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ABSTRACT

Recent progress in large language models demonstrates that hybrid architectures–
combining self-attention mechanisms with structured state space models like
Mamba–can achieve a compelling balance between modeling quality and
computational efficiency, particularly for long-context tasks. While these hybrid
models show promising performance, systematic comparisons of hybridization
strategies and analyses on the key factors behind their effectiveness have not been
clearly shared to the community. In this work, we present a holistic evaluation of
hybrid architectures based on inter-layer (sequential) or intra-layer (parallel) fusion.
We evaluate these designs from a variety of perspectives: language modeling
performance, long-context capabilities, scaling analysis, and training and inference
efficiency. By investigating the core characteristics of their computational
primitive, we identify the most critical elements for each hybridization strategy and
further propose optimal design recipes for both hybrid models. Our comprehensive
analysis provides practical guidance and valuable insights for developing hybrid
language models, facilitating the optimization of architectural configurations.

1 INTRODUCTION

Recent language models (Llama Team, 2024; Microsoft Research, 2024; DeepSeek-AI, 2024; Ope-
naAI et al., 2024; Qwen Team, 2025; Gemini Team, 2025) have demonstrated strong scalability and
human-like performance across a wide range of tasks. Most of these models are based on the Trans-
former architecture (Vaswani et al., 2017), which alternates self-attention and feed-forward layers.
However, the self-attention mechanism exhibits quadratic complexity with respect to input sequence
length, leading to slow inference and a substantial memory footprint. To address these limitations, a
new class of computational primitives—state space models (SSMs)—has emerged, inspired by signal
processing (Gu et al., 2020; 2021a;b; 2022; Fu et al., 2022; Gu & Dao, 2023; Dao & Gu, 2024; Yang
et al., 2024). These architectures scale more efficiently to long sequences by compressing prior context
into a finite-dimensional state. Among these, the Mamba model (Gu & Dao, 2023; Dao & Gu, 2024)
stands out for being competitive with Transformer on language modeling, while also accelerating
training speed through work-efficient parallel scan algorithms (Blelloch, 1990; Smith et al., 2022).

These new primitives expand the architecture design space, opening up new possibilities for hybrid
models that leverage the strengths of different architectural choices (Glorioso et al., 2024b; Ren et al.,
2024; Lieber et al., 2024; Wang et al., 2024a; Poli et al., 2024; Dong et al., 2024; Ren et al., 2025;
Basant et al., 2025). Notably, mixing Transformer and Mamba blocks often outperforms homogeneous
architectures, while maintaining high efficiency. Most prior work on hybrid models has focused
on the sequential interleaving of standard Transformer and Mamba blocks—an inter-layer hybrid
approach (Glorioso et al., 2024b; Ren et al., 2024; Jamba Team et al., 2024; Hunyuan Team et al.,
2025). This practical strategy allows for a balance between model quality and throughput by adjusting
the ratio of quadratic (Transformer) to linear (Mamba) attention blocks. In addition, a few intra-layer
hybrid models have been proposed, which fuse the two primitives in parallel within individual layers.
These approaches use either head-wise (Dong et al., 2024; Xiao et al., 2025) or sequence-wise
splits (Zhang et al., 2024; Li et al., 2025b) to further combine the benefits of both architectures at
a finer granularity. Figure 1a summarizes which attention primitives each hybridization type can use.

Despite the emergence of various hybrid architectures, the current literature lacks openly shared, in-
depth analysis of hybridization strategies, making it difficult to understand their relative strengths and
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(a) Overview of hybrid architecture (b) Pareto frontier of throughput

Figure 1: (a) Two hybridization strategies construct attention using either Transformer (or
intra-hybrid) or Mamba blocks. For clarity, Transformer primitive denotes multi-head attention (or
efficient variants). Varying ratios of these blocks controls the degree of hybridization. In intra-hybrid
blocks, all heads are split into two halves, which are then processed by half-sized Transformer and
Mamba blocks, respectively. (b) The hybrid architectures achieve superior quality-throughput
trade-offs compared to homogeneous architectures. Negative log likelihood (i.e., loss) is measured
on the DCLM validation set, and inference throughput is averaged across total lengths of 2K, 4K, 8K,
16K, and 32K, with the prompt length fixed at 512. All models have 1B parameters and are trained with
the same FLOPs budget of 4.5e20 and 8K context length. For hybrids, we connect results for different
block ratios (1:0, 1:1, 1:3, 1:5, 1:12, 0:1)—where each ratio denotes (Transformer / Intra-hhybrid :
Mamba blocks)—with dashed lines. In the sliding window attention (SWA) model, global attention
and SWA are interleaved at a 1:5 ratio, with a window size of 512 and an attention sink size of 64.

design trade-offs (Sun et al., 2025). In particular, most prior works focus on introducing specific hybrid
architectures rather than providing detailed, systematic comparisons across possible hybridization
approaches. As a result, the key intuitions driving final design choices, as well as the relative merits
of different strategies from multiple perspectives, remain open questions for the community.

In this work, we address these research questions by conducting a holistic evaluation of hybrid archi-
tectures via comprehensive, multi-faceted comparisons. Specifically, for model architecture choices,
we compare inter-layer and intra-layer hybridization strategies with Transformer (Llama Team, 2024),
Mamba (Dao & Gu, 2024), and striped models of global and sliding window attention (Beltagy et al.,
2020; Gemma Team et al., 2025) with attention sink (Xiao et al., 2023). From quality perspectives, we
identify optimal design choices for hybrid models by providing key insights into critical architectural
considerations, based on language modeling perplexity (§4.1) and extensive ablation studies (§4.5
and §4.6). Additionally, we analyze long-context retrieval performance (Rae et al., 2019a; Kamradt,
2023) with the characteristics of each computational primitive (§4.3). Our exploration of Mixture-of-
Experts (Fedus et al., 2022; DeepSeek-AI, 2024) and compute-optimal scaling (Kaplan et al., 2020;
Hoffmann et al., 2022) further offers practical guidance for scaling up hybrid models (§4.4). On the
efficiency front, we conduct an in-depth comparison of both training and inference, measuring training
time, memory usage, inference throughput, and cache size (§4.2). Based on our comprehensive
experiments, we summarize the principal insights regarding hybrid architectures as follows:

[Quality] Both hybrid model types outperform homogeneous architectures up to 2.9% accuracy
and even surpass widely adopted SWA models in quality. Intra-layer hybridization
shows best pareto-frontier of model quality and efficiency (see Figure 1b and Table 2).

