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Abstract

Softmax attention is the cornerstone of modern
large language models but is hindered by its lin-
ear memory and quadratic compute requirements.
Linear recurrent models, such as linear attention
and state space models, have become widely stud-
ied as alternatives due to their linear compute and
constant memory requirements. While these sub-
quadratic methods achieve promising efficiency
gains and competitive results on a wide range of
benchmarks, current linear recurrent models still
lag behind on tasks that require long-context re-
trieval or in-context learning, resulting in a grow-
ing body of work on hybrid architectures. In this
work, we propose ORYX, which explores a new
axis of developing hybrid models: across the se-
quence, the model has the ability to operate with
different mixers, e.g., quadratic attention and lin-
ear recurrences, rather than fixing a single mixer
throughout. ORYX ties more than 90% of its pa-
rameters across mixer types, enabling attention
and recurrent modes to operate over shared in-
ternal representations. We validate our design
with Mamba-2 and Gated DeltaNet variants up to
the 1.4B model scale. Under fixed token budgets
and a mixed-training strategy, all modes of the
1.4B ORYX outperform their respective baselines
by at least 0.7 percentage points on average on
downstream language modeling evaluations. On
retrieval tasks, ORYX achieves performance com-
parable to the Transformer baseline even when
processing only a tiny fraction (<10%) of the
tokens in the attention mode. These results sug-
gest that attention and linear recurrent models
can share internal representations, and motivate
sequence-axis hybridization as a promising direc-
tion for efficient long-context language models.

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by the International Conference
on Machine Learning (ICML). Do not distribute.

1. Introduction
The Transformer architecture and its core softmax attention
mechanism remain the dominant foundation for modern
large language models (LLMs). However, softmax attention
maintains a key-value (KV) cache of all previous tokens and
queries the full cache at each step, incurring quadratic com-
pute and linear memory requirements in sequence length.
These costs have motivated the recent proliferation of sub-
quadratic alternatives, in particular, linear recurrent models,
such as linear attention (Katharopoulos et al., 2020; Yang
et al., 2025a) and state-space models (SSMs) (Gu & Dao,
2024; Dao & Gu, 2024).1 These linear models are charac-
terized by their constant-size recurrent state and linearly-
scaling compute. While they have demonstrated promising
results in many settings, pure recurrent approaches still lag
behind on tasks that require strong retrieval or in-context
learning abilities (Waleffe et al., 2024; Arora et al., 2025a).
These trade-offs have motivated the development and de-
ployment of hybrid architectures, which combine these lin-
ear layers with softmax attention to balance performance
and efficiency (Waleffe et al., 2024; Kimi Team et al., 2025;
NVIDIA et al., 2025; Qwen Team, 2025).

Existing hybrid models fall under two main paradigms:
inter-layer, which interleave softmax attention and linear
layers, and intra-layer designs, which fuse the output of
attention and linear mechanisms within each layer. In both
cases, the computational cost per token and capabilities are
largely determined by the selected architecture prior to train-
ing. In practice, however, the required modeling capabilities
and desired trade-off vary by task: retrieval and reasoning-
heavy tasks may benefit from richer attention-based context
utilization, whereas standard language generation tasks may
be adequately served by linear recurrent computation. This
suggests a complementary form of hybridization: instead of
choosing a fixed mixture of mechanisms, can a model oper-
ate with different mixers across the sequence axis?

In this work, we propose ORYX, a sequence-axis hybrid
architecture that supports operating with both quadratic-
attention and linear-recurrent regimes throughout a sequence
(Figure 1), and a chunked mixed-mode training strategy that
enables flexible switching during deployment (Section 3). A

1In this work, we use attention to refer to the canonical
quadratic softmax attention mechanism, and use specified names
for the sub-quadratic variants, e.g., linear attention.
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Figure 1. Comparison of different hybrid architectures. (a) Inter-layer hybrid models interleave different mixers along the layer axis; (b)
Intra-layer hybrid models fuse different mixers within a single layer; (c) ORYX is a sequence-axis hybrid model that can switch between
different mixers across the sequence, allowing different segments of the input to be processed by varying mechanisms.

key challenge in supporting mode switching is that attention
and recurrent mixers parameterize and update their state dif-
ferently. To bridge these mechanisms, ORYX maintains the
KV cache and linear recurrent state, updating both jointly
at each timestep with shared key-value pairs obtained from
tied projections. As a result, both mechanisms build their
state from a shared representation space, avoiding separate
state-update features for each mixer. Consequently, when
the mixer mechanism switches, the new selected mixer can
continue from a compatible state accumulated over all pre-
ceding tokens. The flexibility in mixer selection during
inference could enable compute allocation at the prompt or
token level. For example, reasoning traces could be gener-
ated with the linear mixer for lower-latency, and the answer
could use the attention mode for better retrieval.

We instantiate this design with Mamba-2 (Dao & Gu, 2024)
and Gated DeltaNet (GDN) (Yang et al., 2025a) as the linear
mixer, with both variants sharing more than 90% of parame-
ters across mixer modes. However, we underscore that our
overall design is not specific to these choices and can extend
to other mixers that admit comparable key-value association
viewpoints. Across scale, our ORYX models can switch be-
tween attention and linear processing while incurring little to
no degradation in output quality (Figure 3). Under matched
parameters and training token budgets, ORYX remains com-
petitive with pure softmax attention, Mamba-2, and GDN
baselines on language modeling performance. At 1.4B pa-
rameters, both attention and linear modes of Mamba-2 and
GDN variants of ORYX outperform their respective base-
lines by more than 0.7 percentage points on average across
downstream language modeling evaluations (Table 1). We
also test the capability of ORYX on a variety of real world
retrieval tasks and synthetic retrieval tasks. ORYX is able to
achieve comparable retrieval performance compared to the
Transformer baseline with <10% of the tokens processed
in the attention mode. Using mixed-inference mode, ORYX
significantly surpasses the linear model baselines by a mar-

gin of at least 8.6 percentage points on real-world retrieval
tasks and at least 38.6 percentage points on needle-in-a-
haystack (NIAH) tests (Table 3). Our results demonstrate
that ORYX is a promising method for improving the retrieval
capabilities of linear models. Our findings suggest that at-
tention and linear recurrent mechanisms can share similar
representations despite differing largely in methodology,
opening new opportunities to study their interplay.

We first cover a background on sequence mixers and their
connections in Section 2. We use their commonality to
motivate the main architectural design of the ORYX layer in
Section 3. Section 4 evaluates the language modeling and
mode-switching ability of the ORYX model.

2. Preliminaries
Notation. We use the term “mixer” to denote a transfor-
mation that mixes information along a particular axis of the
input. A “sequence mixer” (e.g., the softmax attention op-
eration) mixes information across the sequence dimension,
whereas a “channel mixer” (e.g., an MLP) mixes across the
feature or channel dimension. We focus on sequence mixer
designs in this paper and use the term “mixer” to refer to
“sequence mixer” unless otherwise specified. We denote
scalars by non-bold symbols (e.g., a), vectors by bold low-
ercase symbols (e.g., q), and matrices by bold uppercase
symbols (e.g., X,W ). Subscripts index the first axis by de-
fault, while superscripts are reserved for identifiers.

