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Abstract

Hybrid Transformer architectures, which com-
bine softmax attention blocks and recurrent neu-
ral networks (RNNs), have show n a
desirable performance-throughput tradeoff for
long-context modeling, but their adoption and
studies are hin-dered by the prohibitive cost of
large-scale pre-training from scratch. Some
recent studies have shown that pre-trained
softmax attention blocks can be converted into
RNN blocks through pa-rameter transfer and
knowledge distillation. How-ever, these transfer
methods require substantial amounts of training
data (more than 10B tokens), and the resulting
hybrid models also exhibit poor long-context
performance, which is the scenario where hybrid
models enjoy significant inference speedups
over Transformer-based models. In this paper,
we present HALO (Hybrid Attention via Layer
Optimization), a pipeline for distill-ing
Transformer models into RNN-attention hy-brid
models. We then present HypeNet, a hy-brid
architecture with superior length generaliza-tion
enabled by a novel position encoding scheme
(named HyPE) and various architectural modifica-
tions. We convert the Qwen3 series into HypeNet
using HALO, achieving performance comparable
to the original Transformer models while enjoying
superior long-context performance and efficiency.
The conversion requires just 2.3B tokens, less
than 0.01% of their pre-training data'.

han-xu@tsinghua.edu.cn

1. Introduction

Transformer-based language models (Vaswani et al., 2017)
rely on softmax attention blocks, which have a quadratic
complexity with respect to the context length, making
them prohibitively expensive for long contexts. In con-
trast, recurrent neural networks (RNNSs) such as linear atten-
tion (Katharopoulos et al., 2020) and state space models (Gu
& Dao, 2024) are much faster for long-context modeling due
to their linear complexity. However, pure RNN models with
fixed-size states generally underperform softmax attention,
particularly on recall-intensive tasks (Jelassi et al., 2024;
Yang et al., 2025b). To address this gap, there is a surge
in interest in hybrid architectures that interleave attention
and RNN layers?, achieving a favorable tradeoff between
model performance and inference throughput (Lieber et al.,
2024; MiniMax et al., 2025; Qwen, 2025; Kimi et al., 2025;
NVIDIA et al., 2025).

Hybrid architectures are typically pre-trained from
scratch at a small scale (Qwen, 2025; NVIDIA et al., 2025),
making them available most academic research teams.
Hence, some works focus on distilling pre-trained Trans-
former models into hybrid architectures (Gu et al., 2025;
Hoshino et al., 2025; Wang et al., 2025b). These distil-
lation methods use far fewer training tokens and produce
hybrid models that are comparable to their Transformer
counterparts on various common-sense reasoning (CSR)
tasks. Although distilled hybrid models typically underper-
form those trained from scratch, they are valuable since they
allow teams without resources to scale up pre-training to
validate research ideas.

However, these distillation methods still suffer from two
critical limitations. (1) Most distillation methods still re-
quire tens to hundreds of billions of training tokens, which
is still out of reach for most teams in academia. (2) While

“We hereby use hybrid architectures/models to refer to archi-

!The code and model checkpoints can be found at: https://
github.com/THUNLP/hybrid-linear—attention.
*Equal contributions.

tectures/models that consist of softmax attention and RNN layers.
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Figure 1. Left & center: the performance-efficiency tradeoff of our model,
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and has better performance-efficiency tradeoff than Qwen3.

the resulting hybrid models have short-context performance
comparable to Transformer models, they exhibit severe per-
formance degradation on long-context tasks, which is pre-
cisely the scenario where they are preferred over Trans-
former models.

To address these challenges, we first propose HALO (Hy-
brid Attention via Layer Optimization), a novel cross-
architecture distillation procedure for converting pre-trained
Transformer models into hybrid models. Notably, HALO in-
volves an efficient attention layer selection method for deter-
mining which attention layers to keep unconverted to ensure
the best long-context performance. Then, we propose Hy-
brid Position Encoding (HyPE), a position encoding scheme
with strong length generalization, specifically designed for
hybrid architectures. In addition to HyPE, we propose a
series of architectural improvements, validated with careful
ablation experiments on models with over 1B parameters.
The combination of these improvements results in HypeNet,
a series of hybrid models converted from the Qwen3 se-
ries, with a much better performance-throughput tradeoff,
as shown in Figure 1.

Our contributions can be summarized as follows:

* We develop a novel cross-architecture distillation pro-
cedure that converts Transformer models into attention-
RNN hybrid models using fewer than 3B tokens,
thereby significantly improving the model’s efficiency
in long-context scenarios.

* We present HyPE, a novel position-encoding
scheme that combines RoPE (Su et al., 2023) and
NoPE (Kazemnejad et al., 2023), designed for hybrid
models. Coupled with an attention scaling mechanism,
HyPE achieves superior length generalization.

* Based on HyPE, we propose HypeNet, a novel hybrid
architecture that incorporates multiple architectural im-
provements when converting from a pre-trained Trans-
former model.

Table 1. Existing attention-to-hybrid distillation methods and their
release date and training tokens required.

Method Date Tokens
Mamba-in-the-Llama (Wang et al.)  Aug. 2024 20B
SMART (Yang et al.) May 2025 >7B
RAD (Hoshino et al.) May 2025 20B
Jet-Nemotron (Gu et al.) Aug. 2025 400B
KL-LS (Li et al.) Dec. 2025 25B
HALO (ours) Jan. 2026 2.3B

2. Related Works

RNN-Attention Hybrid Models State-of-the-art hybrid
models with up to hundreds of billions of parameters have
exhibited performance comparable to standard Transform-
ers on both commonsense reasoning and recall-intensive
tasks (e.g., needle-in-a-haystack (NIAH) (Hsieh et al.,
2024)) while being more efficient for processing long con-
texts (Lieber et al., 2024; MiniMax et al., 2025; Qwen, 2025;
Kimi et al., 2025; NVIDIA et al., 2025). Despite their im-
pressive performance, there are rather few publicly available
hybrid models with frontier-level performance, because pre-
training from scratch is prohibitively expensive for most
teams. To avoid this training cost, we focus on distilling
pre-trained Transformer models into hybrid models.