[Quality] While baselines show poor in-context retrieval and length generalization, all hybrid
architectures achieve robust and superior long-context retrieval (see Figures 3c and 4).

[Quality] Hybrid models are fully compatible with MoE structures and achieve an optimal
compute-scaling slope between those of Transformer and Mamba (see Table 3).

[Efficiency] By fully leveraging Mamba’s efficiency strengths (i.e., linear complexity with respect
to sequences), hybrid models achieve fast end-to-end training time (see Figure 2) and
high inference throughput with lower cache sizes (see Figures 1b, 3a, and 3b).

[Design] Insights about optimal block ratios, ordering of computational primitives for hybrid
architectural configurations are thoroughly explored (see Tables 4 and 5).
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Table 1: Overall comparison of per-block compute and memory costs across different primitives.
For simplicity, we exclude the additional term of 6 times the block parameter count from FLOPs.
Here, N denotes number, d is dimension, and L is sequence length. Lswa is the sum of sliding
window size and attention sink sizes, and dssm is typically 2dmodel. For Transformers, we assume
grouped-query attention, and cache sizes are calculated with bfloat16 precision.

Compute Memory

Models FLOPs per Sample Parameter Counts Total Cache Size

Llama 12dmodelLctx×(Lctx+1)/2
2dmodeldmodel

+2dmodeldheadNkv

2dheadNkvLctx
+2dheadNkvLctx

Sliding
Window

12dmodelLswa
×((Lswa+1)/2+(Lctx−Lswa))

2dmodeldmodel
+2dmodeldheadNkv

2dheadNkvLswa
+2dheadNkvLswa

Mamba 3Lctx×(9dssmdstate+2dssm)
dmodel(2dssm+2dstate+Nhead)

+dstate(Nconv+dmodel)+2Nhead

2dssmdstate
+2Nconv(2dstate + dssm)

2 BACKGROUND

Transformer architecture. The Transformer architecture (Vaswani et al., 2017) consists of two
main components: the multi-head attention (MHA) module and a feed-forward network (FFN). The
MHA mechanism leverages multiple attention heads to capture diverse dependencies within the input
sequence. For each head, attention is computed as follows:

Attention(Q,K,V) = softmax
(
QKT /

√
dk

)
V,

where Q, K, and V are derived from learned linear projections of the input using WQ
ℓ , WK

ℓ , and
WV

ℓ , respectively. The outputs of all heads are concatenated and transformed by WO
ℓ to restore

the original model dimension. To reduce key-value cache size, recent models divide query heads into
groups, with each group sharing a single key and value head—a structure known as grouped-query
or multi-query attention (Ainslie et al., 2023). On the other hand, sliding window attention
(SWA) (Beltagy et al., 2020; Jiang et al., 2023; Gemma Team et al., 2025; Cohere et al., 2025;
OpenAI et al., 2025) reduces the context length over which queries attend to key and value states.
For the FFN component, recent models adopt a gating structure based on the SiGLU mechanism,
which is a variant of SwiGLU (Shazeer, 2020; Chowdhery et al., 2023) but uses the SiLU activation
instead of Swish. This FFN can be replaced with a Mixture-of-Experts layer (Shazeer et al., 2017;
Fedus et al., 2022), where multiple FFNs (experts) are adaptively routed for each token.

Mamba architecture. The Mamba architecture (Gu & Dao, 2023) is a recent advancement in
sequence modeling, building on structured state space models like S4 (Gu et al., 2021a), H3 (Fu et al.,
2022), and S4D (Gu et al., 2022). Mamba replaces the attention mechanism with a state space model
(SSM) layer, enabling efficient and expressive modeling of long-range dependencies:

ht = Āht−1 + B̄xt, yt = Cht +Dxt

Here, ht represents the latent state at time t, xt is the input, and yt is the output. In practice, Ā is
discretized using zero-order hold (ZOH), and B̄ is discretized via the Euler method. A key innovation
is the input-dependent modulation of the state space parameters B, C, and the discretization step
∆, allowing the model to flexibly control context retention and input integration for each token. This
selectivity enables Mamba to match the modeling quality of Transformers. Additionally, inspired by
gated attention units (Hua et al., 2022), Mamba incorporates a SiLU-based gating mechanism. Mamba
2 (Dao & Gu, 2024) advances this design by introducing the state space duality (SSD) layer, which
reformulates SSM computations as matrix multiplications highly optimized for modern hardware
(e.g., GPUs, TPUs). This results in significantly faster training and improved practical efficiency.
Throughout this paper, we primarily utilize the Mamba 2 architecture as the computational primitive,
with each block always followed by a FFN layer, which can optionally be replaced with a MoE layer.

Compute and memory costs comparison. When analyzing costs in hybrid architectures (also for
SWA models combining global and local attention), we reference the per-block costs in Table 1 (see
Appendix D for details). For example, in a 1B model with 8K context, Transformer uses about 18%
more FLOPs per sample than Mamba, due to its quadratic scaling versus Mamba’s linear scaling.
From a memory perspective, Mamba uses 2.5× more parameters per block (25M vs. 10M), but its
cache size is 95% smaller than that of a Transformer (256 MiB vs. 13.4 MiB).
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3 HYBRID ARCHITECTURE

Hybrid architectures can be categorized by their integration approach: inter-layer and intra-layer
hybridization. We define each strategy and outline related research questions below.

