stage
distillation pipeline that progressively aligns the
student with a pretrained Transformer teacher, sta-
bilizing optimization, isolating the token mixer as
the primary source of variation, and enabling fair
comparison across architectures. Students inherit
all teacher parameters by copying; newly intro-
duced parameters are initialized from scratch.

In contrast to prior approaches such as MO-
HAWK, which align the teacher’s materialized
attention maps with the student’s, we align the
full attention output produced by the token mixer.
Attention-map alignment is tied to attention-
specific inductive biases and primarily constrains
query—key interactions; aligning the complete at-
tention output instead provides a denser, model-
agnostic supervision signal that remains well-
defined across linear attention, gated recurrent, and
state-update—based 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 = |as@) —ak@|| .

The overall attention-output alignment objective is

1
Lro =70 > Lio )
1 leLy

where £ denotes the set of aligned layers. This
stage directly supervises the complete token-
mixing pathway, including value projections, out-
put projections, 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

Liion = jl“i th(x)t B hé(x)t”z - @
t=1

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

1
Lyon = | Z Lhon- 4
2 LELo

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 + ALLKL, (5

where the distillation loss is defined as

1 T
Lir =7 ) KL(pr(- |o<) [ ps(- | w<1))-
t=1
(6)

The three objectives are applied sequentially.
This staged optimization improves stability and
prevents interference between alignment signals,
enabling controlled comparison of token mixers
under a unified 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 -
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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 un-
gated 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 affect dis-
tillation and instruction tuning. For the additive
and decay-based mixers (Linear Attention, GLA,
RetNet), we prepend a short convolution to the
token-mixing inputs; an ablation across all scales
(Appendix B, Table 7) shows it consistently im-
proves downstream performance, so we adopt it by
default. Computational efficiency is validated in
Appendix G.

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.

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), a budget shown
to yield state-of-the-art linearized models (Bick
et al., 2024). Text is chunked into fixed 512-token
sequences; we select this context length via an abla-
tion over 512, 1024, and 2048 tokens (Appendix C,
Table 8), which shows shorter contexts yield con-
sistently better zero-shot performance. Follow-
ing Bick et al. (2024), we allocate 80M tokens for
matrix-mixing distillation and 160M for hidden-
state alignment.
Model sizes.

quadratic architectures at three scales:

We instantiate all seven sub-
140M,

MODEL AVG. REcoOV. RANK
Scale: ~140M Parameters

Teacher: SmolLM2-135M 44.6 100% -
xLSTM 41.3 92.6% 1
Kimi 40.9 91.6% 2
RetNet 40.6 91.0% 3
GLA 40.6 90.9% 4
Mamba2? 39.9 89.4% 5
Gated DeltaNet 39.5 88.5% 6
DeltaNet 38.0 85.1% 7
Linear Attn 35.0 78.5% 8
Scale: ~360M Parameters

Teacher: SmolLM2-360M 53.1 100% -
Kimi 49.5 93.2% 1
xLSTM 47.7 89.8% 2
RetNet 46.9 88.3% 3
GLA 46.8 88.0% 4
Gated DeltaNet 46.3 87.2% 5
Mamba2f 44.6 84.0% 6
Linear Attn 41.7 78.5% 7
DeltaNet 41.5 78.0% 8
Scale: ~1.7B Parameters

Teacher: SmolLM2-1.7B 62.9 100% -
Gated DeltaNet 59.2 94.2% 1
Kimi 57.8 92.0% 2
xLSTM 57.6 91.6% 3
Mamba2? 572 91.1% 4
RetNet 56.6 90.0% 5
GLA 56.4 89.8% 6
DeltaNet 55.7 88.6% 7
Linear Attn 53.7 85.5% 8

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. "Mamba-2 is included as a state-space
reference.

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 stu-
dent sizes: SmolLM2-135M, SmolLM2-360M,
and SmolLM2-1.7B2.

Evaluation. Student and teacher models are eval-
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 Ope-
nAl variants.

*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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Average score

~140M ~360M ~1.78B

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.