Position Encoding in Hybrid Models Current, RoPE (Su
et al., 2023) has become the de facto standard position en-
coding (PE) for Transformer models (Yang et al., 2025a;
Grattafiori et al., 2024). On the other hand, RNNSs usually
encode positional information through decay/transition ma-
trices, and do not employ RoPE (Dao & Gu, 2024; Yang
et al., 2025b). This has remained the case for hybrid models,
which means attention layers adopt RoPE while RNN lay-
ers do not (i.e., RNNs use NoPE) (Qwen, 2025; MiniMax
et al., 2025). Recently, SWAN-GPT (Puvvada et al., 2025)
has shown promising long-context generalization by com-
bining RoPE in sliding window attention layers and NoPE
in full attention layers, but it is not a hybrid model. Con-
current to this paper, Kimi-Linear (Kimi et al., 2025) has
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adopted NoPE in both attention and RNN layers. In contrast,
our model employs a novel PE scheme and achieves better
long-context performance than typical PE methods found in
existing hybrid models.

Distilling Transformers into Hybrid Models Many
works focus on converting Transformers into pure RNN
models via distillation (Kasai et al., 2021; Bick et al., 2025;
Zhang et al., 2025; Goldstein et al., 2025), but converting
Transformers into hybrid models remains underexplored.
When distilling into hybrids, choosing which attention layer
to convert to RNN is critical for maintaining performance,
especially for tasks that are hard to handle with RNN layers.
Wang et al. (2025b) adopt a simple pipeline and attention
layer selection scheme and show severe performance degra-
dation. More recent works choose which attention layers to
retain more sophistically. Yang et al. (2026) use the output
distribution shift when replacing an attention layer with an
RNN Ilayer to determine the importance of attention lay-
ers. Hoshino et al. (2025) propose a redundancy metric
for determining importance, and Gu et al. (2025) rely on
the performance drop on certain tasks. Finally, KL-guided
layer selection (KL-LS) (Li et al., 2025), a concurrent work,
proposes using KL-divergence from the teacher model as
the importance metric and requires a thorough search that
repeatedly reruns a distillation process for every layer.

Table 1 lists previous distillation works. These
works typically use more than 1B training tokens
and have great recall performance compared to
Transformer models, especially on short contexts.
In contrast, our distillation procedure requires just 2.3B
tokens, and our architecture has much stronger long-
context performance thanks to its superior length
generalization.

3. Preliminaries

Notations All models involved in this study, including
both Transformer and hybrid models, consist of a stack of
L layers, and the [-th layer can be formalized as

HO = Mixer® (X(l71)> + X (=D,
X — MLp® (Hm) +HO, W
where X = [x] - ,x;]T € RT*d denotes the T
d-dimensional output embeddings. In an RNN-attention
hybrid model, the set of attention layers is specified by
Tatn € {lani | # =1, , Laun }, where Ly, is the number
of attention layers and lyw; € {1,---, L} is the index of
the ¢-th attention layer. The mixers are defined as

ATTNY if] € Ty
Mixer) = W S ?)
RNN otherwise.

Softmax Attention Layers
layer uses softmax attention, which can be written as

In Transformer, the mixer
3

Q=XW, K=XW,,
L
Vdp

where W, W, W, , W, € R¥9: are learnable param-
eters, and M is the attention mask. We use row-vector
representation, so x "' x denotes an outer product.

V =XW,,

3

Y = softmax ( QK' o M) VW,

Modern RNN Layers There are many variants of RNN
layers, but we focus on RNNs that can be written as

q: = Xth7 ki =xWy, vi=x;W,, 4
S, = FiS;_ 1 +k/ v, € RInxdn, 5)
yi = aS;W, € RY, (6)

where F; € R *dn ig named the transition matrix and
is a function of x;. The above formulas include state-of-
the-art RNN variants such as Mamba2 (Dao & Gu, 2024),
Gated DeltaNet (Yang et al., 2025b), etc. To enable fast
parallelization, F; is typically a diagonal matrix or rank-1
matrix (Yang et al., 2024; 2025b). S; is named the recurrent
state*, and Eq. (5) and (6) are named the update rule and
the query rule, respectively.

3.1. The Impact of Attention Layer Selection when
Distilling Transformers into Hybrids

When distilling Transformer models into hybrid models, one
important question is how to select which attention layers
to remain unconverted, i.e., how to determine the optimal
Tun for maximizing model performance, without increasing
the number of attention layers |Z,,| (since efficiency is
negatively correlated with |Z,,|). Previous works have
identified that RNN models underperform attention models
on recall-intensive tasks (Yang et al., 2025b; Shen et al.,
2025; Jelassi et al., 2024); thus, our objective is to identify
which attention layers are most important for modeling
recall abilities and leave them unconverted.

3.2. The Importance of Position Encoding for Language
Modeling and Length Generalization

For attention-based models, it is common to inject posi-
tional information into the model via RoPE, which ap-
plies a position-dependent rotation to Q and K. Although
ROPE typically improves language modeling performance of
Transformer models, attention without RoPE (a.k.a., NoPE),
exhibits superior training-free length generalization (Kazem-
nejad et al., 2023; Wang et al., 2024; Puvvada et al., 2025).

SHere, we ignore the multi-head mechanism for simplicity.
*Also named hidden state in some papers.
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Figure 2. Various pipelines for converting Transformer models into hybrid models. The boxes with dotted lines represent training-free
stages, while those with solid lines represent training stages. HALO is much more data-efficient than prior methods.

Length generalization is also important for long-context
post-training because models with better length generaliza-
tion are more data-efficient (Peng et al., 2023).

In contrast, RNNs are inherently position-aware through
the state transition F; in their update rule. Therefore, most
existing RNN models employ NoPE. However, the language
modeling performance and length generalization of RNN’s
are sensitive to the structure and parameterization of the
update rule (Chen et al., 2025b; Yang et al., 2024). Thus,
in hybrid models, achieving strong performance and length
generalization requires careful synergy between the update
rule (and/or PE) RNN layers and the PE in attention layers.

4. HALO: An Efficient Pipeline to Distill
Transformers into Hybrids

Our conversion procedure, HALO, is an adoption and im-
provement of RADLADS (Goldstein et al., 2025), a dis-
tillation method that converts Transformer models into
pure RNN models (Peng et al., 2025). Figure 2 shows
an overview of HALO. It consists of an attention weight
transfer process, three training stages, and an attention layer
selection process. Appendix B shows the training configura-
tion of each stage in HALO.

4.1. Initialization Stage: Attention Weight Transfer

Given a Transformer model consisting entirely of at-
tention layers, for each attention layer ATTN® (),
we use its configuration and pre-trained projection
weights (W,, W, W, W) to instantiate an RNN layer
RNN@(.). If an RNN layer has other modules that can-
not be covered by the weights of the attention layer, we
initialize the weights of these modules using the empirical
implementation of RNN layers.