Shared Key-Value Association View. While softmax at-
tention (Vaswani et al., 2023) and modern linear models,
e.g., state-space models (Dao & Gu, 2024), linear atten-
tion (Katharopoulos et al., 2020), and fast-weight program-
mers (Schlag et al., 2021; Yang et al., 2025a), differ in
how they store and update their state, they can all be uni-
fied under the associative memory view (Wang et al., 2025;
Liu et al., 2024). Under this view, each mechanism main-
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Softmax Attention Operation

Gated Norm

select one mode

Short Conv.

Oryx Flexible Mixer Layer

Linear RNN Operation

Figure 2. General ORYX layer. The layer shares the core representations between softmax attention and a linear recurrent mechanism
through tied key-value projections and uses additional components critical to the linear mechanism’s performance, e.g., the short
convolution and gate. During a forward pass, the shared key-value representation updates both the KV cache and linear state, allowing
either the softmax attention mixer or linear mixer to be chosen as the mode of operation at each timestep.

tains a memory of key-value associations and uses queries
to retrieve relevant values from that memory. Their core
representations, namely the queries, keys, and values, are
obtained through linear projections of the input, parameter-
ized by weight matrices WQ,WK , and W V . For input
x ∈ R1×D, we have

q = xWQ, k = xWK , v = xW V ,

where {WQ,WK} ∈ RD×Dk ,W V ∈ RD×Dv . For in-
put sequence X := [x1;x2; . . . ;xT ] ∈ RT×D, we use
Q = [q1; q2; . . . ; qT ] to denote all queries, and define K
and V similarly. This viewpoint provides the basis for the
tied-projection design in Section 3. We discuss the various
instantiations of this viewpoint in Section B.

3. Designing the ORYX Shared Layer
In this section, we describe the sequence-mixing ORYX
shared-layer that supports operating in both softmax atten-
tion and linear recurrent mechanisms. The resulting layer
maintains compatible attention and recurrent states and in-
cludes architectural components core to the modeling abili-
ties of each mechanism while sharing most of its parameters
across mixers (Figure 2). We instantiate the linear mixer as
Mamba-2 and Gated DeltaNet (GDN) for concreteness, but
our design choices can be applied with other linear models
with similar query-key-value interactions.

Shared Key-Values and Mixer-Specific Queries. Moti-
vated by the key-value associative memory view (Section 2),
ORYX ties the key and value projections across mixer modes,
enabling one set of representations, calculated from one for-
ward pass, to update both the attention KV cache and linear

recurrent state. While the queries can also be shared, our
empirical results suggest that tying all three core representa-
tions across mixers hinders model performance (see details
in Section C.1), and thus, we use unique weights for each
mixer’s query projection for stronger performance. We con-
jecture that the differences in their state update and output
rules may require different queries to extract mode-specific
information, a belief supported by empirical results.

Incorporating Additional Linear Layer Components.
ORYX incorporates the short convolution, multiplicative
gate, and pre-output projection normalization — common
components in current linear models — to retain these im-
portant inductive biases. In our implementation, the short
convolution is applied to only the shared keys and values
before they are passed into the selected MixerM ; the queries
are not convolved due to being mixer-specific.

For a selected mixer mode M ∈ {attention,Mamba-2,
GDN}, the layer computes2

O = MixerM (XWQM ,XWK ,XW V ,X;W sup.),

where W sup. denotes the additional mixer-specific support-
ing parameters, such as discretization or delta-rule parame-
ters. The mixer output is gated element-wise and normalized
before the final shared output projection

Y = GatedRMSNorm
(
O, σ(XWG)

)
WO,

where σ is an activation function, usually SiLU (Hendrycks
& Gimpel, 2023), and WG ∈ RD×Dv is the shared gate

2Rotary embeddings, the short convolution, etc., are abstracted
away in the Mixer class. Section C details the exact architecture
for each ORYX variant.
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projection. The exact normalization and supporting param-
eters depends on the linear mechanism used; we detail the
specifics of our variants in Section C. Most parameters, in-
cluding WK , W V , WG, and WO, are shared across mix-
ers. Thus, these shared representations can be calculated
with one shared forward pass. The general layer structure
is visualized in Figure 2, and an abstracted version of the
pseudocode can be found at Listing 1.

Maintaining Compatible States and Head Structures.
At each timestep, ORYX computes shared key and value rep-
resentations and uses them to update both the attention KV
cache and linear recurrent state. While the selected mixer
determines the layer output, the joint update allows both
states to retain the same token history. However, one issue
is that different mixers often use differing head structures.
For instance, modern Transformers use softmax attention in
a multi-head (MHA) or grouped-query head (GQA) struc-
ture, while Mamba-2 adopts a multi-value (MVA) structure.
To enable the effective sharing of weight projections, we
use the same head structure across mixers, matching that of
softmax attention, i.e., MHA in our experiments. Despite
this constraint applied on the linear mixers, we find that they
still remain empirically effective on modeling.

Chunked Mixed-Mode Training. To enable robust mode
switching capabilities at inference time (see ablation study
in Section C.1), we train ORYX with chunked mixed-mode
training. Each training sequence is partitioned into fixed-
length chunks, e.g., of 128 tokens, and each chunk is ran-
domly assigned a mixer mode, e.g., attention or linear mech-
anism. All layers use the same chunk assignment, and our
experiments find that a 1:3 attention-to-linear chunk training
ratio balances the performance of both modes.

4. Empirical Results and Properties
of ORYX

Section 4.1 discusses the language modeling and retrieval
results of our models when operating using only one mixer
mode. Section 4.2 then explores the mode switching capa-
bilities of the model, and Section C.1 ablates architectural
and training design choices. Setup is in Section D.

4.1. Language Modeling and Retrieval with Isolated
Mixer Modes

4.1.1. LANGUAGE MODELING PERFORMANCE

Table 1 reports each ORYX model’s performance when us-
ing one of its mixer modes in isolation, i.e., either softmax
attention or linear mechanism used for the entire sequence,
to determine the usefulness of each mode on its own. Across
scales, ORYX modes remain competitive with their corre-
sponding single-mixer baselines despite being trained for
the same number of tokens. At the 1.4B scale, both atten-

tion and linear modes of ORYX-TG and ORYX-TM out-
perform the baselines by at least 0.7 percentage points on
average. Notably, despite these tasks being evaluated “out-
of-distribution” — the mode switching training does not
explicitly train the entire model with all chunks assigned
to the same mixer — the models are still able to generalize
to this edge case. The probability that a sample is pro-
cessed entirely by the linear mechanism is (3/4)16 ≈ 1%
and (1/4)16 ≈ 2.3× 10−8% for softmax attention. These
results suggest that sharing key-value representations and
tying the majority of weights do not prevent either mixer
from learning effective standalone behavior.