4.1.2 Results

Our results are summarized in Figure 1 and Table 2.
We observe smooth, monotonic scaling across all
eight architectures with no divergence or early sat-
uration, confirming that these subquadratic models
train stably via distillation across a wide parameter
range.

However, scaling efficiency—the ability to close
the gap to the teacher—differs markedly between
architectures. Gated state-update models define
the Pareto frontier, though the leader shifts with
scale: xXLSTM has the highest recovery at 140M
and Kimi at 360M, with a notable “crossover” at
1.7B, where Gated DeltaNet leads at 94.2% recov-
ery. This suggests error-correction mechanisms
such as the Delta-rule exhibit superior scaling be-
havior as capacity increases.

Among additive and decay-based mixers, GLA
and RetNet follow nearly identical trajectories,
with RetNet holding a narrow lead. The short
convolutions adopted for these architectures (Ap-
pendix B) make Linear Attention substantially
more competitive at 1.7B, though it remains the
weakest student overall. Kimi scales strongly,
reaching 92.0% recovery at 1.7B—second only to
Gated DeltaNet.

To confirm the shared recipe does not advantage
any architecture at a particular training stage, we
verify that the ranking is established at the first
alignment stage and is consistent across stages 1-3
(Appendix I): the Stage-1 ranking correlates with
the final ranking at Spearman +0.89 and Stage-2
at +0.82, with the two failure architectures bottom-
ranked at every stage.

CONTEXT LENGTH

Model 512 1k 2k 4k
Gated DeltaNet 71.6 64.8 46.0 153
Kimi 68.7 573 298 84
xLSTM 669 535 19.1 57
DeltaNet 66.6 577 82 0.0
Mamba2 320 68 2.4 1.3
GLA 202 4.7 1.0 0.5
RetNet 135 34 0.0 0.0
Linear Attn 0.0 0.0 0.0 0.0

Table 3: Needle-In-A-Haystack (NIAH) retrieval accu-
racy (%) of distilled models at 10B tokens, averaged
over the three S-NIAH subtasks at each context length.
Gated DeltaNet retains markedly higher state resolu-
tion at extended lengths. Per-subtask results are in Ap-
pendix E (Table 10).

4.2 Experiment 2: Asymptotic Performance
and State Resolution

Experiment 1 established scaling behavior relative
to parameter count but did not address whether
weaker architectures simply need more data to con-
verge. We test this by fixing the size at ~1.7B
parameters and extending training to 10B tokens,
observing both the asymptotic knowledge limit
(downstream benchmarks) and state resolution (re-
trieval tasks) of each architecture.

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
benefit from additional training. However, the re-
sults confirm that more data does not close the
architectural gap.

Gated state-update models (Gated DeltaNet, xL-
STM) maintain their lead throughout, plateauing
after 6-7B tokens, while ungated models such as
RetNet and DeltaNet saturate earlier and at a lower
level. The Experiment 1 gaps thus reflect not un-
dertraining but fundamental limits in how 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)
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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.

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. Table 3 reveals a pervasive collapse in
state resolution across most subquadratic archi-
tectures as sequence length increases. Linear At-
tention and RetNet fail almost entirely beyond
512 tokens, while gated models like xLSTM and
DeltaNet lose precision dramatically by 2k tokens,
dropping to mean retrieval of 19.1% and 8.2%.
This suggests their fixed-size state saturates as it
accumulates information, lacking the precision for
long-range associative recall.

In contrast, the gated delta-rule models pre-
serve usable retrieval at 2k and 4k contexts: Gated
DeltaNet leads (46.0% and 15.3%), with Kimi a
clear second (29.8% and 8.4% at 2k/4k)—Dboth a
substantial margin over the next-best student (xL-
STM, 19.1% at 2k). While still short of the near-
perfect retrieval of Transformer teachers with ex-
plicit KV-caches, this indicates 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