4.2. Stage 1: Hidden State Alignment

We train each instantiated RNN layer independently by min-
imizing the mean squared error (MSE) between its output
hidden states and the attention layer used to instantiate it:

€0, = MsE (v, RN (X0D)), @)
where Y[(elzcher is the output of the [-th attention layer in the

attention-only teacher model. During the alignment process,
only the RNN layers are trained, and all other weights are
frozen. After stage 1, each attention layer has a student
RNN layer that can potentially replace it.

4.3. Attention Layer Selection

Here, we perform attention layer selection to determine Zyy,.
We propose to select attention layers that, when replaced by
RNN layers, exhibit a large drop in recall performance
and a small drop in CSR. Let M () denote the original
model but with the i-th layer replaced with the correspond-
ing RNN layer from stage 1. Let R(M),C(M) € [0,1]
denote the recall and CSR performance of the model M,
then, the importance score of each attention layer is

max; [R (M®)] — R (M®)

ma [C (M) —c (@) 1 O

S; =

where € = 107 is a small constant to avoid division by
zero. Finally, we simply pick the Top-k most important
attention layer as

Tattn = TOp-k‘(Si). 9)

Based on Wang et al. (2025a), we always use k = | L/4] in
this paper, which means that 25% of the layers in the final
model are attention layers. The actual layer indices Z,y,
selected by our approach are reported in Appendix C.
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Figure 3. Illustration of HypeNet. The architectural modifications introduced during HALO are marked with @, @, ©, and @. Red dotted
lines indicate components that are removed during HALO, black dotted lines indicate components that are added.

4.4. Stage 2: Knowledge Distillation

In stage 2, we construct the final hybrid model fiybrig using
Tatn and conduct standard end-to-end knowledge distillation,
with the original Transformer model fo, as the teacher
and the hybrid model as the student. The objective can be
formulated as

EstageZ = DKL (forig(X) Hfhybrid(X)) ) (10)

where Dy is KL divergence. The teacher model weights are
frozen in this stage. We use 1B training data for knowledge
distillation, and adopt a cosine learning rate (LR) scheduler
that decays from 7age2 t0 1€-5, where 7)ag¢2 is determined
by a separate hyperparameter search for each model size.
The effectiveness of this distillation setting is validated in
Appendix F.1.1.

4.5. Stage 3: Finetuning

Finally, to optimize the hybrid model’s capabilities, we
finetune the hybrid model with greater context length and
a smaller learning rate. We use 1B training data for long-
context finetuning.

5. HypeNet: An Effective Attention-RNN
Hybrid Architecture

HypeNet is illustrated in Figure 3. It incorporates a novel
PE scheme called HyPE (described in Section 5.1) and some
other architectural modifications (described in Section 5.2).
These architectural improvements are agnostic to the RNN
mixer. Therefore, HypeNet is compatible with most modern
RNNS (see Section 5.3 for details). A complete formulation
of HypeNet can be found in Appendix A.

5.1. HyPE: Hybrid Positional Encoding (©)

In brief, HyPE applies RoPE in RNN layers and NoPE in at-
tention layers. This scheme allows the model to combine the

length generalization power of NoPE and the rich positional
information of RoPE, getting the best of both worlds.

Motivation HyPE is motivated by the finding that RNNs
have a limited “receptive field”, which means they struggle
to model long-context dependencies (Chen et al., 2025b).
This implies that in hybrid models, RNN layers primarily
model short-distance dependencies while attention layers
model long-distance dependencies. Therefore, when the
context length exceeds the RNNs’ receptive field, RNN lay-
ers are agnostic to the context length, implying that length
generalization is unaffected by these layers. Consequently,
the model’s length generalization depends only on atten-
tion layers, which use NoPE, allowing it to generalize well
beyond its training context length. In the meantime, RNN
layers with RoPE provide rich positional information, al-
lowing the model to outperform a NoPE-only model.

Attention Logits Scaling As the context length increases,
the entropy of attention scores increases, resulting in poor
length generalization. To mitigate this, we adopt the dy-
namic attention scaling from Puvvada et al. (2025), where
the attention logits are scaled with a position-dependent
scaling factor s; during inference:

sq: K
Vdp

where a is a hyperparameter determined after training by
minimizing loss on a set of pre-training documents. The
actual value of each model is reported in Appendix C. This
scaling can be applied prior to the attention operator. There-
fore, it has a negligible effect on the runtime. The effective-
ness of this scaling mechanism is validated in Appendix F.1

softmax ( (11)

) , st =log,(t+a),

Conversion Details When applying HALO to pre-trained
checkpoints, attention layers are not trained/modified during
stage 1. Therefore, the removal of RoPE in attention layers
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occurs at the start of stage 2, when we instantiate the final
hybrid model.

5.2. Other Architectural Modifications

In addition to HyPE, we make the following architectural
modifications (marked with @, ©, and @ in Figure 3) to
further boost the performance and length generalization.

QK-Normalization () Proposed by Henry et al. (2020),
this normalizes q; and k;:

q; = Norm(x; W), k, = Norm(x, Wy).  (12)

This has been adopted by some open-source Transformer
LLMs (e.g., Qwen3 and Gemma3 (Gemma et al., 2025)),
but is not usually used in RNN layers. However, we find that
adding them in RNN layers improves the hybrid model’s
performance. Thus, when converting models without QK-
normalization, we add QK-normalization to the RNN layer.

GQA to MHA (®) Most Transformer models employ
grouped-query attention (GQA) (Ainslie et al., 2023), where
groups of attention heads share the same set of KVs, reduc-
ing KV cache size. However, RNN layers do not have a
KV cache, and sharing KVs may reduce the expressivity
of RNN layers. Thus, when initializing RNN layers before
stage 1, we decouple KV heads by cloning the attention KV
projection weights:

Wg) - W[(:‘U/g”, Vie{l,--- ,ns}, O e {k,v} (13)

where g is the query group size and Wg)

tion weights for the i-th head.

is the KV projec-

Output Gate (®) Many recurrent architectures (Dao &
Gu, 2024; Yang et al., 2025b) have an output gate, a data-
dependent element-wise gating mechanism prior to the out-
put projection:

o; = Mixer(xt), 2z =o0(x:W,),

(14)

y: = (Norm(o;) © z;) W ,
where o is an activation function, and W, € R%*? is learn-
able parameters. We found that adding this component
during conversion gives consistent performance gains with
little increase in inference costs. Hence, during initialization,
we add this mechanism by randomly initializing W ,.