4.1.2. RETRIEVAL CAPABILITIES

The single-mode retrieval results show that ORYX generally
preserves the retrieval capabilities of its constituent mixers
when using the same mixer for the entire sequence. Both
Mamba-2 and GDN variants achieve comparable real-world
retrieval performance except for the GDN variant on the
FDA dataset, which requires extracting information from
unstructured data. Notably, the GDN mode of ORYX-TG
substantially improves NIAH performance over its baseline,
achieving more than twice the accuracy on NIAH-3 and
more than half the accuracy on NIAH-2. We emphasize
that these results on the linear mechanisms were achieved
despite using only half and two-thirds of the total state size
of the respectively Mamba-2 and GDN baselines, which
suggests that shared-layer model and training can improve
downstream capabilities.

4.2. Flexible Mode Switching during Inference
While ORYX can be deployed in an attention-only or linear-
only mode, our chunk-level mode switching mechanism
enables a new axis of exploring hybrid models. The models
can flexibly change between mixers during prefill with little
to no degradation in perplexity as demonstrated in Figure 3.
In the pretrained ORYX-TM 1.4B model, after a switch,
the perplexity rapidly approaches that of the corresponding
no-switch baseline in the selected mode. The results in
Section F display the same behaviors for non-chunk-aligned
switch boundaries and multiple switches for both TM and
TG models, demonstrating the ability of various mixers to
share internal representations across sequences.

We further evaluate the mode switching ability on retrieval
tasks by splitting each sample into a context segment
(Context) and a prompt/generation segment (Prompt +
Gen), then processing the two segments with different
modes. For synthetic NIAH tasks, the context consists of
the haystack, and the prompt consists of the needle query.
For real-world tasks, because the boundary between con-
text and prompt is less distinct due to the cloze format, we
designate the first 97.5% of tokens as the context and the
remaining tokens as the prompt. Table 3 shows that mode-
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Table 1. Downstream language modeling evaluations on parameter-matched models trained with 100B FineWeb-Edu tokens. We compare
baseline models, ORYX-TM (Transformer/Mamba-2), and ORYX-TG (Transformer/Gated DeltaNet) at each parameter scale. Best results
for each size are bolded, and second best are underlined. The ORYX results reported below use the same mixer for the entire model and
sequence. Under a fixed training token budget, both modes of our dual mixer ORYX model achieve comparable or better performances
than that of single mixer baselines. Full results can be found at Table 9.

Family Mixer LAMB. LAMB. HellaS. PIQA Arc-E Arc-C WinoGr. OBQA Average
ppl ↓ acc ↑ acc n ↑ acc ↑ acc ↑ acc n ↑ acc ↑ acc ↑ acc ↑

81
0M

Baseline
Transformer 13.6 46.2 57.0 73.1 71.3 37.3 58.3 28.6 53.1
Mamba-2 13.4 45.6 58.2 72.7 72.8 40.1 56.0 31.2 53.8
Gated DeltaNet 12.1 47.4 58.3 72.5 73.3 39.8 58.6 29.6 54.2

ORYX-TM Transformer 12.5 48.0 58.0 73.6 73.7 39.4 59.1 31.0 54.7
Mamba-2 11.9 48.2 57.9 73.9 73.7 39.0 59.6 30.6 54.7

ORYX-TG Transformer 13.4 46.2 58.1 72.8 71.5 37.5 58.5 27.8 53.2
Gated DeltaNet 12.8 45.8 58.4 73.1 72.4 38.5 59.4 30.8 54.0

1.
4B

Baseline
Transformer 11.4 49.9 60.6 74.1 73.6 42.1 58.0 31.2 55.6
Mamba-2 11.2 48.6 60.9 74.7 74.5 42.7 58.1 30.4 55.7
Gated DeltaNet 10.6 49.9 61.9 75.0 75.0 42.2 60.9 31.4 56.6

ORYX-TM Transformer 11.1 50.2 61.3 75.0 75.7 42.0 58.0 31.6 56.3
Mamba-2 10.5 50.4 62.1 75.2 75.3 43.6 58.5 31.2 56.6

ORYX-TG Transformer 10.9 49.9 61.8 74.9 75.4 41.7 59.8 31.8 56.5
Gated DeltaNet 10.6 50.0 62.1 75.1 76.2 43.1 62.0 32.2 57.3

Table 2. Retrieval results for 1.4B baseline and ORYX models on real-world and synthetic retrieval tasks at 2K context length. Results
reported below use the same mixer for the entire model and sequence. ORYX-TM denotes Transformer/Mamba-2 shared layers, and
ORYX-TG, Transformer/Gated DeltaNet. The isolated modes of ORYX remain comparable in to their corresponding baselines.

Real-World Retrieval Synthetic Retrieval

Family Mixer SWDE SQuAD FDA TQA NQ DROP Mean NIAH-1 NIAH-2 NIAH-3 Mean

Baseline
Transformer

42.3 42.8 55.2 65.9 26.7 22.9 42.6 99.0 90.4 95.0 94.8
ORYX-TM 50.1 41.7 57.6 63.9 28.3 22.5 44.0 99.8 99.4 81.6 93.6
ORYX-TG 44.5 41.2 46.4 64.8 27.8 21.7 41.1 99.4 98.6 99.4 99.1

Baseline Mamba-2 20.6 36.1 21.0 61.7 22.4 20.3 30.3 90.4 15.8 33.2 46.5
ORYX-TM 22.2 36.4 19.4 63.7 21.8 22.3 31.0 50.8 17.0 41.0 36.3

Baseline Gated DeltaNet 27.4 36.4 24.2 63.3 23.8 21.6 32.8 99.4 39.6 32.6 57.2
ORYX-TG 29.3 37.9 18.2 64.0 23.5 22.0 32.5 99.4 60.2 82.8 80.8
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Figure 3. Smoothed token-level perplexity across token position for pretrained 1.4B ORYX-TM model trained with chunked mixed-mode
training. After switching from softmax attention to Mamba-2 and vice versa at different positions, perplexity rapidly approaches the
corresponding no-switch baseline, indicating that the mixers share compatible representations.

switching often preserves the retrieval performance of the
target prompt/generation mixer, especially on real-world re-
trieval tasks. We highlight that both ORYX models are able
to prefill with the linear mode and generate with softmax
attention, achieving comparable results compared to the
Transformer baseline and significantly surpassing their lin-

ear model baselines. In particular, with the mixed inference
mode, ORYX-TM achieves 13.5 percentage points higher on
average for real-world retrieval tasks, and 38.6 percentage
points higher for NIAH tests. For ORYX-TG, the numbers
are 8.6 and 40.3, respectively. We note that synthetic evalu-
ations are more sensitive to switching direction and mixer
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Table 3. Cross-mode retrieval results for 1.4B baseline and ORYX models on real-world and synthetic retrieval tasks at 2K context length,
grouped by the mixer used for prompt and generation (Prompt + Gen). Baselines use the same mixer for the entire sequence, while ORYX
use a different mixer for context prefill (Context) than for the prompt prefill and generation. The ORYX modes can remain comparable to
baselines despite switching modes, suggesting that the underlying representations required for retrieval are preserved across modes.