Finally, we examine whether linearized students
can inherit instruction-following behaviour, and
whether the timing of supervision matters. At
the ~1.7B scale we compare two regimes, both
starting from the 10B-token checkpoints of Experi-
ment 2: (i) post-training SFT on SmolTalk (1.1M
pairs, ~1B tokens; no teacher), using the recipe

of SmolLM?2-1.7B-Instruct (Allal et al., 2025); and
(i1) instruction-aware distillation from SmolLM2-
1.7B-Instruct (Stage 1-2 alignment then a Stage 3
distillation loss on SmolTalk). All models are evalu-
ated on zero-shot, retrieval (NIAH), and instruction-
following/reasoning benchmarks — IFEval (Zhou
et al., 2023), GSM8K (Cobbe et al., 2021), SWDE,
and LongBench (Bai et al., 2024)3. Table 4 sum-
marizes the headline metrics; full per-task results
(including SWDE, LongBench, and the Mamba2
reference) are in Appendix F (Tables 11, 12, 13).
The headline carries over from the base models:
instruction adaptation amplifies rather than bridges
architectural gaps. Post-training reliably improves
every student but benefits the already-strong gated
state-update models (xLSTM, Gated DeltaNet)
most, while instruction-aware distillation is incon-
sistent and further degrades long-context retrieval.
Across both regimes, only the gated delta-rule
retains usable long-range retrieval; additive and
simply-gated mixers collapse, mirroring their pre-
adaptation NIAH failures. Instruction supervision
thus does not overcome the state-resolution limits
set during linearization.

Regime B trades retrieval for reasoning, along
architectural lines. To make the shift be-
tween regimes explicit, Table 5 reports the per-
architecture change (A = Regime B — Regime A)
on each axis. Instruction-aware distillation
re-optimizes on short, reasoning-heavy instruc-
tion data (SmolTalk), improving reasoning and

3We use five subsets of LongBench: WikiMQA, Multi-
FieldQA, NarrativeQA, TREC, and TriviaQA.
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Regime A: Post-Training SFT

Regime B: Instruction-Aware Distillation

MODEL LLM NIAH IFEvaL GSMS8K LLM NIAH IFEvAL GSMSK
Teacher 70.2 99.3 56.7 42.1 70.6 98.1 60.2 49.5
Gated DeltaNet  61.1 57.3 40.9 8.3 554 47.3 47.1 20.0
xLSTM 60.5 47.2 45.1 10.2 51.6 104 41.7 13.5
GLA 56.6 10.8 40.9 8.3 49.1 4.4 29.5 5.8
DeltaNet 56.3 394 36.2 9.7 553 40.1 422 13.1
RetNet 56.3 6.3 32.6 6.4 53.7 10.6 31.1 2.8
Kimi 56.7 45.0 38.0 8.5 50.0 41.2 42.0 15.0
Linear Attn 44.7 0.0 24.5 1.6 31.3 0.0 22.8 0.0

Table 4: Instruction adaptation at ~1.7B (condensed). LLM is the mean zero-shot score and NIAH the mean
retrieval accuracy; best student per column within each regime in bold. Full metrics (SWDE, LongBench, Mamba2,

per-task breakdowns) are in Appendix F.

MODEL ANIAH ALLM AGSM8K AIFEvVAL

Delta-rule (error-correcting)

Gated DeltaNet —10.0 —5.7 +11.7 +6.2
DeltaNet +0.7 —-1.0 +3.4 +6.0
Kimi —-3.8 —6.7 +6.5 +4.0
Gated decay

xLSTM —36.8 —8.9 +3.3 —34
GLA —6.4 —-7.5 —2.5 —11.4
RetNet +4.3 —2.6 —-3.6 —-1.5
Additive

Linear Attn 0.0 —13.4 —-1.6 —-1.7

Table 5: Change from Regime A (post-training SFT)
to Regime B (instruction-aware distillation) at ~1.7B,
A = B — A (cf. Table 4). Delta-rule models trade
little retrieval (NIAH) for reasoning/instruction gains
(GSMBK, IFEval); xLSTM and the additive/decay mix-
ers degrade across both retrieval and general zero-shot.

instruction-following (GSMS8K, IFEval) for the
stronger models while damaging long-context re-
trieval (NIAH) and general zero-shot (LLM). The
delta-rule models retain retrieval (DeltaNet +0.7,
Kimi —3.8, Gated DeltaNet —10.0 NIAH) and gain
reasoning, whereas xXLSTM (—36.8 NIAH) and
the additive/decay mixers degrade, as their state
is more readily overwritten by the new distribu-
tion. Instruction adaptation therefore amplifies the
state-resolution gap.