Qiu et al. (2025) have shown that adding an output gate
to softmax attention improves model quality and length
generalization. Thus, we also add a randomly initialized
output gate to attention layers, but at the start of stage 2
instead of stage 1, since attention layers are not trained in
stage 1.

Increased Model Size Due to the introduction of ® and
O, HypeNet is roughly 10% larger than the model it is
distilled from. However, according to Chen et al. (2025a),
increasing model size while reducing the KV size is more
cost-effective in long-context scenarios. HypeNet is much
more efficient than the base model, due to a much smaller
KV cache despite having slightly more parameters.

5.3. RNN Mixer

HypeNet is agnostic to the RNN mixer as long as it takes
QKYV as the input. Thus, HypeNet can flexibly adopt any of
the modern RNN mixers, including Lightning attention (Qin
et al., 2024a), Mamba2 (Dao & Gu, 2024), GLA (Yang
et al., 2024), GDN (Yang et al., 2025b), and RWKV-7 (Peng
et al., 2025) (see Appendix G for which RNN mixers are
compatible). We tried to convert Qwen3-1.7B with each
mixer and concluded that Lightning Attention provides the
best balance between CSR and length generalization. The
ablation results are reported in Section 6.3.

6. Experiments

We first describe our experimental setup (Section 6.1). Then,
we compare HypeNet + HALO against Qwen3 and state-
of-the-art hybrids that are also converted from pre-trained
models (Section 6.2). Then, we verify the effectiveness of
various design choices in HypeNet (Section 6.3). After-
wards, we present ablation studies for HALQO’s architectural
modifications ( Section 6.4) and attention 1 ayer selection

method (Section 6.5). Finally, we analyze the inference
efficiency of HypeNet (Section 6.6).

6.1. Experimental Setup

Models We apply HALO to the 1000.7B, 4000B, and
8000B models of Qwen3 (Yang et al., 2025a), which is one
of the most widely-used open-source language model
series.

Training Configurations In HALO, we use FineWeb-
edu (Penedo et al., 2024) for training. It is a popular open-
source, high-quality Internet-scale pre-training corpus. All
data are randomly sampled from the 10B subset. The con-
crete hyperparameters that we use for each stage in HALO
are reported in Appendix B.

Evaluation We mainly evaluate CSR and long-context
recall performance. For CSR, we use a suite of zero-shot
downstream tasks that are common in related literature. To
measure long-context performance, we report accuracy on
NIAH-More-details are given in Appendix E.2.

3By default, NIAH refers to the average of NIAH-Single-1,
NIAH-Single-2, and NIAH-Single-3 from RULER.
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Table 2. Long-context recall performance of HypeNet + HALO versus state-of-the-art hybrid models that are distilled from pre-trained
Transformer models. Qwen3 is evaluated with YaRN, as suggested by its authors. Best scores are bolded.

NIAH-Single-1

NIAH-Single-2 NIAH-Single-3

Model Param Token |32K 64K 128K 256K |32K 64K 128K 256K |32K 64K 128K 256K
Qwen3 (teacher, no RNNs) 1.7B - | 100 100 964 17.0 | 100 988 248 19.2 |100 984 148 19.0
Jet-Nemotron (Gu et al.,2025) 2B 400B [99.8 56.0 0.0 00 |942 650 00 00 |840 154 00 0.0

KL-LS (GDN) (Lietal.,2025) 3B 25B
HypeNet + HALO (ours) 2B 2.3B

99.8 994 68.4
99.8 99.6 998 99.8 |952 99.6 97.8 86.2 |87.2 72.6

14.8 1994 496 282 104 199.0 51.0 248 11.0
44.8 48.8
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Figure 4. NIAH scores of HypeNet variants based on different
position encodings, as a function of context length. The models
are trained from scratch with 20B tokens and 500M parameters.

—&— Transformer (RoPE)
©— HypeNet-GLA
®— HypeNet-Mamba?2
®— HypeNet-GDN
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HypeNet-Lightning
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Figure 5. NIAH scores of HypeNet variants based on different
RNN mixers, as a function of context length. The models are
trained from scratch with 20B tokens and 500M parameters.

Evaluation Data for Layer Selection Our layer selection
method relies on measuring the performance change in CSR
and recall (see Eq. (8)). Inspired by Gu et al. (2025), we use
the normalized accuracy on HellaSwag (Zellers et al., 2019),
ARC-Easy, and ARC-Challenge (Clark et al., 2018) as the
CSR performance, the average score on SQUAD (Rajpurkar
et al., 2016), FDA (Arora et al., 2025), and SWDE (Lockard
et al., 2019) as the recall performance.

Efficiency Measurement All efficiency measurements
are conducted on servers with a single NVIDIA A800
GPU, using PyTorch version 2.9.1 and CUDA version 12.4.
Softmax attention is implemented with Flash-Attention-
2 (Dao, 2024), version 2.8.3. Mamba?2 is implemented
its official CUDA kernel, version 2.3.0. Other RNN mixers
are implemented with Triton kernels from Flash-Linear-
Attention (Yang & Zhang, 2024), version 0.4.1. Batch size
is set to 1 for all models to ensure fair comparison.

6.2. Main Results: Distilling from Qwen3

Figure 1 shows the CSR performance and efficiency of Hy-
peNet compared to the Qwen3 series, and Table 2 reports
the long-context recall performance. Also in Table 2, Hy-
peNet + HALO is compared against recently released state-
of-the-art hybrid models that are distilled from pre-trained
Transformer models.

Takeaway 1 Under 128K context length, HypeNet is
much more efficient than Qwen3 in terms of memory and
throughput due to the reduced number of attention layers,
and this tradeoff advantage increases with the context length.

Takeaway 2 Compared to state-of-the-art Transformer-to-
hybrid methods, HypeNet + HALO achieve superior long-
context performance, despite using fewer training tokens,
training with only open-source data, and being smaller than
KL-LS (GDN).

6.3. HypeNet Ablations: Training From Scratch

To validate the effectiveness of HypeNet, we pre-train 500M
HypeNet variants from scratch with 20B tokens and com-
pare them against common baselines. The experimental
details are reported in Appendix H.

Position Encoding We compare HyPE against ordinary
Transformer with RoPE and SWAN-GPT (Puvvada et al.,
2025), which is an architecture with a similar PE but is not
a hybrid model. We also compare with HypeNet variants
without HyPE (i.e., all RoPE, all NoPE, or attention RoPE +
RNN NoPE). The result, reported in Figure 4, demonstrates
that HyPE’s length generalization abilities outperform exist-
ing PE by a large margin. Notably, we find that, compared
to conversion from pre-trained checkpoints, training HyPE
from scratch achieves even better length generalization (hav-
ing 93.5% NIAH accuracy on 64x the training context
length), demonstrating the great potential of HyPE.