Real-World Retrieval Synthetic Retrieval

Prompt + Gen Family Context SWDE SQuAD FDA TQA NQ DROP Avg NIAH-1 NIAH-2 NIAH-3 Avg

Transformer
Baseline Transformer 42.3 42.8 55.2 65.9 26.7 22.9 42.6 99.0 90.4 95.0 94.8
ORYX-TM Mamba-2 50.9 40.9 56.4 64.5 28.2 22.4 43.9 99.8 97.6 58.0 85.1
ORYX-TG Gated DeltaNet 46.1 41.1 47.9 64.1 28.0 20.9 41.4 99.0 97.6 95.8 97.5

Mamba-2 Baseline Mamba-2 20.6 36.1 21.0 61.7 22.4 20.3 30.4 90.4 15.8 33.2 46.5
ORYX-TM Transformer 21.8 37.1 17.8 63.2 21.3 21.6 30.5 44.6 14.6 51.0 36.7

Gated DeltaNet Baseline Gated DeltaNet 27.4 36.4 24.2 63.3 23.8 21.6 32.8 99.4 39.6 32.6 57.2
ORYX-TG Transformer 29.5 38.2 17.1 63.9 24.0 21.2 32.3 99.4 73.6 88.2 87.1

choice, particularly the Transformer-to-Mamba-2 setting.
These results suggest that exact retrieval may stress the
compatibility of shared representations more strongly than
real-world retrieval for certain model configurations.

This new capability may enable use-cases such as mod-
els that change mechanisms depending on the task, e.g.,
paradigms where large portions of thinking traces are gen-
erated with the linear mode and verified with the attention
one. While ORYX models that deploy with mode switching
enabled will require the storage of both the KV cache and
linear state, but memory costs would be dominated by that
of the KV cache at longer context lengths.

5. Related Work
While some methodologies have been introduced that can
change the computational pathway for a given input, e.g.,
context-dependent segmentation for tokenization (Hwang
et al., 2025), there is comparatively little prior work that
is directly motivated by the prospect of using different se-
quence mixers throughout generation or prefill. Our method,
to the best of our knowledge, is among the first to study the
flexible switching of sequence mixers in an autoregressive
language modeling setting. Concurrent work HAM (Lufkin
et al., 2026) combines a linear RNN with attention by us-
ing the linear model to compress the full sequence while
reserving the KV cache for certain routed tokens, resulting
in linear RNN and sparse attention hybrid. TransMamba (Li
et al., 2025) processes a sequence with a mixture of softmax
attention and Mamba-2 with shared weights, but has a prede-
termined, fixed switch location at each layer, preventing the
flexible usage of various mixers depending on the sequence
context. This is further compounded by their unidirectional
switch, i.e., only from softmax attention to Mamba once.
Recent SLA2 (Zhang et al., 2026) also enables mixer-choice
through a learned router but is formulated as sparse-linear
attention for video diffusion rather than flexible switching
for autoregressive prefill or generation. Our work provides a
general framework for mixer selection in language modeling
and can serve as a basis for learned routing or learned spar-
sity. We further cover related works in Section A.

6. Discussion and Conclusion
In our work, we introduce ORYX, an architecture that en-
ables sequence-axis hybridization where different mixer
mechanisms can be utilized across a sequence. ORYX main-
tains shared representations across the softmax attention
and linear mechanism through tied projections, and across
model scales, achieves strong language modeling perfor-
mance, preserves retrieval capabilities, and supports mode
switching during prefill and generation. One consideration
is that our design requires the model to keep and update both
the KV cache and state memory at each timestep throughout
generation if mode switching is to be used. Although the
linear state’s memory cost is dominated by the KV cache
at longer lengths, reducing the overhead of maintaining
multiple states remains an important direction.

Our results suggest several extensions for developing
sequence-level hybrid models. While our current work relies
on static assignment, there exist many approaches to learn-
able mode-switching, e.g., using RL to train routers using
FLOPs saved as the reward. In addition, because the ORYX
design can naturally incorporate other sequence mixers, cer-
tain layers that share similar head structures to softmax
attention or can utilize its KV cache, e.g., 2-simplicial atten-
tion (Roy et al., 2025), may further improve performance.
Finally, the training dynamics of our multi-mixer models
remain largely unexplored and may be vastly different than
that of standard models. As the number of mixers or model
scale increases, it remains to be seen whether techniques,
such as discriminative learning rates or specialized training
objectives, may become more important.

More broadly, the sequence-axis hybrid paradigm opens
a new design space for adaptive compute. For instance,
linear recurrent modes could serve as efficient drafters for
speculative decoding or could rapidly generate the longer
intermediate reasoning traces prior to fully synthesizing the
answer with quadratic attention. Beyond these applications,
our work suggests that the representations learned by dif-
ferent mechanisms can overlap and be used jointly, raising
crucial questions of when and how different models develop
compatible understandings and representations.
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A. Additional Related Work
Linear Layers. There has been a growing body of work focused on mitigating the memory and compute requirements of the
softmax attention mechanism. These alternatives either aim to approximate the softmax attention mechanism (Katharopoulos
et al., 2020; Choromanski et al., 2022; Peng et al., 2021; Xiong et al., 2021; Hua et al., 2022; Beltagy et al., 2020) or are
inspired by other mechanisms. Many recent linear attention style models can be viewed as fast weight programmers (Yang
et al., 2025a; Schlag et al., 2021; Yang et al., 2025b; Hu et al., 2025), and the traditional state-space model (SSM) from
control theory has also influenced many popular works (Gu & Dao, 2024; Dao & Gu, 2024; Gu et al., 2022; Smith et al.,
2023). (Trockman et al., 2024) showed that initializing such SSM layers to mimic attention layers improves performance
on recall tasks, hinting at representational compatibility between the two layer types. Beyond linear attention and SSMs,
test-time training (TTT) layers redefine the state as adjustable model weights during inference instead of an external
tensor (Zhang et al., 2025; Tandon et al., 2025; Behrouz et al., 2024). While these models do reduce the overall overhead
needed for training and deployment, there exists a fundamental trade-off: the fixed-state size of linear RNNs forces lossy
compression. This weakness becomes apparent in retrieval or in-context learning heavy tasks (Waleffe et al., 2024; Arora
et al., 2025a).

Hybrid Models. Given efficiency benefits and strong modeling capabilities, linear layers are increasingly incorporated
alongside standard softmax attention within hybrid models to mitigate this weakness (NVIDIA et al., 2025; Qwen Team,
2025; OpenAI et al., 2025; Kimi Team et al., 2025; IBM Research, 2025; Gemma Team et al., 2025). Current hybrid model
design can mainly be split into two approaches: inter-layer and intra-layer. The majority of current hybrid models follow
the inter-layer format where different mixer mechanisms are interleaved on a layer basis where each layer only utilizes
a single sequence mixer, e.g., three Mamba layers followed by one softmax attention layer. Intra-layer designs integrate
different types of mixer within a single layer or block. For instance, Hymba (Dong et al., 2024) utilizes sliding-window
softmax attention and Mamba-2 in parallel within the same layer while maintaining completely separate parameters for
both mixers prior to merging their outputs. Irie et al. (2025); Fang et al. (2025) utilize linear models as a mechanism to
retain information discarded from the context of sliding-window, and thus can also be viewed as a variant of intra-layer
hybrid models. Native Sparse Attention enables some sequence-level adaptivity by selecting the context processed by its
attention pathways, but its per-token compute budget is largely fixed based on the configured sparsity pattern (Yuan et al.,
2025). More broadly, most current hybrid models either use a static mixture of mixer types or restrict adaptivity to routing
among attention pathways, dedicating a “fixed” architecture towards each token, which can be computationally inefficient
given the heterogeneous nature of sequences and queries. In contrast, ORYX enables the sequence mixing mechanism to be
determined at each timestep.