4.4 Experiment 4: Predicting Linearization
Quality

The preceding experiments require a full multi-
stage distillation run to rank an architecture. A
near-free mixer-only probe instead screens out non-
viable mixers, and scoring a briefly Stage-1-aligned
checkpoint on the downstream tasks orders the
strong mixers—which no cheap loss orders—at
~2.6% of the budget.

A mixer-only attention-transfer probe. The

probe follows the stage 1 training regime. We re-
place attention with the candidate mixer, freeze
the inherited feed-forward, embedding, and output
weights, and train only the new mixer parameters
under the Stage 3 objective (Section 3) for a short
budget (600 steps). Because everything except the
mixer is held fixed, the held-out distillation loss
measures how well the mixer alone reproduces the
teacher’s computation, at a fraction of a percent of
the full token budget.

The mixer-only probe screens viable mixers.
Figure 3(a) shows that the probe’s held-out loss
broadly separates viable from non-viable mixers:
the delta-rule and decay-based mixers that lead
at 1.7B (Gated DeltaNet, RetNet, GLA) achieve
the lowest probe loss, while Linear Attention is
correctly flagged as the weakest student. The over-
all correlation (Pearson r = —0.73, n = 8) is,
however, carried by the two highest-CE mixers:
a leave-one-out analysis (Table 14, Appendix H)
shows that removing both Linear Attention and
DeltaNet collapses it to 7 = —0.10, while remov-
ing any single mid-CE mixer leaves it essentially
unchanged.

Stage-1 downstream ranks the strong mixers. A
downstream evaluation of attention-output align-
ment checkpoints gives a stronger correlation
(Spearman +0.89) over all token mixer backbones.
Gate granularity separates optimization from gen-
eralization. Kimi’s channel-wise gates reach the
lowest probe CE (4.02), yet Kimi recovers below
the head-wise scalar-gated Gated DeltaNet (92.0%
vs. 94.2% at 1.7B), so a low mixer-only loss does
not imply high recovery.
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Figure 3: Comparison of Two cheaper diagnostics for recovery. (a)The mixer-only probe broadly tracks recovery,
but the correlation (r = —0.73, n = 8) mostly holds due to the two highest-CE mixers (Linear Attention, DeltaNet),
but fails to rank the stronger token mixers. (b) The Stage-1 attention-output alignment checkpoint (~2.6% of
budget), scored on the downstream tasks, orders all seven architectures at Spearman +0.89 and the five strong
mixers at +0.70 (across two seeds). It separates XLSTM (highest recovery), Gated DeltaNet (lowest of the strong

mixers), and the two failures.

5 Conclusion

We present a systematic empirical evaluation of
subquadratic language models distilled from Trans-
former teachers, comparing diverse token mixers
under a unified setup that isolates architectural de-
sign from confounds such as data, optimization,
and post-training. Architectural choices induce per-
sistent performance gaps: delta-rule and gated re-
current mechanisms consistently outperform outer-
product—based linear attention, and head-wise or
scalar gating enables more effective memory con-
trol and long-range retention than channel-wise
diagonal gating.

Beyond this comparison, we contribute two
cheap diagnostics (Section 4.4): a near-free mixer-
only run that flags non-viable mixers, and a Stage-
1 alignment probe—a briefly-aligned checkpoint
evaluated downstream at ~2.6% of the budget—
whose ranking recovers the coarse recovery order-
ing of the architectures (Spearman +-0.70 over the
strong mixers, seed-robust). Notably the ranking
signal is strongest early, mirroring Experiment 2:
the architectural gap is set in the first alignment
stage and is washed out by further training. The
same analysis surfaces a trade-off in gate design—
channel-wise gates optimize the distillation objec-
tive most readily, whereas head-wise scalar gates
tend to generalize better downstream—a gap be-
tween optimization ease and downstream qual-
ity that future linearization recipes might exploit.