Different RNN Mixers Moreover, we also compare the
performance of incorporating different RNN mixers (those
mentioned in Section 5.3), and report the results in Figure 5.
Perhaps surprisingly, Lightning Attention outperforms more
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Table 3. Ablation experiment results for various architectural choices in HypeNet-2B, converted from Qwen3-1.7B.

Needle-in-a-Haystack

Model CSR | 4K 8K 16K 32K 64K 128K
HypeNet 559 | 959 949 903 941 906 799
— w/o RNN RoPE (@) 53.8 | 823 827 79.1 76.1 724 479
— w/ attention RoPE (@) 55.8 | 953 953 87.0 67.1 372 197
— w/o RNN QK-norm () 553 | 917 923 89.1 739 535 173
— w/o RNNGQA to MHA (®) 558 | 89.7 900 879 895 889 835
— w/o RNN output gate (@) 55.6 | 91.1 893 B84.6 849 813 745
— w/o attention output gate (@) 554 | 955 933 882 925 873 809

Table 4. Comparison of different attention layer selection methods on CSR and NIAH tasks. All models are converted from Qwen3 with
HALO, but use different layer selection methods. The best scores are bolded.

| Needle-in-a-Haystack

Model CSR | 8K 16K 32K 64K 128K 256K
Qwen3-1.7B (teacher, no RNNs) 585 | 997 999 999 995 386 18.4
HALO (ours) 559 | 949 903 941 90.6 799 74.3
Jet-Nemotron-2B (Gu et al., 2025) 550 | 88.7 70.1 703 619 63.7 56.2
KL-LS (Li et al., 2025) 553 | 857 784 728 689 583 443
Evenly distribute attn. layers 540 | 781 778 682 735 619 50.9
Evenly distribute attn. layers in the latter half 55.8 | 425 39.6 505 412 392 40.4
RADLADS (RNN-only) (Goldstein et al., 2025)  56.0 | 64.1 164 2.0 0.0 0.0 0.0

recent RNN variants in terms of length generalization de-
spite having a simpler update rule. One possible explana-
tion is that Lightning Attention employs data-independent
forget gates. In contrast, the other RNN mixers have data-
dependent forget gates, which may result in poor length
generalization, as shown by Chen et al. (2025b).

Takeaway The incorporation of HyPE and Lightning At-
tention is both essential for achieving the exceptional length
generalization of HypeNet.

6.4. HALO Ablations: Architectural Modifications

This section validates the effectiveness of various architec-
tural modifications of HALO (those marked with @, @, ©,
and @ in Figure 3). Table 3 reports the ablation results when
converting Qwen3-1.7B, and it shows that our architectural
modifications provide effective gains in CSR and NIAH per-
formance, considerably outperforming common approaches
in training hybrid architectures.

6.5. HALO Ablations: Attention Layer Selection

Here, we compare our proposed layer selection method (de-
scribed in Section 4.3) with two state-of-the-art approaches
for determining layer importance, Jet-Nemotron (Gu et al.,
2025) and KL-LS (Li et al., 2025), as well as some naive
baselines that evenly distribute attention layers. We do not

run the entire distillation procedures of Jet-Nemotron or
KL-LS, which involve training on much more data. Our
comparison is performed by replacing our attention layer se-
lection method in HALO with these previous methods. The
result is reported in Table 4, and it shows that our selection
method achieves a better overall performance in terms of
CSR and recall.

6.6. Efficiency Results
g ®- Qwen3
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Figure 6. The prefilling time of HypeNet versus Qwen3-1.7B,
across different context lengths.

Figure 1 (center) shows the throughput of HypeNet models
of different sizes (2B, 5B, and 9B) at 128K context length,
and Figure 1 (right) shows the time per output token (TPOT)
across different context lengths. Figure 6 shows the prefill
speed results. We also provide a comparison of the runtime
of various RNN mixers in Appendix E.1. In brief, HypeNet
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achieves up to 3.0x decoding speedup and 3.4 x prefilling
speedup on 512K context length, before Qwen3-1.7B runs
out of GPU memory on 1M context length.

7. Conclusion

We have proposed HALO, a novel distillation procedure
for converting pre-trained Transformer models into RNN-
attention hybrid architectures with less than 3B tokens.
We also proposed HypeNet, a hybrid architecture based
on a novel PE scheme called HyPE, and it achieves su-
perior length generalization. Applying our methods to
Qwen3 produces a series of hybrid models with much better
performance-throughput tradeoff and memory-efficiency on
long-context scenarios. We believe that our work is valu-
able for research in cost-efficient long-context LLMs, which
enables many useful applications such as long-horizon rea-
soning and agentic behaviors. Our work also fosters re-
search in novel LLM architectures by making it cheaper to
empirically validate hybrid architectures at scale.

Limitations

Our hybrid models are obtained through a conversion pro-
cess trained on the FineWeb-Edu corpus, which primarily
consists of pre-training-style data. As a result, instruction-
following and alignment behaviors of the pre-training model
introduced by post-training may be diminished by our con-
version process. However, this is a common shortcoming of
all existing distillation methods for converting into hybrid
architectures. How to efficiently recover the base models’
capabilities remains an open question.

Moreover, our conversion protocol is designed specifically
for Transformer-based architectures. Hence, its applicability
to other model architectures requires further investigation,
although the vast majority of publicly available LLMs are
Transformer-based.

Impact Statement

This paper presents work whose goal is to advance the field
of machine learning. There are many potential societal
consequences of our work, none of which we feel must be
specifically highlighted here.
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A. Complete Formulation of HypeNet

Here, we present a complete formulation of HypeNet for clarity. Recall that the model consists of a stack of L layers that
consists of a token mixer and MLP:

H" = Mixer®) (Norm (X(71)) 4 X (=1 ¢ RT¢
(15)
X = MLP® (Norm (H®)) + HO & RT*

where ! € {1,---, L} is the layer index and Norm(-) represents an RMSNorm (Zhang & Sennrich, 2019). Then, each mixer
is either an attention layer ATTN(-) or an RNN layer RNN(-), specified by an attention index set Zyy:

ATTN® ifl e T,
Mixer(") —{ HHE Latn (16)

RNN®  otherwise

Since the MLP layer is exactly the same as the one in the base model, we omit its formulation. Each attention layer and
RNN layer consists of ny, heads, that are identical (except for the KV sharing mechanism in GQA). Thus, in the following
formulations, we omit the head index and only give the formulation for a single head for simplicity. The output of the layer
is the sum of the outputs of all heads.