3.1 INTER-LAYER HYBRID MODEL

Definition. The inter-layer hybrid model alternates softmax attention layers with linear sequence
modeling layers at specific intervals (see Figure 1a). A key design choice in this approach is
determining the order and proportion in which Transformer and Mamba primitives are arranged and
interpolated. Its practical effectiveness and straightforward implementation have made the inter-layer
approach a dominant strategy in hybrid architecture development.

Related works. Most hybrid models combine Mamba (Gu & Dao, 2023; Dao & Gu, 2024) with
various attention mechanisms to enhance quality and efficiency. Notable examples—H3 (Fu et al.,
2022), MambaFormer (Park et al., 2024), Zamba (Glorioso et al., 2024b;a), Jamba (Lieber et al., 2024;
Jamba Team et al., 2024), Samba (Ren et al., 2024; 2025), Hunyuan-TurboS (Hunyuan Team et al.,
2025), Nemotron nano 2 (Basant et al., 2025), and IBM Granite 4.0—leverage Mamba’s efficiency
with global or local attention, scaling to over 1M context length. Some post-training approaches—such
as MambaInLLaMA (Wang et al., 2024a), MOHAWK (Bick et al., 2024), Zebra-Llama (Yang et al.,
2025), and Jet-Nemotron (Gu et al., 2025)—use knowledge distillation to convert parts of a pretrained
Transformer into linear modules, while STAR (Thomas et al., 2024) and Composer (Acun et al., 2025)
perform architecture search. Other hybrids—RecurrentGemma (Botev et al., 2024), Griffin (De et al.,
2024), Titans (Behrouz et al., 2024), RWKV-X (Hou et al., 2025), MiniMax-01 (Li et al., 2025a),
Qwen3-Next, and Kimi Linear (Kimi Team, 2025)—combine diverse self-attention variants (Beltagy
et al., 2020; DeepSeek-AI, 2024; Qin et al., 2024; Lu et al., 2025; Qiu et al., 2025) with different
linear modules (Qin et al., 2022; De et al., 2024; Yang et al., 2024; Peng et al., 2025).

Block ratios in inter-layer hybrid. One of the key research questions in designing inter-layer
hybrids is determining the optimal ratio of Transformer blocks to Mamba blocks when stacking layers.
This ratio determines the degree of interpolation between two computational primitives, impacting not
only model quality but also efficiency metrics like throughput and cache size. Prior work (Jamba Team
et al., 2024; Lieber et al., 2024; Basant et al., 2025) has generally favored configurations with a high
proportion of Mamba layers—for example, a 1:7 ratio. We revisit this design choice and offer deeper
insights by comparing various ratios from both quality and efficiency perspectives.

Positioning of computational primitives. Another open question is whether the position of
interleaved blocks affects model quality, and how best to arrange them for optimal performance.
There is currently no clear consensus on optimal positioning, as it may depend on factors such as
block ratio and model scale. Although prior work (Lieber et al., 2024; Ren et al., 2025; Basant et al.,
2025) often places Transformer blocks in the middle layers, comprehensive studies on this topic
are still lacking. To fill this gap, we conduct extensive ablation experiments, varying the positions
of Transformer blocks (e.g., early, middle, and late layers) across different ratios and model sizes.

3.2 INTRA-LAYER HYBRID MODEL

Definition. Intra-layer hybrid models achieve fine-grained fusion within individual layers by
blending softmax attention and linear attention in parallel. A common approach (Dong et al., 2024;
Zuo et al., 2025; Xiao et al., 2025) is head-wise splitting, where some heads use Transformer
attention while others use Mamba. Here, we use intra-hybrid and Mamba blocks as primitive
candidates, so that this includes an interleaving mechanism akin to inter-layer hybrid models.

Related works. Intra-layer hybrid models can be classified by how each token interacts with differ-
ent modules. In the head-wise splitting approach (e.g., Hymba (Dong et al., 2024), Falcon-H1 (Zuo
et al., 2025), WuNeng (Xiao et al., 2025), and Dragon), attention heads are divided into groups, with
each group assigned to a distinct module. Alternatively, works like Liger (Lan et al., 2025) process
each token through all modules in parallel and fuse the outputs. For sequence-wise splitting, different
modules are applied to context tokens based on their positions when computing attention scores. This
splitting can be determined by an absolute point in the sequence, as in TransMamba (Li et al., 2025b),
or by relative position, as in LoLCATs (Zhang et al., 2024). While not hybrid, differential architec-
tures such as Differential Transformer (Ye et al., 2024) and Differential Mamba (Schneider et al.,
2025) also use head-wise splitting, but use the same primitive type and subtract their attention scores.
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Table 2: Hybrid models achieve better quality than baselines under equal data and compute
constraints. Nhyb denotes the number of intra-hybrid block primitive. We calculate total training
compute FLOPs and cache sizes for a sequence length of 8K tokens. We use an approximate block
ratio of 1:5 for SWA and hybrid architectures, which mix two different types of block.