Taken together, our results offer both a clear em-
pirical ranking of subquadratic token mixers and a
practical tool for navigating the design space before
committing to expensive distillation runs.

Limitations

While our study provides a comprehensive
empirical 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
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qualitative analysis of internal dynamics, such as
gating behavior, which could provide additional
insight into why certain architectures align more
effectively than others.
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A Hyperparameters
B Effect of Short Convolutions

Table 7 shows the effect of adding short convolu-
tions to Linear Attention, GLA, and RetNet across
three model scales. Short convolutions consistently
improve downstream performance, with particu-
larly pronounced gains on Lambada.
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Hyperparameter | Value

Optimizer AdamW

Weight Decay 0.1

B8 (0.9, 0.95)

Stage 1

LR Scheduler WarmUp-Stable-Decay
Learning Rate 3x 1074

Batch Size 80

Loss Function MSE

Stage 2

LR Scheduler WarmUp-Stable-Decay
Learning Rate 2x 1074

Batch Size 80

Loss Function L2-Distance Loss
Stage 3

LR Scheduler Linear

Learning Rate [3 % 1()*4, 2x107% 1 x 1074
Batch Size 120

Loss Function KLD + CE

Table 6: Training hyperparameters and stage-wise set-
tings.

C Effect of Training Context Window

We investigate how the training context window
Tirain affects model quality across two axes: zero-
shot downstream performance and in-context re-
trieval (S-NIAH-1). Table 8 reports results for
RetNet and Gated DeltaNet trained with context
lengths of 512, 1024, and 2048 tokens for 3B to-
kens following the 3-stage pipeline described in
Section 3. Shorter training contexts yield con-
sistently better zero-shot performance for both
architectures. Based on these results, we use
Tirain = 512 as the default throughout the main
experiments.

D 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.

E Full Results: Experiment 2 (NIAH)

Table 10 reports the per-subtask Needle-In-A-
Haystack accuracy underlying the averaged results
in Table 3.

F 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 SmolLLM2-1.7B model trained with the same
regime (1 Epoch on Smoltalk) and the teacher
model for the chat distillation.

G Efficiency Comparison: Prefilling and
Decoding Speed

While each subquadratic architecture should scal-
ing linearly with sequence length during decod-
ing, we validate trainind and decoding times for all
models and compare them against a standard trans-
former architecture (teacher model) in Figure 4.
All models are based on the SmollM2-1.7B teacher
model with comparable parameter count.
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LAMB. WINO. ARC-E ARcC-C PiQA HELL. BEAR
MODEL AVG.
Scale: ~140M Parameters
Linear Attn 9.51 50.75 4285 2235 61.86 30.88 10.56 32.68
+ ShortConv ~ 14.18 50.99 4735 2543 64.69 3352 9.15 35.04
GLA 22.04 5225 5152  27.13 6529 37.19 18.35 39.11
+ ShortConv ~ 26.09 5233 5244 27.73 67.08 3836 1991 40.56
RetNet 17.02 5335 4996 2654 64.69 3581 21.54 38.42
+ ShortConv ~ 25.11 52,72 5328 2833 65.78 37.70 21.54 40.64
Scale: ~360M Parameters
Linear Attn 1695 5099 49.33 2560 6551 37.74 14.37 37.21
+ ShortConv 2498 5272 5345 2833 68.12 43.78 20.52 41.70
GLA 29.85 55.88 59.81 31.31 70.08 48.13 24.15 45.60
+ ShortConv ~ 33.35 56.99 60.10 3234 70.29 48.86 25.36 46.76
RetNet 26.06 5406 56.86 3029 6899 46.23 2323 43.67
+ ShortConv ~ 31.30  55.17  60.31 38.19 70.84 48.24 2428 46.90
Scale: ~1.7B Parameters
Linear Attn 3090 53.70 55.10 3130 69.60 52.50 18.94 44.58
+ ShortConv 4849 5896 63.64 36.69 74.10 6042 3373 53.72
GLA 50.10 5720 64.60 3720 74.60 62.70 3429 54.38
+ ShortConv ~ 52.82 5998 6734 3933 7530 63.71 36.37 56.41
RetNet 50.00 58.60 65.80 38.80 74.80 6290 3244 54.76
+ ShortConv 5345 61.01 67.13 39.68 75.14 63.38 36.26 56.58

Table 7: Effect of short convolutions on Linear Attention, GLA, and RetNet across three model scales. Each
architecture is shown with and without a short convolutional filter prepended to the input. AVG. is the mean across

all seven benchmarks.