Attention Layers Each attention layer can be written as follows:

q =x,W, € R1*dn
k;, = x, W), € Rt ¥
v, = x,W, € R*

G, = St - pixdn sy = log,(t+a) €R

t /fdh ’ (17)
t - T
0, = Z etXp (qtki~) ViT c RIXdn
=7 2oj—16XP (qjkj )
z; = sigmoid(x, W) € R *d»
y: = (Norm(o;) ® z,) W] € R4

where W, W, W, , W, W, ¢ R%%4n are learnable parameters, and s; is the position-dependent scaling factor, and a is
a hyperparameter. Depending on the base model, there may be a QK-norm in attention layers.

RNN Layers Each RNN layer can be written as follows:

q; = Norm (x,W,) € R *n

k;, = Norm (x,W},) € R}

Vi = XtWU S Rleh

q: = RoPE;(q;) € R *"

~ ROPEt (kt)

ki=—F+—>
Vdp

Sy =Si_17+ kv, € RInxn

o; = q;S; € R

z; = sigmoid(x; W) € RI*dn

y: = (Norm(o;) ® z;) W] € R1*4

e R'¥dn (18)

where W, Wi, W,, W,, W, € R4 are learnable parameters, and 7 is the head-specific slope rate of Lightning
Attention (Qin et al., 2024a), which is a data-independent forget gate. RoPE; is the rotational matrix of RoPE (Su et al.,
2023) for position t.
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Forget Gate The forget gate of Lightning Attention in HypeNet is defined as:
= exp (~27) € (0,1)
where h € {1,--- , H} is the head index and H is the number of heads. Notably, we do not rescale this value with a layer-

specific factor as in the original implementation, because our preliminary results show that it does not yield performance
gains in a hybrid model. The -y;, values for each head when H = 32 is:

(19)

0.4313237 0.4930687 0.5517813 0.60653067 0.6567524 0.7021885 0.74281985
0.7788008 0.81040263 0.83796686 0.86186993 0.8824969 0.9002237 0.91540533
0.9283695 0.9394131 0.94880116 0.95676816 0.96351933 0.9692332 0.97406423
0.97814524 0.9815902 0.9844964 0.98694694 0.98901224 0.99075234 0.99221796
0.993452 0.994491 0.99536544 0.9961014

B. HALO Training Configurations

Table 5 reports the hyperparameters used for each stage in our conversion procedure, HALO. By default, we use AdamW
optimizer with beta values of (0.9, 0.95) and without weight decay. Each stage use an LR linear warmup from 0 to maximum
LR, consisting of 50 steps. We train all models with BFloat16 precision.

Table 5. Hyperparameters for each training stage in HALO. 7)gc2 is the a hyperparameter that depends on the model (reported in Table 6).

Stage \ Tokens LR Scheduler LR Context len. Batch size Train steps
1 320M Cosine le-3 — le-5 512 32 20K
2 1B Cosine Nstage2 — 1€-5 512 96 20K
3 1B Constant le-5 16K 128 500

C. HypeNet Model Configurations

Table 6 reports the configuration of each model in this study. We also report the actual indices of the attention layers for
each HypeNet model in Table 7.

Table 6. Hyperparameters of various HypeNet models.

Hyperparameter | HypeNet-2B  HypeNet-5B  HypeNet-9B
Vocab size 151936 151936 151936
Layers 28 36 36
Hidden size 2048 2560 4096
RNN layers 7 8 8
Attn. layers 21 24 24
FFN width 6144 9728 12288
Attention heads 16 32 32
Attention KV heads 8 8 8
RNN heads 16 32 32
Tie embeddings Yes Yes Yes
ROPE theta IM IM IM
RoPE scaling None None None
a (in Eq. (11)) 500 600 900
TNstage2 (see Table 5) le-4 Se-5 3e-5

D. Addition Notes on the Model Architecture

Short Convolution Many recent RNNs (Dao & Gu, 2024; Yang et al., 2025b; Gu et al., 2025) incorporate a “short
convolution” layer, which is a per-channel 1D convolutional layer with a small kernel size (typically from 2 to 4). Most
transformer models do not have this layer. Consistent with Goldstein et al. (2025), we found that adding this component
through post-training does not provide performance gains for the 8B model and even failed to converge when applied to
the 1.7B model. Moreover, short convolutional layers require another dedicated CUDA kernel and more implementation
overhead. Thus, we do not incorporate short convolutional layers in HypeNet.
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Table 7. Layer selection results. Here are the attention layers indices sorted by importances score computed using differenct layer selection
methods. The top-£ attention layers that are kept in the final model are highlighted with a box. The red indices in the box indicate layers
that are not selected by our approach.

Method \ Layer indices (most important — least important)
QOwen3-1.7B
HALO (ours) ‘ ‘3, 21,2,9,25,6,8, ‘ 19, 16, 24, 12, 26, 23, 11, 27, 14, 18,4, 7, 17, 13, 15, 20, 10, 22, 1, 0, 5

Jet-Nemotron (Gu et al., 2025) \ \ 0,21,25,19,6,11,9, \24, 12,2,26, 16, 17,23, 18,4, 7, 3, 14, 20, 1, 27, 10, 13, 8,22, 15, 5

KL-guided layer selection (Li ‘ 21,16, 25,24,0,18, 19, ‘20, 8,1,2,11,12,26,13,17, 14, 15, 10,9, 22,23,6,7,4,3, 27,5
et al., 2025)
QOwen3-4B
HALO (ours) ‘ 0,7,1,33,24,15, 34, 22, ‘ 14, 31, 5, 21, 23, 16, 20, 2, 18, 19, 32, 27, 13, 25, 30, 6, 29, 17, 11,
35,8,12,9, 10, 26,28,4,3
QOwen3-8B
HALO (ours) ‘ 10,6,7,24,33,2,4,1, 34, ‘22, 13, 26, 35, 20, 31, 15, 9, 29, 14, 5, 3, 17, 23, 28, 30, 21, 25, 18,
8,11,32,12,0,19,27,16

E. Computational Cost of Each Stage

Table 8. The number of FLOPs and training/inference tokens required by each stage in HALO, applied to Qwen3-1.7B. Layer selection
stage spends fewer FLOPs per token because it performs only inference and does not require backward passes. Stage 3 has greater FLOPs
per token because it uses a greater context length. * indicates inference tokens while other entries are training tokens.