Base Config Cost NLL (↓) Few-shot Accuracy (↑)

Models N-emb Nattn Nswa Nssm Nhyb Tok FLOPs Cache DCLM PG19 LD HS PQ ARC OB Avg

Llama 0.97B 16 - - - 60B 4.5 e20 256 2.750 2.875 56.1 55.2 72.8 43.2 32.7 52.0
SWA 0.97B 3 13 - - 60B 3.8 e20 63 2.741 2.867 56.0 55.9 72.6 44.2 34.8 52.7
Mamba 0.99B - - 13 - 60B 3.7 e20 13 2.758 2.891 53.7 55.1 73.8 43.9 35.2 52.3
Inter-H 0.96B 2 - 11 - 60B 3.7 e20 43 2.735 2.861 56.4 55.4 73.1 44.8 36.6 53.3
Intra-H 0.98B - - 11 2 60B 3.7 e20 38 2.728 2.853 58.7 57.4 73.3 47.9 36.4 54.7

SWA 0.97B 3 13 - - 71B 4.5 e20 63 2.724 2.845 57.0 56.9 73.1 46.0 36.0 53.8
Mamba 0.97B - - 13 - 73B 4.5 e20 13 2.736 2.865 55.2 57.1 73.8 45.3 36.0 53.5
Inter-H 0.96B 2 - 11 - 73B 4.5 e20 43 2.716 2.842 56.7 57.6 73.3 46.5 35.8 54.0
Intra-H 0.98B - - 11 2 72B 4.5 e20 38 2.709 2.831 58.4 57.7 74.4 46.9 37.0 54.9

Architectural variants for intra-layer hybrid. We adapt a head-wise splitting approach, assigning
different primitives to two groups of attention heads. Especially, query and key states in Transformer
are projected to reduced dimensions, while the value state is expanded back to the original size (Ye
et al., 2024; Schneider et al., 2025). For Mamba, the hidden dimension of SSMs is similarly reduced
based on configuration. Various fusion designs are explored, including normalization strategies—with
or without group normalization (Wu & He, 2018) as in Hymba (Dong et al., 2024)); learnable
scalar—such as scaling (Dong et al., 2024; Ye et al., 2024; Schneider et al., 2025) or gating param-
eters (Lan et al., 2025; Xiao et al., 2025); fusion operations—including addition (Dong et al., 2024;
Lan et al., 2025; Xiao et al., 2025), subtraction (Ye et al., 2024; Schneider et al., 2025), or concatena-
tion (Xiao et al., 2025); and the number of output projection. We thoroughly evaluate these variants
at both 350M and 1B scales, comparing their performance to existing intra-hybrid architectures.

Dimension ratios in intra-hybrid block. The ratio of parameter sizes between Transformer and
Mamba modules within intra-hybrid blocks—controlled by their hidden dimension allocations—is
one of key architectural considerations. By observing how model quality changes as this ratio varies,
we can infer the relative importance of each primitive. Furthermore, assuming expert parallelism (Ra-
jbhandari et al., 2022) enables parallel execution of the modules, overall efficiency will be bounded
by the slower Transformer component. Thus, we investigate how much we can reduce the dimension
assigned to the Transformer, aiming to enhance efficiency without compromising overall quality.

Block ratios and positioning of primitives. In our intra-layer hybrid, each block is either an intra-
hybrid block or a Mamba block. By varying the block ratio to control the interpolation degree, we
analyze how different configurations affect both quality and efficiency, aiming to understand the trade-
offs in intra-hybridization. We further examine how the placement of these intra-hybrid blocks at dif-
ferent depths influences model quality. Since both Transformer and Mamba are included, unlike using
homogeneous primitives, we explore how its behavior differs from that of inter-layer hybrid models.

4 EXPERIMENTS

We build hybrid models with computational primitives following the configurations of Llama
3.2 (Llama Team, 2024) and Mamba 2 (Dao & Gu, 2024) architectures. We use the TorchTitan
framework (Liang et al., 2024) for large-scale LLM training with H200 GPUs. See Appendix F for
further details.

4.1 MAIN RESULTS ON QUALITY

Hybrid architectures significantly outperform homogeneous models. Table 2 compares our
two hybridization strategies—optimized along positioning and design choice axes (see §4.5 and
§4.6)—with conventional baselines (Llama Team, 2024; Dao & Gu, 2024; Gemma Team et al.,
2025). Our controlled experiments show that hybrid models, including SWA, consistently outperform
homogeneous models in negative log-likelihood (NLL) and few-shot accuracy under the same
data budget. This demonstrates that effectively combining complementary inductive biases from
different primitives is key to improving model quality through hybridization. Notably, we provide
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(a) FLOPs per sample (↓) (b) End-to-end step time (↓) (c) Memory need (↓)

Figure 2: Hybrid models have lower FLOPs, which directly leads to reduced actual training time.
We measure metrics for 1B model using 8 H200 GPUs with FSDP, torch.compile, 8K lengths,
and a local batch size of 4, without activation checkpointing. Both SWA and hybrid models use
a 1:5 block ratio. † indicates a theoretical time achievable with parallelism (Rajbhandari et al., 2022).

(a) Throughput (↑) (b) Cache sizes (↓) (c) NLL on PG19 (↓)

Figure 3: (a, b) Hybrid architectures show sub-quadratic scaling of inference throughput and
memory as sequence increases. SWA and hybrid 1B models use block ratio of 1:5. For throughput,
we set the prompt length to 512 and the batch size to 4. (c) Mamba enables length generalization in
terms of perplexity, allowing hybrids to maintain strong performance. We use 1B models trained
with a compute budget of 4.5e20 and 8K lengths. Loss is averaged every 1K positions over 30 samples.

a meaningful comparison between inter- and intra-hybrid architectures under matched budgets,
which has not been previously explored or shared (Ren et al., 2024; Jamba Team et al., 2024;
Dong et al., 2024; Basant et al., 2025). Under the same FLOP budget, hybrids achieve even more
substantial quality gains (e.g., 2.9% increase in accuracy and 0.04 reduction in NLL). We find that
these advantages are consistent across different block ratios and model scales, demonstrating the
robustness of the hybrid approach (see Figure 1b).