Routing Mechanisms. The potential and usage of the ORYX layer has parallels to routing-based layers and mechanisms.
While the mixer selection was chosen manually in our paper, the ability to utilize both mechanisms freely enables the ability
for a token to decide the selected mixer, similar to current mixture-of-expert routing (Fedus et al., 2022; Shazeer et al.,
2017; Wang et al., 2024). While general MoE layers typically utilize homogeneous experts, Lin et al. (2024) partitions
experts based on modality, similar to how our approach partitions the sequence mixer based on quadratic versus linear
mechanisms. Beyond channel mixers, i.e., MLPs, routing has also enabled the selection of certain attention heads within
the sequence mixer (Wu et al., 2024; Zhang et al., 2022). With the popularization of linear models with fixed-size states,
methods have been proposed that route tokens to specific states to prevent overwriting of past information in other states (Du
et al., 2025).

B. Additional Preliminaries
Softmax Attention. For causal softmax attention, the output ot ∈ R1×Dv at timestep t is a weighted aggregation
of past values V≤t according to the softmax-normalized similarity between the current query qt and past keys K≤t:
softmax

(
qtK

⊤
≤t

)
V≤t. 3 In parallel form, it is expressed as

O = Mixerattention(Q,K,V ) := softmax
(
LU + (QK⊤)

)
V ,

where LU ∈ RT×T ,LU
ij = −∞ · I[i < j] is the causal mask. Its state, the KV cache, stores the key and value vectors kt,vt

from all previous time steps and therefore grows linearly with sequence length. The mixer output O is passed through the
output projection WO ∈ RDv×D to get the final layer output in the original input dimension, Y = OWO. As this step is
present in other models as well, we will ignore it from here on out.

3We ignore positional encodings and other complementary components, e.g., head structure, head dimension normalization, for clarity.
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Linear Recurrent Neural Networks (RNNs). In contrast to softmax attention, linear RNNs, which encompass linear
attention variants and modern state space models (SSMs), are grounded in their recurrent structure. A key characteristic of
these models is their fixed-size states, which enable runtime and memory efficiency. Despite not having an explicit cache
of key-value pairs, the states are updated with key-value associations at each timestep. In general, a structured transition
matrix At ∈ RDk×Dk evolves the prior state St−1 ∈ RDk×Dv while the current key-value interaction is incorporated via an
outer-product. The output is determined using a simple readout with the current query.

St = AtSt−1 + k⊤
t vt, ot = qtSt,

Thus, its state and output can still be expressed through query, key, and value representations.

Mamba-2. The discretized Mamba-2 SSM (Dao & Gu, 2024) is one such instantiation of a linear RNN, using a scalar
times identity transition, At = αtI , where αt is an input-dependent decay factor. 4 Its parallel form can be written
using a decay-based lower-triangular mask Γ applied with a Hadamard product (◦), which draws connections to attention
variants (Dao & Gu, 2024) and highlights the value retrieval mechanism.

O = MixerMamba-2(Q,K,V ,X) :=
(
Γ ◦ (QK⊤)

)
V , Γ =

 1
α1 1

α2α1 α2 1

...
. . .


Gated DeltaNet. Fast-weight programmers (Schlag et al., 2021; Yang et al., 2025b), such as Gated DeltaNet (Yang et al.,
2025a), can also be viewed under this lens. While the memory is queried the same way, the gated delta update rule enables a
more expressive state update mechanism

St =
(
αt

(
I − βtk

⊤
t kt

))
St−1 + βtk

⊤
t vt, ot = qtSt,

where αt, βt are both data-dependent scalars. Like other sub-quadratic alternatives, it also retains a parallel representation.
Reusing the decay mask Γ from the Mamba-2 formulation, we have

O = MixerGDN(Q,K,V ;Γ,β) :=
(
Γ ◦

(
QK⊤)) [I + strictLower

(
diag(β)

(
Γ ◦

(
KK⊤)))]−1

diag(β)V .

While these sequence mixers differ in how they store (e.g., KV cache or fixed state), normalize (e.g., softmax, decay
mask), and update (e.g., delta rule) key-value associations, their common query-key-value interaction structure provides a
useful lens for connecting softmax attention and linear models. This connection motivates the design of our ORYX layer in
Section 3, where tied projections are used to update both attention and recurrent states from shared representations.

C. ORYX Architecture Details and Ablations
C.1. Architecture and Training Ablations
In the following section, we ablate the architectural and training choices that enable the strong performance and mode
switching abilities of ORYX models. We explore the impact of the mixer-specific query and additional linear layer
components on performance and the importance of the chunked mixed-mode training on mode-switching capabilities.
Ablations are conducted at the 350M scale, unless specified otherwise, with the standard training regime as the final models
except trained to Chinchilla scaling law token count (20× tokens-to-parameter ratio) (Hoffmann et al., 2022). When ablating
our ORYX architecture, we utilize sequence mixed-mode training, where an entire sequence is assigned to only one mixer
instead of our final chunked mixed-mode training, as both training regimes result in comparable pretraining loss and findings
are consistent under both.

Mixer-Specific Queries. The final shared ORYX layer uses mixer-specific query projections while sharing key and value
projections across mixer modes. While query weights can be shared across mixers, which would reduce the total parameter
count, it would not reduce the active parameter count and empirically degrades performance (Table 4a). Thus, we can
conclude that attention and recurrent mixers can share the state updating representations, i.e., the key and values, but
benefit from separate readout components, i.e., the query, due to their differences in state parameterization. We find similar
mechanism-specific design requirements for ORYX-TG. For instance, SiLU activations after the short convolution are
important, and the query-key normalization should only be applied to the GDN components (Section C).

4In Mamba-2, queries, keys, and values are referred to as C,B, x respectively, but we utilize attention terminology to draw similarities.
We also ignore the discretization parameters and the tied nature of αt and vt in this section for clarity.
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Table 4. Left: Untied, or disjoint, query weights outperform shared query weights for both types of RMS normalization, and default
RMSNorm outperforms grouped RMSNorm. Right: Adding both an element-wise gate and short convolution on the key and values of
a disjoint query model leads to the best performance. Model parameter counts are matched across variants; gated models increase the
parameter count in the mixer layer, so the MLP width is increased in non-gated models to compensate.