H Robustness of the Predictive Probe

Leave-k-out. Table 14 decomposes the mixer-
only probe correlation (Figure 3a, n = 8) by re-
moving architectures. The Pearson coefficient is
carried by the two highest-CE mixers (Linear At-
tention and DeltaNet): dropping both collapses
the correlation to —0.10, whereas dropping any
single mid-CE architecture leaves it essentially un-
changed. Notably, DeltaNet has the highest probe
CE yet recovers well downstream (88.6%), so the
probe over-penalizes it—further evidence that the
mixer-only loss screens rather than ranks.

Which cheap signals rank? Table 15 com-
pares every cheap signal against the actual full-

distillation recovery, over all seven architectures
and over the five strong mixers (both failures re-
moved). All signals triage (positive over all seven),
but the loss-based signals and the truncated end-to-
end run fail to order the strong mixers (near-zero or
negative). Only the Stage-1 alignment checkpoint
evaluated downstream orders them, at +0.70; this
replicates across two independent seeds (4-0.70
each, with xXLSTM top and Gated DeltaNet the
weakest strong mixer in both).

I Stage-wise Ranking Consistency

To test whether the shared three-stage recipe ad-
vantages any architecture at a particular stage, we
evaluate the checkpoints after each stage on the
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LAMB. WINO. ARC-E ARcC-C PiQAa HELL. S-NIAH-1
MODEL AVG.
acc. acc. acc.n. acc.n. acc.n. acc.n. (pass-key retrieval)
512 1k 2k 4k
RetNet
Tiain = 512 5225 6101 67.13 39.68 75.14 6338 59.77(13.0 15 0.1 0.0
Tiain = 1024 4791 58.09 66.04 38.05 7552 6327 58.15(11.0 1.6 0.0 0.0
Tiain = 2048 4797 5699 65.19 3797 7579 6342 5788 (274 76 12 0.0
Gated DeltaNet
Ttain =512 5590 6480 69.10 4190 76.10 66.80 62.43]99.0 958 684 21.2
Tiain = 1024 4690 62.04 6928 4198 7535 6597 60.25(96.2 820 41.8 17.8
Tain = 2048 52.69 62.19 66.41 3085 7546 6548 60.34|91.2 826 382 154

Table 8: Downstream results for RetNet and Gated DeltaNet trained with different training context lengths for 3B

tokens, following the 3-stage pipeline described in Section 3.
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Figure 4: 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.

downstream suite (full test sets) and correlate the
resulting ranking with the final ranking (Table 2).
Because the Stage-1/2 checkpoints precede end-
to-end training, their absolute scores sit near the
random floor, but the ranking is informative. Ta-
ble 16 shows the ranking is already established after
the first alignment stage and is consistent through
to the final model, with the two failure architec-
tures (DeltaNet, Linear Attention) bottom-ranked
at every stage. No stage disproportionately favors

a particular mixer.
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LAMB. WINO. ARC-E ARC-C PIQA HELL. BEAR

acc. acc. acc.n. acc.n. acc.n. acc.n. acc.