4.2 MAIN RESULTS ON EFFICIENCY

FLOPs reduction in hybrid models translate into faster actual end-to-end training time.
Mamba’s linear complexity leads to lower FLOPs than Transformer (18% lower for 1B scale at 8K
lengths; see Table 1 for details). As shown in Figure 2, hybrid models leverage these advantage for
superior performance in compute-bound scenarios. Empirically, lower FLOPs almost directly yield
faster training, aided by parallel scan algorithms (Blelloch, 1990; Smith et al., 2022). For intra-hybrid
models, the expert parallelism (Rajbhandari et al., 2022) can theoretically optimize training speed
further. Although Mamba and hybrid models may use slightly more memory during training,
adjusting the block ratio provides flexibility to balance between efficiency and model quality.

Hybrid models achieve a superior Pareto frontier of inference throughput and quality. Fig-
ures 3a and 3b demonstrate that hybrid architectures, by leveraging Mamba’s linear complexity and
constant cache size, sustain high throughput and sub-quadratic memory growth across context lengths.
This enables faster generation compared to baselines, while still maintaining high output quality (see
Figure 1b). Although SWA uses a 512 + 64 (window + sink) attention map, it remains slower than
Mamba’s linear attention, making hybrids overall faster. Interestingly, intra-layer hybrids, which
utilize half-sized Transformer, further outperform inter-layer hybrids even when executed sequentially.

6



324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

(a) Llama (b) Sliding window (c) Mamba (d) Inter-hybrid (e) Intra-hybrid

Figure 4: Hybrid models overcome the limitations of both foundational primitives, achieving
superior in-context retrieval performance. We insert a needle (random 7-digit number associated
with random city name (Gemini Team et al., 2024)) across the 0–100% depth range (y-axis) for
context lengths up to 14K (x-axis). Over 100 trials, green indicates 100% accuracy, while red denotes
0% accuracy. We use 1B model checkpoints trained with 8K length and a FLOPs budget of 4.5e20.
SWA and hybrid models use 1:5 block ratio.

Table 3: (Left) All architectures consistently achieve significant quality gains from MoE
integration. All models are trained on 60B tokens, with hybrid models using a 1:5 block ratio. We
use one shared expert and the selected top-1 expert among eight. Additionally, a token-choice router
with loss-free balancing algorithm is utilized (Wang et al., 2024b; DeepSeek-AI, 2024). (Right)
Hybrid architectures demonstrates a compute-optimal scaling line that lies between those
of Transformer and Mamba. We train models at four different scales—100M, 350M, 1B, and
3B—across five compute budgets. Each marker indicates the optimal model size for a given compute
budget. For hybrid models, we use a 1:5 block ratio.

Base Config MoE Performance (↓ / ↓ / ↑)
Models Act Total Nattn Nssm Nhyb FLOPs Num Act DCLM PG19 Acc

Llama 0.97B 0.97B 16 - - 4.5 e20 - - 2.750 2.875 52.0
0.97B 3.79B 16 - - 4.5 e20 1+8 1+1 2.656 2.775 55.8

Mamba 0.99B 0.99B - 13 - 3.7 e20 - - 2.758 2.891 52.3
0.99B 3.28B - 13 - 3.7 e20 1+8 1+1 2.673 2.803 55.0

Inter-H 0.96B 0.96B 2 11 - 3.7 e20 - - 2.735 2.861 53.3
0.96B 3.25B 2 11 - 3.7 e20 1+8 1+1 2.653 2.780 56.0

Intra-H 0.98B 0.98B - 11 2 3.7 e20 - - 2.728 2.853 54.7
0.98B 3.27B - 11 2 3.7 e20 1+8 1+1 2.648 2.775 56.9

4.3 LONG-CONTEXT CAPABILITY EVALUATION

Position-wise loss on PG19 shows hybrid-Mamba models extrapolates well to longer contexts.
Figure 3c compares position-wise loss on the PG19 corpus (Rae et al., 2019a) to examine the
long-context capabilities of various architectures. All models show decreasing NLL up to the
8K-token pretraining context, as later tokens benefit from more context. Beyond 8K, SSMs can
effectively extrapolate (Gu & Dao, 2023; Dao & Gu, 2024; Yang et al., 2024), while Transformer
struggles due to its positional encoding methods (Press et al., 2021; Kazemnejad et al., 2023;
Zhou et al., 2024). Therefore, both hybrid architectures with a 1:5 block ratio benefit more from
Mamba, demonstrating stronger length generalization. This characteristic will vary depending on
the interpolation degree determined by the block ratio.

Hybrid models overcome weakness of Transformer and Mamba in in-context retrieval. Fig-
ure 4 presents in-context retrieval performance on the Needle-In-A-Haystack benchmark (Kamradt,
2023; Kuratov et al., 2024). A needle is inserted at a specific depth in the context, and models are
evaluated on their ability to retrieve (generate) it. Transformer accuracy drops to near zero beyond
8K context length, as expected. On the other hand, SWA and Mamba also struggle with retrieval
outside their local window and sink token regions, or in long-range tokens, despite strong perplexity
scores in Figure 3c; this is likely due to their focus on local information (Ben-Kish et al., 2024).
In contrast, both inter- and intra-hybrid models surprisingly maintain strong retrieval performance
up to about 1.5x the pretraining length, overcoming the limitations of the base primitives rather
than simply inheriting them. While retrieval accuracy in the middle of extrapolated contexts does
decline (Liu et al., 2023), hybrid models consistently demonstrate improved retrieval capabilities.
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Table 4: (Left) Inter-layer hybrid achieves the best quality at a 1:1 block ratio, but the 1:5 ratio is
preferable to balance efficiency and quality. Transformer blocks are evenly distributed in the middle.
All models are trained on 60B tokens. (Right) Interleaving Transformer blocks at intermediate
depths is key for optimal performance. The upper figure shows results of ablating the position of
a single Transformer block in 1B (13 layers) and 350M (11 layers) models with a 1:12 ratio. In the
lower figure, after distributing Transformer blocks in the middle of 1B model, we move the first block
to the first layer (Front) or the last block to the last layer (End). All models are trained on 60B tokens.