Query RMSNorm Attn ppl ↓ Mamba-2 ppl ↓

Shared Default 16.10 16.00
Grouped 17.73 17.77

Disjoint Default 15.93 15.82
Grouped 17.47 17.57

Conv? Gate? Attn ppl ↓ Mamba-2 ppl ↓

✓
✓ 15.09 15.28
✗ 15.35 15.36

✗
✓ 16.67 16.59
✗ 15.91 15.78

Table 5. Left: Additional architecture components added to fully pretrained, parameter-matched Transformer baselines. The additional
components do not benefit downstream language modeling performance. Right: The performance of chunked mixed-mode training is
comparable to sequence mixed-mode training. However, chunk assignment results in stronger, more robust mode switching abilities,
highlighted in Figure 3 and Figure 4.

Transformer 1.4B Avg LM acc ↑
Baseline 55.6
+ Norm 55.4
+ Norm + Conv + Gate 55.6

Training Attn ppl ↓ Mamba-2 ppl ↓
Sequence Assignment 15.09 15.28

Chunk Assignment 15.08 15.27

Additional Architectural Components. Our ablations find that the usage of the short convolution is critical for both
softmax attention and the linear model performance, while adding the gate further improves perplexity (Table 4b). In
contrast, applying element-wise gating without the short convolution hurts both performances, underscoring the complex
interactions between components that arise when designing shared layers. Because ORYX uses separate queries for each
mixer and supports mode switching during inference, we apply the short convolution only to the shared keys and values.
Notably, when these components, normalization, convolution, and gate, are added to the Transformer baseline, the language
modeling performance does not improve (Table 5a). Thus, the strong ORYX results observed are unlikely to be caused
solely by the addition of these components, but rather by the interaction of the various inductive biases when sharing core
representations.

Chunked Mixed-Mode Training. Our chunk-level mixed-mode training regime is critical in enabling robust mode
switching for our ORYX model. As an alternative, we train our models with a sequence-level mixed-mode scheme where
an entire training sequence is processed by only one mixer. While these models achieve comparable pretraining losses to
chunk-level (Table 5b), the mode switching capability does not consistently manifest. The sequence-level trained models
seem to possess mode switching capabilities from softmax attention to Mamba-2, but suffer from massive perplexity
degradation when shifting from Mamba-2 to softmax attention at certain scales. Figure 4 displays the smoothed perplexities
at each token position for the 125M and 350M models trained with and without chunk switching, and Section F discusses
further. Our ablation suggests that the mixer transitions induced by the chunk-based training encourages the representations
to remain more compatible throughout a sequence as compared to sequence-based training.

We note that chunked mixed-mode training may incur an increase in computational overhead compared to sequence-level
mixed training. While softmax attention strictly forgoes the quadratic cost of calculating outputs for unselected sequence
chunks, the linear RNN must roll its recurrent state forward across all chunks to preserve output correctness, resulting
in a fixed linear compute cost. We analyze general compute usage in Section E and leave overhead reduction for future
work.

C.2. Specific ORYX Variant Architectures
Mamba-2 ORYX. The RMSNorm used in the Mamba-2 variant of the ORYX layer uses vanilla RMSNorm applied after
the element-wise gating, following Dao & Gu (2024). We find that GroupNorm (Wu & He, 2018), used in Hymba (Dong
et al., 2024), harms the shared layer’s Mamba-2 performance, but find that GroupNorm can be utilized if the Mamba-2
mixer were replaced with one that operates well with GroupNorm, e.g., Gated DeltaNet (Yang et al., 2025a). Unlike
standard Mamba layers, we also remove the activations after the convolution to maintain better consistency with the standard
Transformer design, and find this does not significantly impact performance. In addition, we find that applying the RoPE
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Figure 4. Smoothed perplexity across token index position for ORYX-TM models trained with and without chunk-level switching. Models
trained without mode chunk switching perform slightly worse after switching mixers and can suffer from strong degradation in some
cases.

positional embedding globally to queries and to the shared key empirically helps both mixer’s performances (Table 6).
Notably, integrating RoPE for both mixers improves Mamba-2’s perplexity more significantly than it does for self-attention.
While it is unclear why this is the case, this finding may be attributed to the beneficial nature of operating with complex
SSMs (Lahoti et al., 2026) or incorporating direct positional encoding information (rather than indirect information via the
decay) (Shi & Wu, 2024).

Table 6. Applying RoPE to both self-attention and Mamba queries and keys improves performance compared to applying it solely to
self-attention. This holds true regardless of whether a short convolution is used on the key-value components.

Conv? RoPE Applied Attn ppl ↓ Mamba-2 ppl ↓

✓
Both 15.54 15.54
Attn 15.59 15.70

✗
Both 15.85 15.94
Attn 16.05 16.03

GDN ORYX. Following (Yang et al., 2025a), the pre-output projection norm uses the pre-gate, GroupNorm design. GDN
requires the L2 normalization of queries and keys, which we find empirically hurts the performance of the attention mode
significantly when applied (Table 7). Thus, we only apply L2 normalization to the queries and keys passed into the GDN
mixer. Unlike the Mamba-2 variant of ORYX, the post-short convolution activation is important for modeling and retrieval
performance, thus we add the standard SiLU activation to both mixers’ queries and the shared keys and values (Table 8).
Furthermore, rotary embeddings are only applied to the attention mixer’s query and keys, as the application to GDN hurts
retrieval performance. The mixer-specific application of the architectural components, such as the embeddings and norms,
can be subsumed by the mixer kernels with little loss in efficiency, as the main projected values are still shared.

C.3. Pseudocode

15
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Table 7. GDN requires L2 norm applied to its query and key, but we find not normalizing those of the attention mixer leads to the best
results.

L2 Norm on Attn Attn ppl ↓ GDN ppl ↓
Query + Key 28.68 16.16
Key 15.18 15.32
None 15.08 15.06

Table 8. Left: SiLU activation on the keys and values is critical for performance. While applying RoPE only in the attention mixer
performs similar to that of applying RoPE in both attention and GDN for pretraining loss, it performs better on retrieval-based tasks.
Right: Using attention-only RoPE, we find that applying the SiLU activation on the queries for both attention and GDN leads to strong
performance and better retrieval.

RoPE Applied Shared KV Act. Attn ppl ↓ GDN ppl ↓

Both SiLU 15.08 15.06
Id. 15.21 15.30

Attn SiLU 15.09 15.07
Id. 15.23 15.29

Attn Q act. GDN Q act. Attn ppl ↓ GDN ppl ↓

SiLU SiLU 15.09 15.07
Id. 15.31 15.28

Id. SiLU 15.04 15.06
Id. 15.23 15.26

Listing 1. Abstracted pseudocode for the Mamba-2 variant of ORYX shared layer. We omit chunk-based mixed-mode forwarding, the joint
state update, and implementation details for clarity and focus on the general representations and components.