Stage \ Tokens FLOPs/token FLOPs GPU hours (A800)
Stage 1 320M 4.15B 2.7e18 10.0
Layer selection | 234M* 1.38B 6.5e17 N/A
Stage 2 1B 4.15B 8.3el8 43.4
Stage 3 1B 6.88B 1.4e19 37.7
Total | 23B 16.6B 2.5e19 91.1

Table 8 reports the computational cost (in the number of FLOPs) of each stage in HALO, our distillation process. The layer
selection process requires the model to perform inference on our evaluation tasks. There tasks contain 8.36M tokens in total,
and the FLOPs per token for inference is notably fewer than that of training.

The Number of Tokens Required by KL-Guided Layer Selection The number of training tokens used for the attention
selection method, KL-guided layer selection (KL-LS) (Li et al., 2025), depends on the number of layers in model.
Specifically, their method requires 700M x L + 600M tokens, where L is the number of layers in the base model. In the
main content (Table 1 and Figure 2), we report the number of tokens used for converting Qwen2.5-3B into RNNs with
KL-LS, which is the model used in their paper. That model has 36 layers.

E.1. RNN Mixer Efficiency Measurement

In this section, we compare the runtime of each RNN mixer across different context lengths, measured on one NVIDIA
A800-80GB GPU. The inference throughput results is shown in Figure 7. “time-dep.” means that forget gates (or, memory
decay multiplier) depend on the current time step, while “time-indep.” means that forget gates are fixed. We find that
Lightning Attention with data-independent forget gates is significantly faster than other RNN mixers and comparable to
SWA with a 512 window size, thanks to its highly simple update rule. This result further validate the superiority of Lightning
Attention on HypeNet.
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Figure 7. The inference prefilling time of various mixers as a function of context lengths, measured on one A800-80GB GPU using
BFLoat16. The sliding window mixers are implemented with Flash-Attention-2, Mamba?2 is implemented with its official mamba_ssm
library, and all other RNN mixers are taken from the widely used Flash-Linear-Attention®. Mamba2 ran out of CUDA Memory on 256K
context length. The y-axis is on log scale.

E.2. More Evaluation Details

We use the popular evaluation framework, LM-Evaluation-Harness (Gao et al., 2024), for all of our evaluation, and
the version we use is 0.4.10.dev0. Before evaluation, we export each checkpoint such that it can be loaded with
AutoModelForCausallM. frompretrained with the HuggingFace transformers library. Then, we run LM-
Evaluation-Harness with the HuggingFace API. We use BFloat16 during evaluation.

Qwen3 YaRN By default, we evaluate Qwen3 models without any modifications to the official model configuration file.
But for long-context tasks that exceed their default maximum context length, which is 40,960 tokens, we apply YaRN

method as described in the official model card adding a "rope_scaling" entry in the configuration file.

Downstream Tasks for CSR  The downstream tasks for measuring CSR performance are as follows:

* ARC-Easy (Clark et al., 2018)

ARC-Challenge (Clark et al., 2018)

HellaSwag (Zellers et al., 2019)

* WinoGrande (Sakaguchi et al., 2019)

PIQA (Bisk et al., 2019)

LAMBADA (Paperno et al., 2016)

MMLU (Hendrycks et al., 2021)

We always use normalized accuracy by default, which more common according to the authors of LM-Evaluation-Harness.

F. More Experimental Results
F.1. Attention Logits Scaling Validation

Figure 8 report the results of HypeNet without attention logits scaling in HyPE, which is described in Eq. 11, but is repeated

here for convenience:
5:q: K

Vdp,

As one can see from Figure 8, without logits scaling (i.e., setting s; = 1), HyPE exhibits limited length generalization
abilities. With constant scaling (setting s; = 1.5 for all positions) improve length generalization to a decent degree. But the
full potential of HyPE is unlocked with a position-dependent scaling factor, setting s; = log,, (t + a).

softmax ( > , st =log,(t+ a), (20)
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Figure 8. Results for validating attention logits scaling (see Eq. 11). The plot shows the NIAH performance of HypeNet without attention

logits scaling, HypeNet with constant scaling (which is common in RoPE-based length extrapolation methods), and HypeNet with the
attention logits scaling defined in Eq. 11.

Table 9. Ablation experiment results for stage 1 and 2 of HALO, applied to Qwen3-1.7B.

| Needle-in-a-Haystack
Model CSR‘ 4K 8K 16K 32K 64K 128K

Stage 1 ablations

100M tokens (RADLADS) 552 | 91.7 899 809 878 841 799
320M tokens (ours) 554 | 955 933 882 925 873 809
625M tokens 554 1 951 945 90.0 920 86.7 75.6
1.3B tokens 55.1 | 90.5 895 810 914 831 612
Stage 2 ablations
Max LR = 1e-5 (RADLADS) 469 | 89.2 727 712 881 651 60.7
Max LR = 3e-5 555 | 67.0 70.1 664 645 542 549
Max LR = le-4 (ours) 564 | 799 754 769 787 70.1  68.7
Max LR = 3e-4 46.0 | 71.1 612 364 398 36.1 36.1
Max LR = 1e-3 36.8 | 79.2 739 755 751 845 751

F.1.1. HALO CONFIGURATION ABLATION EXPERIMENTS

Table 9 presents the ablation experiments on the training configurations in our conversion procedure, HALO. For stage
1, surprisingly, increasing the amount of training data beyond 320M tokens does not result in strong final performance.
For stage 2, we can see that the default constant LR from RADLADS (Goldstein et al., 2025) is highly suboptimal. This
discrepancy might be a result of the fact that RADLADS employs a different network architecture than ours and/or that their
model sizes are different.

G. Which RNN Mixers are Compatible with HypeNet?

Here, we describe a more comprehensive (but not exhaustive) list of RNN mixers that are compatible with HypeNet. In
other words, they can be expressed as Eq. (5) and (6)), which we rewrite here for convenience.

q: = Xth7 ki =x;Wy, vi=xW,,
S; =F;S;_1 +k; v, € Rinxdn, 21
yi = qS¢W, € R,

This formulation includes (but are not limited to) the RNN mixers listed in Table 10. Table 11 describes how the notations

from each of the mixers studied in this paper correspond to our notations for RNN mixers (i.e., Eq. (21)). It also illustrates
which components in these RNN mixers inherit the attention weights in HALO.