Base Config Performance (↓ / ↓ / ↑)
Sizes Ratio N-emb Nattn Nssm DCLM PG19 Acc

1 : 0 0.97B 16 - 2.750 2.875 52.0
0 : 1 0.99B - 13 2.758 2.891 52.3

1 : 1 0.96B 7 7 2.725 2.847 54.0
1 : 3 0.94B 3 10 2.732 2.857 53.8
1 : 5 0.96B 2 11 2.735 2.861 53.3

1B

1 : 12 0.97B 1 12 2.741 2.866 53.1

1 : 0 0.35B 14 - 2.882 3.015 48.7
0 : 1 0.35B - 11 2.880 3.024 48.7

1 : 1 0.35B 6 6 2.850 2.985 49.3
1 : 3 0.34B 3 8 2.858 2.994 50.2
1 : 5 0.35B 2 9 2.860 2.999 49.4

350M

1 : 12 0.36B 1 10 2.864 3.003 49.3

4.4 SCALING ANALYSIS

Mixture-of-Experts are fully compatible with hybrid architectures. A few recent inter-layer
hybrid models (Lieber et al., 2024; Jamba Team et al., 2024) have incorporated Mixture-of-Experts
(MoE) (Shazeer et al., 2017; Fedus et al., 2022) to improve performance at fixed compute. In Table 3,
we re-examine MoE in inter-layer hybrids and also evaluate intra-layer hybridization, comparing both
to baseline models. Across all architectures, MoE yields a substantial reduction in NLL (by 0.08) and
4 point increase in few-shot accuracy. Since hybridization is applied to the attention component, inte-
grating MoE into the FFN layer remains compatible with all hybrid models. The data-hungry nature of
MoE also enables more efficient scaling of hybrid models for a fixed number of activated parameters.

Hybrid models are efficient and scalable architectures. The figure to the right of Table 3
analyzes the scalability of different model architectures and identifies compute-optimal scaling
strategies (Kaplan et al., 2020; Hoffmann et al., 2022). The compute-optimal line illustrates the best
achievable quality and parameter sizes for each architecture under a given computational budget.
Mamba performs best with larger models and less data feeding, while Transformers favor a higher
token-to-parameter ratio of around 20 (Hoffmann et al., 2022). Hybrid models show intermediate
scaling behavior, with intra-layer hybrids being a little slightly more data-hungry. These results
provide clear guidance on how to optimally scale up hybrid architectures.

4.5 ABLATION STUDIES FOR INTER-LAYER HYBRIDIZATION

To ensure quality, aim for a high 1:1 ratio, but to balance with efficiency, use about 1:5 ratio.
In Table 4, we compare inter-hybrid models with six block ratios at two scales (1:0 = Transformer,
0:1 = Mamba). Hybrid architectures consistently outperform homogeneous ones, with the balanced
1:1 ratio yielding the best quality. However, due to the Transformer’s quadratic complexity, inference
throughput gains become limited. To balance both efficiency and quality, a ratio of around 1:5
appears to be optimal, which aligns with the lower ratios (e.g., 1:5, 1:7) adopted by large hybrid
language models (Lieber et al., 2024; Wang et al., 2025; Basant et al., 2025).

Never place Transformer blocks at the front. Deciding the order of Transformer and Mamba
blocks is a key design choice. Our ablation study (see figures next to Table 4) shows that, for a
1:12 ratio, placing the Transformer block in the early layers leads to significant performance drop,
while positioning it in the middle yields the best results. Similar experiments with higher block ratios
(bottom-right figure) also confirm that putting Transformer blocks at the front consistently leads
to worse performance than homogeneous models, regardless of ratio. These finding support prior
work favoring middle placement of Transformer (Park et al., 2024; Jamba Team et al., 2024; Dong
et al., 2024). In the future, more efficient methods like layer-wise sensitivity analysis (Yang et al.,
2025) or architecture search (Thomas et al., 2024) may help optimize block positions.
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Table 5: (Left) We identify a more optimal architecture than previous designs through ablation
studies on intra-hybrid block. We train a 1B model on 60B tokens, replacing all layers with
intra-hybrid blocks (i.e., 1:0 block ratio). All heads are split into two, with each linked to a half-sized
primitive. † denotes our re-implementation of the two prior works, equipped with value dimension
expansion for GQA. (Right) Keeping larger Transformer dimension within intra-hybrid block
improves quality (despite reduced efficiency), and placing the intra-hybrid block in the middle
yields the best results. All 1B models with the optimal architecture from left, are trained on 60B
tokens. In the figure above, we use a block ratio of 1:0, where all layers become intra-hybrid blocks.
For lower figure, we place intra-hybrid blocks in the middle of 1B model by: placing consecutively
(Cluster), distributing evenly (Scatter), or placing at the beginning and end as well (Sandwich).