# Learnable parameters/modules:
# W_K, W_V, W_G, W_O, W_Q_attn, W_Q_mamba, W_sup_mamba
# ShortConv, GatedRMSNorm

def OryxLayer(X, mode):
K = X @ W_K
V = X @ W_V
G = SiLU(X @ W_G)

K, V = ShortConv(K, V)

if mode == "attention":
Q = RoPE(X @ W_Q_attn)
O = SoftmaxAttention(

Q=Q,
K=RoPE(K),
V=V,

)

elif mode == "mamba2":
Q = RoPE(X @ W_Q_mamba)
O = Mamba2Mixer(

x=V,
B=RoPE(K),
C=Q,
params=W_sup_mamba,

)

Y = GatedRMSNorm(input=O, gate=G) @ W_O
return Y

D. Experimental Setup
ORYX Setup. Our model follows the Transformer++ setup originating from Touvron et al. (2023) and detailed in Gu
& Dao (2024). We use ORYX-TM to denote a self-attention (Transformer)/Mamba-2 shared-layer model, and ORYX-TG
to denote a self-attention/GDN shared-layer model. We set the dimensions of the query, key, and value to be equal, i.e.,
Dk = Dv following standard Transformer convention; however, we fix the head dimension Dk,v = 128 across all scales to
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preserve the recurrent state size. As the gate increases the active mixer parameters, the resulting mixer-to-MLP parameter
ratio increases from the baselines Transformer’s 4:8 to 5:8. Since the MLPs and most projections are shared across mixers,
more than 90% of the weights are jointly used across modes.5

Baseline Setup. Transformer baselines follow the Transformer++ architecture and head structure of Brown et al. (2020).
Mamba-2 baselines interleave Mamba-2 layers, using Dk = 128, Dv = 64 and expansion factor of 2, with SwiGLU MLPs
at a 6:6 parameter ratio. Gated DeltaNet baselines similarly interleave GDN layers, using Dk = 128, Dv = 256, with MLPs
at the same ratio. To parameter-match models, we increase the MLP widths of the baselines to compensate for the additional
gate parameters in ORYX layers (the short convolution leads to a negligible increase).

Experimental Setup. We pretrained models at four different scales, each with 100B tokens of FineWeb-Edu (Lozhkov
et al., 2024) using the GPT-2 tokenizer (Radford et al., 2019) at 2K context length. A cosine scheduler was used with 10%
of total steps allocated to warmup, and AdamW (Loshchilov & Hutter, 2019) with β = (0.9, 0.95) and 0.1 weight decay
was used as the optimizer. For baselines, peak learning rate was set to 5× that of Brown et al. (2020) at each scale following
Dao & Gu (2024); a factor of 10× was used for ORYX models due to its two mixer modes. Models were trained with
bfloat16 mixed precision, and a global batch size of 1M tokens was used for 1B models and 0.5M for the rest.

Evaluation Setup. The language modeling abilities of models were evaluated with a suite of standard commonsense
reasoning and language understanding tasks: LAMBADA (Paperno et al., 2016; Radford et al., 2019), HellaSwag (Zellers
et al., 2019), PIQA (Bisk et al., 2019), Arc-Easy and Challenge (Clark et al., 2018), WinoGrande (Sakaguchi et al., 2019),
and OpenbookQA (Mihaylov et al., 2018). We also measured the retrieval capabilities of the 1.4B models on both synthetic
needle-in-the-haystack (NIAH) tasks (Hsieh et al., 2024) and real-world retrieval tasks in cloze format (Arora et al., 2024;
2025a): SWDE (Arora et al., 2025b; Lockard et al., 2019), SQuAD (Rajpurkar et al., 2018), FDA (Arora et al., 2025b),
TriviaQA (TQA) (Joshi et al., 2017), NQ (Kwiatkowski et al., 2019), and DROP (Dua et al., 2019). A context length of 2K
was used for all retrieval tasks.

E. General FLOPs Analysis
In this section, we provide a general FLOPs analysis of a forward pass of the ORYX sequence mixer algorithm and compare
it against softmax attention and a linear recurrent mechanism, Mamba-2 to be specific. The analysis is intended to compare
asymptotic costs of the base sequence-mixing operation under a simplified chunked implementation, thus, we omit the
compute associated with the weight projections and additional components, e.g., gate, and hardware-specific effects. As a
refresher, modern recurrent linear models utilize a chunk forward algorithm during training or prefill, in which the total
sequence length T is partitioned into chunks of size C and the outputs and states are calculated in parallel. Thus, Q is
partitioned into [Q1; · · · ;QT/C ] where Qi ∈ RC×Dk , and the same is applied to K,V . The comprehensive algorithm can
be found at Yang et al. (2024); Dao & Gu (2024).

Linear RNN (Mamba-2) FLOPs count. The forward pass of a chunked linear RNN can generally be decomposed into
four steps. We mainly consider the large matrix multiplication operations and ignore smaller element-wise multiplication
operations.

1. Chunk state: Here, each chunk i computes its contribution to the recurrent state Si ∈ RDk×Dv via K⊤
i Vi which

results in 2CDkDv FLOPs per chunk and 2TDkDv for the entire sequence.

2. State passing: The chunk states are updated to incorporate prior state information via a scan on the T/C total states of
size Dk ×Dv . This results in approximately 2TDkDv/C FLOPs.

3. Intra-chunk output: Here, the output from the intra-chunk interactions are calculated via (Li◦QiK
⊤
i )Vi which results

in 2C2Dk + 2C2Dv per chunk, when ignoring the mask. The total FLOPs for all chunks are then 2TCDk + 2TCDv .

4. Inter-chunk output: Finally, the output from the cumulative prior hidden states must be calculated and added to the
output arising from the intra-chunk calculations. Here, the QiSi−1 calculation results in 2CDkDv per chunk and
2TDkDv in total. The summation of the inter-chunk and intra-chunk outputs results in TP FLOPs, which is negligible,
thus ignored.

5The percentage calculation excludes the embedding in the total parameter count.
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In total, the overall compute required for a single forward pass is approximately 4TDkDv+2TC(Dk+Dv)+2TDkDv/C
which can be simplified to 8TC2 + 2TC ≈ 8TC2 when assuming C = Dk = Dv .

Softmax Attention FLOPs count. The standard causal softmax attention mechanism computes the quadratic interactions
among the sequence constrained by a causal mask. While hardware-aware implementations exist (Dao et al., 2022), they
do not decrease the overall FLOPs count. Similar to above, we ignore operations such as softmax and mainly focus on
matmuls for clarity. For the score computation QK⊤, as only T (T + 1)/2 pairs are valid due to causality, the total FLOPs
required is T (T + 1)Dk. The aggregation of V follows the same argument, resulting in a T (T + 1)Dv FLOPs. Thus, the
total FLOPs required is T (T + 1)(Dk +Dv) which is around 2T 2C when assuming C = Dk = Dv .

ORYX FLOPs count. As ORYX uses shared key-value representations to update both the attention KV cache and linear
state, the linear state needs to be updated at all instances. However, because the mixer selection determines the output, the
FLOPs required for generating the output depends on δ which we will assign as the probability that a chunk is routed to the
linear mechanism. Thus, we can consider the three aspects of ORYX’s compute.

1. Constant linear state update: All chunks of the sequence need to update the state, resulting in 2TDkDv+2TDkDv/C
total FLOPs when accounting for the chunk state and state passing portions of the linear model.

2. Linear output: As only δ chunks are assigned to the linear mixer and thus require computation, the overall number
of FLOPs used is approximately δ(2TCDk + 2TCDv + 2TDkDv) when accounting for the intra- and inter-chunk
operations.