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 51.85 51.89 2824 6540 38.10 18.17 39.51 88.52%
Mamba?2 2241 51.78 53.62 2790 6649 38.18 1894 3990 89.38%
xLSTM 2739 5091 54.12 28.84 66.54 39.10 22.28 41.31 92.55%
Kimi 29.51 5122 5492 2824 66.81 39.89 15.75 4090 91.62%
GLA 26.09 5233 5244 2773 67.08 3836 1991 40.56 90.86%
RetNet 25.11 52772 5328 2833 65.78 37.70 2154 40.64 91.04%
DeltaNet 17.09 5138 4996 2790 6529 35.66 18.63 37.99 85.10%
Linear Attn 14.18 5099 4735 2543 64.69 3352 915 35.04 78.50%

Scale: ~360M Parameters
SmolLM2-360M (Teacher) 49.29 58.72 68.22 37.88 7198 5633 2945 53.12 100.0%

Gated DeltaNet 31.79  55.17 60.19 3234 69.80 49.80 25.14 4632 87.19%
xLSTM 3730 5643 60.06 3276 7138 51.24 2480 47.71 89.81%
Mamba?2 28.84 5351 5976 32.00 71.00 48.98 18.12 44.60 83.96%
Kimi 3990 5699 63.85 3430 71.87 52.14 2739 4949 93.17%
GLA 3335 5699 60.10 3234 7029 48.86 2536 46.76 88.03%
RetNet 313 5517 6031 3819 70.84 4824 2428 4690 88.29%
DeltaNet 23.02 51.78 5438 2892 6834 44.61 19.07 4145 78.02%
Linear Attn 2498 52772 5345 2833 68.12 4378 20.52 41.70 78.50%

Scale: ~1.7B Parameters
SmolLM2-1.7B (Teacher) 64.95 6582 73.32 47.18 77.37 7140 3993 62.85 100.0%

Gated DeltaNet 5590 6480 69.10 4190 76.10 66.80 3993 59.22 94.22%
Mamba?2 53.62 60.14 67.17 40.10 75779 65.47 3837 57.24 91.07%
xLSTM 52770 6330 67.10 39.80 75.80 64.90 39.25 57.55 91.56%
Kimi 52.10 6340 68.00 4230 76.60 65.60 36.80 57.83 92.01%
GLA 52.82 5998 6734 3933 7530 63.71 3637 5641 89.75%
RetNet 5345 61.01 67.13 39.68 75.14 6338 36.26 56.58 90.02%
DeltaNet 51.00 61.20 67.70 39.80 73.70 63.20 33.11 55.67 88.58%
Linear Attn 4849 5896 63.64 36.69 7410 60.42 3373 5372 8547%

Table 9: Experiment 1: Complete Zero-shot downstream benchmarks across all scales.

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 97.8 818 298 99.0 934 550 156 164 32 12 04
xLSTM 95.8 78.0 252 84 98.6 822 320 8.6 62 04 00 00
DeltaNet 98.8 962 00 00 99.2 770 246 0.0 1.8 0.0 00 00
Kimi 97.0 84.0 450 140 98.0 86.0 440 11.0 11.0 1.8 05 02
Mamba2 148 42 00 00 812 162 72 38 00 00 0.0 0.0
GLA 106 1.0 00 00 500 13.0 3.0 1.6 00 00 00 0.0
RetNet 104 0.0 00 00 302 102 00 00 00 00 0.0 0.0
Linear Attn 00 0.0 00 00 0.0 00 00 00 00 00 00 0.0

Table 10: Experiment 2: Full per-subtask Needle-In-A-Haystack (NIAH) performance of distilled models at 10B
tokens. Scores represent retrieval accuracy (%).
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ZERO-SHOT ‘ RETRIEVAL ‘ INSTRUCTION FOLLOWING & REASONING

MODEL LLM AVG | NIAH-S AVG | IFEVAL GSMSK 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 56.70 45.04 38.00 8.50 14.50 15.00
Linear Attn 44.70 0.00 24.46 1.62 2.21 0.00
Linear Attn (conv) 44.70 0.00 26.02 0.2 1.5 0.2
Mamba2 57.88 14.75 37.89 11.14 6.75 13.61

Regime B: Instruction-Aware Distillation (Teacher: SmolLM2-1.7B-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 50.00 41.25 42.00 15.00 9.00 13.00
Linear Attn 31.28 0.00 22.78 0.00 1.40 2.00
Mamba?2 52.27 15.60 41.01 17.15 7.92 13.82

Table 11: 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.

LaMB. WINOG. ARC-E  ARrc-C PIQA  HELLAS. BEAR

MODEL
acc. acc. acc. norm. acc. norm. acc. norm. acc. norm. acc.