G.1. HypeNet’s Compatibility with Mamba2

Mamba?2 is derived from the perspective of state space models (SSMs), which is not based on QKV as the input. State
space models may not always be expressible as Eq (21). Fortunately, Mamba and Mamba?2 are special cases of SSMs that
can be expressed as gated linear attention (Yang et al., 2024). The Mamba2 paper (Dao & Gu, 2024) provides an in-depth
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Table 10. Non-exhaustive list of representative RNN mixers that are compatible with HypeNet and HALO.

Linear Attention (Katharopoulos et al., 2020)

RetNet (Sun et al., 2023)

Lightning Attention (Qin et al., 2024a)

HGRN-2 (Qin et al., 2024b)

GLA (Yang et al., 2024)

Mamba?2 (Dao & Gu, 2024)

GSA (Zhang et al., 2024)

DeltaNet (Yang et al., 2025¢)

GDN (Yang et al., 2025b)

RWKYV-7 (Peng et al., 2025)

TTT (Sun et al., 2025)

Kimi DeltaAttention (Kimi et al., 2025)

Table 11. List of how various state-of-the-art RNNs can be expressed as outer-product-based RNNs (i.e., Eq (21)), using the notations
from their respective original paper. “-” indicates that these variables are never described in their original papers, but they can be found in
the implementations. Our code for converting each of these RNN mixers is publicly available.

Mixer | Fy | a: | ke | vi | Wy | Wi | W, | W,
Lightning Attention | A | ar | ke | vi | Wg | Wi | Wy -
Mamba2 | ol | G| ABy | |- |- | W® | W@
GLA | diag (ovt) | @& | ke | vi | Wo | Wk | Wy | Wo
GDN | o (I — Bk k) g | ke | v | Wo | Wk | Wy | -
RWKV-7 | (diag(we) — ek (@ @ Re)) | re | ke | v | Wi | Wi | W | W,

discussion of how (gated) linear attention is related to SSMs.
with HypeNet.

In brief, both of these state-of-the-art SSMs are compatible

Multi-Head Mechanism However, from the perspective of linear attention, Mamba2 adopts a multi-value mechanism in
which all heads share the same set of queries and keys. This is not the usual configuration for softmax attention models.
Therefore, in order to utilize the pre-trained model weights of softmax attention models, we use multi-head Mamba? in this
paper. This change has a negligible impact on the model’s throughput.

G.2. A Note on Kimi Delta Attention

Here, we discuss a failed attempt at converting Qwen3’s attention into KDA (Kimi et al., 2025), in order to facilitate
more effctive research. We have tried to use HALO to convert Qwen3’s attention layers into KDA layers using the same
configurations as described in Appendix B. However, the training process could not converge with the gradient norm
becoming inf after a few steps in stage 2. We tried reducing the learning rate but it did not help.

H. Training and Model Configurations for Training From Scratch Experiments

Here, we describe the training and model configurations for the experiments in Section 6.3.

Table 12. Training configurations and hyperparameters used when training from scratch (Section 6.3).

Hyperparameter Value

Total tokens 20B

Context length 4096

Batch size 128

Training steps 40,000

LR scheduler WSD (Hu et al., 2024)
Max. Learning rate 5x107*

Min. learning rate 5x107°

LR warmup steps 1,000

LR decay steps 8,000
Optimizer AdamW, g = (0.9,0.95)
Weight decay 0.1
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Table 13. Model architecture configurations for the from-scratch training experiments (Section 6.3). The tokenizer for all models is the
GPT-2 tokenizer’.

Hyperparameter Transformer SWAN-GPT HypeNet
Tokenizer GPT-2 GPT-2 GPT-2
Vocabulary size 50,304 50,304 50,304
Layers 28 28 28
Hidden size 1024 1024 1024
RNN layers 0 0 21
Full Attn. layers 28 7 7
SWA layers 0 21 0
SWA Window size - 512 -
FNN width 3072 3072 3072
Head dim 128 128 128
Attention heads 16 16 16
Attention KV heads 8 8 8
RNN heads - - 16
Tie embeddings Yes Yes Yes
QK Norm in attention Yes Yes Yes
ROPE 0 50k 50k 50k

Table 14. The logits scaling hyperparameter of various models in the from-scratch training experiments (Section 6.3).

Model \ Logit scaling base a (Eq. 11)
Transformer None
HypeNet-Lightning 300
HypeNet-Lightning (all NoPE) 1000
HypeNet-GDN 200
HypeNet-GLA 500
HypeNet-RWKV7 5000
HypeNet-Mamba2 1000
SWAN-GPT 1000

H.1. Training Configurations

All models are trained on 20 billion tokens from the FineWeb-edu dataset (Penedo et al., 2024). We use 8 NVIDIA
A800 GPUs to train each model. The training code is based on the HuggingFace Accelerate framework. The specific

training hyperparameters are detailed in Table 12. The hyparameters are chosen to best match standard practicing in LLM
pre-training.

H.2. Model Configurations

To ensure fair comparison, the parameter count for all models is controlled at approximately S00M. We also try to keep the
implementation as similar as possible to its official implementation released by the respective authors. For HypeNet models,
25% of the layers are attention layers, interleaved with RNN layers in a repeating pattern of one attention layer followed by
three RNN layers (i.e., Attn — RNN — RNN — RNN)®. The MLP blocks after each attention/RNN block are always a
SwiGLU block with the same hyperparameters. Table 13 reports the detailed configuration for each model, Table 14 reports
the attention logits scaling (see Section 5.1) for each model., and Table 15 reports the configurations for each RNN mixer.
The ensure fair comparison with the Transformer model and SWAN-GPT and also to better compare with our HypeNet
models that are distilled from pre-trained Transformer models, we do not employ short convolutions in RNN mixers.

8Since we are training from scratch, we do not need to handle attention layer selection as in HALO.
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Table 15. Hyperparameters for of the RNN layers in the HypeNet variants of the from-scratch training experiments (Section 6.3). v/
denotes that the feature is enabled, X denotes disabled, and “~” means that the hyperparameter is not applicable.

Hyperparameter HypeNet- | HypeNet- HypeNet- | HypeNet- | HypeNet-
Lightning | GDN GLA RWKV7 Mamba2

Gating & Normalization

Output gate v v v v v

Output norm v v v v v

QK norm v v, La-norm | X X X

QKYV activation X v, SiLU X X X

Short Convolution | X X X X X

F: neg. eigenvalue | X v X X X

Low-Rank Parametrization

Gate low-rank dim. |- - 16 160 -

Value low-rank dim. |- - - 96 -

Decay low-rank dim. | — - - 160 -

A low-rank dim. - - - 160 -
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