3. Attention output: Here, we make the assumption that the routing δ selects chunks at uniform to help with analysis.
Under this simplifying condition, the computation cost in expectation is (1− δ)T (T + 1)(Dk +Dv).

When combined, the total compute required for an ORYX forward pass is 2TDkDv+2TDkDv/C+δ(2TCDk+2TCDv+
2TDkDv)+(1−δ)T (T+1)(Dk+Dv) which is approximately 2TC2(1+3δ)+2(1−δ)T 2C when assuming C = Dk = Dv

and ignoring lower order terms.

Compute Tradeoff. When comparing the general FLOPs usage of ORYX and pure attention, ORYX uses fewer FLOPs
when (1 − δ) + (1 + 3δ)C/T < 1. Rearranging, we find that in general, if T > ( 1δ + 3)C, the shared-layer utilizes
less compute than pure attention. This result is intuitive as a large δ would reduce the majority of the quadratic attention
compute required, while a small δ would require most of the attention computation plus the recurrent state overhead. In our
one-to-three attention-to-linear split setting with C = 128, the ORYX layer would utilize less FLOPs than that of softmax
attention if the context length were 2048 (T = 2048 ≥ 555).

F. Additional Language Modeling and Mode Switching Results
For instance, ORYX-TM models trained with sequence-level switching display the ability to freely switch from softmax-
attention to Mamba-2 processing and vice versa without performance degradation at the 125M and 1.4B scale. However, the
350M and 760M models can only switch from softmax-attention to Mamba-2 without issue: switching from Mamba-2 to
softmax-attention leads to notable performance degradations as measured by a spike in token-index perplexity. We display
the perplexity of all Chinchilla-token trained models in Figure 5.

The cause of this divergence remains unclear, although our ablations suggest this is not an architectural issue. Reducing
learning rate mitigates the divergence and increasing training does not solve the issue. We hypothesize this is due to the
switch from softmax-attention to Mamba-2 involves switching from a more expressive to less expressive mixer which is
easier than vice versa, which is why we see the ability appear naturally more often.

We find that chunked mixed-mode training enables switching at all scales (Figure 6), switching at non-chunk boundaries,
i.e., non-multiples of 128 (Figure 8), and multiple switches within a single sequence (Figure 9).
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Table 9. Full downstream language modeling evaluations on parameter-matched models trained with 100B FineWeb-Edu tokens. We
compare baseline models, ORYX-TM (Transformer/Mamba-2), and ORYX-TG (Transformer/Gated DeltaNet) at each parameter scale.
Best results for each size are bolded, and second best are underlined. The ORYX results reported below use the same mixer for the entire
model and sequence. Under a fixed training token budget, both modes of our dual mixer ORYX model achieve comparable or better
performances than that of single mixer baselines.

Family Mixer LAMB. LAMB. HellaS. PIQA Arc-E Arc-C WinoGr. OBQA Average
ppl ↓ acc ↑ acc n ↑ acc ↑ acc ↑ acc n ↑ acc ↑ acc ↑ acc ↑

13
0M

Baseline
Transformer 42.6 32.3 39.2 66.8 58.4 28.9 51.1 19.4 42.3
Mamba-2 41.5 29.9 40.0 67.1 60.0 27.9 52.6 22.8 42.9
Gated DeltaNet 36.5 32.2 40.5 68.4 62.7 28.7 51.6 22.0 43.7

ORYX-TM Transformer 38.2 34.3 39.3 67.7 58.7 28.1 54.0 22.4 43.5
Mamba-2 40.3 31.1 39.8 67.4 59.0 29.0 53.7 23.2 43.3

ORYX-TG Transformer 39.3 32.7 39.9 67.3 59.7 28.6 50.9 21.4 42.9
Gated DeltaNet 39.0 31.5 40.4 67.1 59.3 27.9 48.6 20.8 42.2

38
0M

Baseline
Transformer 19.5 41.1 51.0 70.8 68.2 33.6 55.7 23.8 49.2
Mamba-2 18.3 41.3 51.8 72.1 68.5 35.2 56.6 27.0 50.4
Gated DeltaNet 16.5 42.4 51.4 71.2 68.6 34.6 55.3 27.2 50.1

ORYX-TM Transformer 17.8 41.9 51.2 71.2 71.0 35.1 57.0 26.8 50.6
Mamba-2 18.5 42.3 51.0 71.3 70.5 36.3 57.1 28.0 50.9

ORYX-TG Transformer 19.4 40.5 51.3 71.6 67.1 33.8 55.9 24.4 49.2
Gated DeltaNet 18.1 40.4 51.5 71.3 68.6 34.8 57.5 25.6 50.0

81
0M

Baseline
Transformer 13.6 46.2 57.0 73.1 71.3 37.3 58.3 28.6 53.1
Mamba-2 13.4 45.6 58.2 72.7 72.8 40.1 56.0 31.2 53.8
Gated DeltaNet 12.1 47.4 58.3 72.5 73.3 39.8 58.6 29.6 54.2

ORYX-TM Transformer 12.5 48.0 58.0 73.6 73.7 39.4 59.1 31.0 54.7
Mamba-2 11.9 48.2 57.9 73.9 73.7 39.0 59.6 30.6 54.7

ORYX-TG Transformer 13.4 46.2 58.1 72.8 71.5 37.5 58.5 27.8 53.2
Gated DeltaNet 12.8 45.8 58.4 73.1 72.4 38.5 59.4 30.8 54.0

1.
4B

Baseline
Transformer 11.4 49.9 60.6 74.1 73.6 42.1 58.0 31.2 55.6
Mamba-2 11.2 48.6 60.9 74.7 74.5 42.7 58.1 30.4 55.7
Gated DeltaNet 10.6 49.9 61.9 75.0 75.0 42.2 60.9 31.4 56.6

ORYX-TM Transformer 11.1 50.2 61.3 75.0 75.7 42.0 58.0 31.6 56.3
Mamba-2 10.5 50.4 62.1 75.2 75.3 43.6 58.5 31.2 56.6

ORYX-TG Transformer 10.9 49.9 61.8 74.9 75.4 41.7 59.8 31.8 56.5
Gated DeltaNet 10.6 50.0 62.1 75.1 76.2 43.1 62.0 32.2 57.3
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Figure 5. Smoothed perplexity across token index position for ORYX-TM models at all four scales trained with and without chunk-level
switching.
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Figure 6. Smoothed perplexity across token index position for all chunked mixed-mode ORYX-TM models across scale.
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Figure 7. Smoothed perplexity across token index position for all chunked mixed-mode pretrained ORYX-TG models across scale.
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Figure 8. Smoothed perplexity across token index position at non-chunk boundaries for chunked mixed-mode pretrained ORYX-TM 1.4B
model.
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Figure 9. Smoothed perplexity across token index position for multiple switches for chunked mixed-mode pretrained ORYX-TM 1.4B
model.
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Figure 10. Smoothed perplexity across token index position for multiple switches for chunked mixed-mode pretrained ORYX-TG 1.4B
model.
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