Post Training

Teacher (SmolLM2-1.7B, fine-tuned)  61.61 67.25 66.46 42.58 76.55 70.82 36.94
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 52.04 63.69 58.84 36.26 74.97 64.04 32.32
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 48.20 58.60 62.90 39.10 70.80 60.60 32.00
Mamba2 52.38 63.14 55.64 37.88 73.78 64.45 32.73
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 41.90 58.33 48.99 34.30 71.65 60.78 19.46
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 42.50 51.70 55.40 34.50 62.40 53.50 15.00
Mamba2 29.57 58.17 59.85 34.30 71.82 59.91 18.95

Table 12: 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.
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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 95.0
Linear Attn 00 00 00 00|00 00 00 00|00 00 00 00
Retnet 124 10 00 00 |478 138 04 00 | 00 00 0.0 00
xLSTM 99.2 938 646 176|994 894 488 152|302 38 32 0.6
GLA 506 7.0 1.0 00 |81.2 426 11.0 438 1.6 00 00 0.0
Deltanet 986 994 00 00 |996 928 624 0.0 | 182 1.6 0.0 0.0
Gated Deltanet 998 994 98.0 658 | 994 950 582 21.6| 322 120 46 2.0
Kimi 98.0 920 62.0 16.0 985 880 500 140|180 30 08 02
Mamba2 372 74 26 14 1950 216 82 34 ] 02 00 00 00
Chat Distilled

Teacher (SmolLM2-1.7B-Instruct) 99.8 99.8 98.2 100 | 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 86 00 00 00 [924 116 28 20 | 00 00 0.0 00
xLSTM 198 34 1.0 08 |[700 260 22 18 | 00 00 0.0 0.0
Deltanet 98.0 942 632 222990 90.8 506 116| 06 0.0 00 0.0
Gated Deltanet 98.6 98.0 724 2401996 918 590 170| 76 00 0.0 0.0
Kimi 95.0 850 52.0 140 98.0 8.0 480 120| 50 0.0 00 0.0
Mamba2 384 34 00 00 |974 414 34 32 ] 00 00 00 00

Table 13: Experiment 3: Full results for the NIAH-S task of the RULER benchmark.
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LEAVE-k-OUT (n = 8) PEARSON SPEARMAN

All architectures —0.73 —0.73
Drop Linear Attention —0.59 —0.63
Drop DeltaNet —0.80 —0.63
Drop both high-CE mixers —0.10 —0.41

Drop any single mid-CE (range) —0.71...—0.78 —0.63...—0.81

Table 14: Leave-k-out analysis of the mixer-only probe
correlation (Figure 3a, n = 8). The correlation is car-
ried by the two highest-CE mixers (Linear Attention,
DeltaNet): dropping both collapses it to —0.10, while
dropping any single mid-CE architecture leaves it essen-
tially unchanged.

ALL-7 STRONG-5

CHEAP SIGNAL
SPEAR. SPEAR.

Mixer-only probe CE (loss) +0.63 ~0
Stage-1 alignment loss (MSE) +0.75 +0.32
Stage-2 alignment loss (MSE) +0.50 —-0.40
Truncated end-to-end recovery ~ +0.57 —0.20
Stage-1 ckpt — downstream  +0.89 +0.70
Stage-2 ckpt — downstream +0.14 —0.30

Table 15: Cheap signals vs. actual full-distillation re-
covery (Spearman), oriented so positive = orders archi-
tectures like recovery (loss signals negated). All signals
triage (positive over all seven), but only the Stage-1
alignment checkpoint evaluated downstream orders the
five strong mixers (4-0.70, seed-replicated).

SPEARMAN

STAGE (ALIGNED SIGNAL) VS, FINAL RANK

Stage 1 (attention outputs) +0.89 (p = 0.007)
Stage 2 (hidden states) +0.82 (p = 0.023)
Stage 3 (end-to-end) reference (Table 2)

Table 16: Stage-wise ranking consistency: downstream
ranking after each alignment stage vs. the final ranking
(n = 7). The architecture hierarchy is set at the first
stage and persists.
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