Design Choices Performance (↓ / ↓ / ↑)
Models Module Norm Scalar Fusion Out DCLM PG19 Acc

Llama T - - - - 2.750 2.875 52.0
Mamba M - - - - 2.758 2.891 52.3

Diff-T T / T - Diff-T Diff Joint 2.727 2.848 53.6
Diff-M M / M - Diff-M Diff Sep 2.759 2.892 53.0
Hymba† T / M Group Scale Add Joint 2.726 2.846 52.4
Falcon-H1† T / M - - Conc Joint 2.720 2.840 53.6

T / M - Scale Add Joint 2.740 2.865 53.9

T / M Group - Add Joint 2.721 2.840 54.5
T / M Group Gate Add Joint 2.751 2.876 53.1

T / M Group - Diff Joint 2.721 2.842 54.0
T / M Group - Conc Joint 2.715 2.833 54.8
T / M Group - Add Sep 2.714 2.834 54.5

Variants

T / M Group - Diff Sep 2.712 2.831 54.9

4.6 ABLATION STUDIES FOR INTRA-LAYER HYBRIDIZATION

Novel outperforming architectural variant for intra-hybrid block. In designing intra-hybrid
blocks, we explore four axes: normalization layer, learnable scalar, fusion operation, and output
projection. In Table 5, our experiments reveal that normalization is crucial due to the scale differences
between modules (Dong et al., 2024), which makes additional scaling factors unnecessary. For output
fusion, either subtracting the outputs to mitigate attention noise or simply concatenating them yield
the best quality. The resulting architecture surpasses previous intra-hybrid models (e.g., Hymba (Dong
et al., 2024), Falcon-H1 (Zuo et al., 2025)), and hybridizing Transformer and Mamba proves superior
in both quality and efficiency over differential architectures that use same type of primitives (e.g.,
Differential Transformer (Ye et al., 2024), Differential Mamba (Schneider et al., 2025)).

Enlarging Transformer dimension improves quality, despite reduced efficiency. The upper-right
figure presents ablation results for dimension allocation ratios within the intra-hybrid block, defined
by the proportion of query / key dimension in Transformer versus pre-expansion dimension in Mamba
(with 1:0 and 0:1 representing pure Transformer and Mamba, respectively). The results indicate that
a balanced allocation is important for quality, with larger Transformer dimensions leading to greater
performance gains (similar observations in Zuo et al. (2025))—suggesting that the Transformer
component even plays a more critical role than Mamba. However, since throughput is limited by
the Transformer under parallel execution, 1:1 dimension ratio offers a practical and effective balance.

Evenly scattering intra-hybrid blocks across depths yields the best quality. We further
investigate block ratio and ordering strategies for intra-hybrid models (see lower figure next to
Table 5). Increasing the proportion of Transformer-containing intra-hybrid blocks consistently
improves quality, in line with previous findings on primitive importance from dimension ratio
ablations. However, using more Mamba blocks remains a practical choice for efficiency. For block
positioning, motivated by lessons from §4.5, we keep intra-hybrid blocks in the middle positions
for ablation studies. Notably, evenly distributing these intra-hybrid blocks across depths yields the
best results, while placing them at the ends (Sandwich strategy) leads to huge performance drops.

5 CONCLUSION

In this work, we present a holistic analysis for inter-layer and intra-layer hybrid architectures. Our
comprehensive evaluation demonstrates that hybrid models consistently outperform homogeneous
architectures across multiple quality metrics. Notably, they also achieve superior efficiency, achieving
faster training and inference, much more than widely adopted sliding window attention models. Our
findings shed practical guidance for designing high-quality, efficient hybrid architectures.
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A THE USE OF LARGE LANGUAGE MODELS

We used large language models based on Llama 3.2 (Llama Team, 2024) and Llama 4 to polish the
overall writing after drafting the paper ourselves. Additionally, we utilized the same models for vibe
coding when fixing bugs and when making the initial drafts of the figures.

B LIMITATION AND FUTURE WORK

Validation at scale. Our study is limited up to 3B model scales. Since standalone Mamba models
often show diminishing returns at scale (Waleffe et al., 2024), a crucial next step is to validate
whether the performance advantages of our hybrid model persist with longer training and at larger
scales. However, we are optimistic they will, based on our scaling analysis up to the 3B parameter
size and prior work suggesting that hybrid models scale more effectively (Waleffe et al., 2024;
Jamba Team et al., 2024; Basant et al., 2025).

Compatibility of advanced primitives. Our work combined base Transformer and Mamba blocks,
whereas recent models incorporate more advanced variants. For instance, some models (De et al.
(2024), Ren et al. (2025), Qwen3-Next) employ self-attention variants like local (Beltagy et al., 2020),
differential (Ye et al., 2024), and gated attention (Qiu et al., 2025), while others (RWKV-X (Hou
et al., 2025), Qwen3-Next, Kimi Linear (Kimi Team, 2025)) use linear attention mechanisms such as
RWKV-7(Peng et al., 2025), Gated DeltaNet (Yang et al., 2024), or Kimi Delta Attention (Kimi Team,
2025). A key question is whether our design insights still apply to these newer hybrids and if the
advantages of each component are preserved when combined.

Modality extension. To achieve superintelligence, models must move beyond language to inter-
nalize the laws of physics that govern our world through video modality. This shift to multimodal
learning (e.g., video, audio) intensifies the need for architectures that can support tokenization-free
processing (Yu et al., 2023; Pagnoni et al., 2024; Assran et al., 2025) and overcome long-context
bottlenecks. Consequently, hybrid architectures incorporating SSMs are rapidly gaining traction,
making their extension beyond the language domain a critical next step.

C COMPARISON WITH PRIOR WORKS

As discussed in Section 3, numerous hybrid architectures have been proposed, generally categorized
into inter-layer and intra-layer approaches. To underscore the contributions of our work, we clarify
the distinctions from prior studies, specifically highlighting the critical gaps they left unaddressed.

Existing research has predominantly focused on scaling hybrid architectures into foundation models,
optimizing data composition and training pipelines (spanning pre-, mid-, and post-training), or
introducing novel linear attention variants (e.g., Zamba (Glorioso et al., 2024b), Jamba (Lieber et al.,
2024; Jamba Team et al., 2024), Samba (Ren et al., 2024), MiniMax-01 (Li et al., 2025a), Hunyuan-
TurboS (Hunyuan Team et al., 2025), RWKV-X (Hou et al., 2025), Nemotron Nano 2 (Basant
et al., 2025), Hymba (Dong et al., 2024), and Falcon-H1 (Zuo et al., 2025)). While these works
successfully demonstrate reasoning capabilities and long-context performance through scaling, the
rationale behind their specific architectural choices is still unclear. Often, only the final architectures
are presented without fully disclosing the recipes or design processes that led to those decisions.

Although there are limited exceptions, they often rely on verbal explanations or restricted ablations. In
inter-layer hybrids, discussions on block ratios or positioning are sparse; for instance, Jamba (Lieber
et al., 2024; Jamba Team et al., 2024), Waleffe et al. (2024), RWKV-X (Hou et al., 2025), and
Kimi-Linear (Kimi Team, 2025) compare a limited set of block ratios, while Waleffe et al. (2024)
and Samba (Ren et al., 2024) investigate the positioning of FFN or self-attention blocks in specific
configurations. Similarly, in the intra-layer domain, experimental evidence regarding design variants
remains limited. Hymba (Dong et al., 2024), for example, shares results for only a single concatena-
tion variant, and Falcon-H1 (Zuo et al., 2025) focuses its deep ablations primarily on the Mamba
component itself rather than the hybridization strategy (although both works include ablation studies
regarding dimension ratios).
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Furthermore, a rigorous comparison regarding model quality and efficiency between inter-layer and
intra-layer approaches has been absent. Even within intra-hybridization strategies, identifying the best-
performing variants or comparing them against alternative architectural configurations employing the
same modules (e.g., differential architectures (Ye et al., 2024; Schneider et al., 2025)) has remained
an open question.

We believe our work bridges this gap. We distinguish our contributions by:

• Openly sharing architectural insights on optimal design choices for each hybridization strategy,
grounded in a comprehensive study.

• Conducting an in-depth comparison of the trade-offs between inter-layer and intra-layer hy-
brids—two streams that have traditionally been researched in parallel.

We believe these analyses will serve as a valuable guideline for the community, facilitating the
development of more robust hybrid architectures.

D DETAILS FOR COMPUTATIONAL AND MEMORY COSTS COMPARISON

FLOPs per token comparison. Most parameters are linear weight matrices, so total FLOPs can
be estimated by multiplying the parameter count by 6 (accounting for addition, multiplication, and
forward / backward passes) For Transformers, attention further adds FLOPs from query-key dot
products and value scaling, totaling 12NLdmodel(Lctx + 1)/2, considering only causal attention and
excluding Flash-Attention overhead (Dao et al., 2022). In SWA, FLOPs depend on the number of
activated tokens based on window and sink sizes. Mamba, on the other hand, introduces additional
per-token FLOPs from its work-efficient parallel scan algorithm (Blelloch, 1990; Smith et al., 2022),
calculated as 3(9dssmdstate + 2dssm). Thus, FLOPs per sample scale quadratically with sequence
length for Transformer, while Mamba scales linearly. For a 1B model with 8K context, Mamba uses
about 18% fewer FLOPs than a Transformer.

Parameter counts comparison. The attention in Transformer block uses four projection
weights—query, key, value, and output. Variants like GQA reduce parameter count by decreasing the
number of key and value heads, shrinking the corresponding projection matrices. In contrast, Mamba
featurizes the input for state space parameters using several projection weights and 1D convolution
layers, projecting the hidden dimension to twice its original size. It also includes time-invariant
parameters A and D, as well as gating and output projection weights. As a result, when comparing
only the attention components (excluding FFN), Mamba’s parameter count is approximately 2.5 times
higher than that of a Transformer block in a 1B model (e.g., 25M vs. 10M parameters per block).

Cache size comparison. Cache size is a major inference bottleneck due to the GPU memory
hierarchy, increasing HBM–SRAM communication. In Transformers, the cache consists of key and
value states. The cache size is 4NLNkvdheadLctx, where 4 accounts for key, value, and 2 bytes per
bfloat16 element. Meanwhile, Mamba maintains two types of caches: hidden states for convolution
layer and memory states compressed into a finite space. Its total cache size is 2NL(Nconv(2dstate +
dssm)+dssmdstate), with bfloat16 precision. Notably, Mamba’s cache size is independent of sequence
length, so its efficiency benefits increase with longer contexts. For a 1B model with 8K context,
Mamba’s cache footprint is about 95% smaller than a Transformer’s (e.g., 256 MiB vs. 13.4 MiB).
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E DETAILS FOR INTRA-LAYER HYBRID ARCHITECTURES

Since intra-layer hybrid architectures integrate two distinct modules within a single layer, they offer a
vast design space for optimization. We explore this flexibility through five primary axes of variation:
output projection, scaling factors, normalization, fusion operation, and shared input values. These
design choices can be formulated as the following generalized equation:

f(X) = Wout (αssm ·Norm (Mssm(X))⊕ αattn ·Norm (Mattn(X))) ,

where Mssm(X) = G⊙
(
C
∏

exp(A∆)B∆
)
WssmX,

Mattn(X) = softmax
(
QK⊤/

√
dk

)
WV X.

Here, Mattn and Mssm denote the global attention and SSM modules, respectively. In the SSM
formulation, G represents the gating branch, and the middle term denotes the discretized convolution
kernel derived from the state-space parameters (indices are omitted for simplicity). Wssm includes
a projection layer and a 1D convolution layer. The colored terms highlight the five configurable
axes. Table 6 summarizes the specific variants explored across each design axis. Our search space is
comprehensive, encompassing strategies adopted in prior studies as well as previously unexplored
configurations to ensure robust validation.

Table 6: Overview of the architectural design space for intra-layer hybrid architectures. We
explore various design choices across five distinct axes.

Design Axis Explored Variants

Output Projection (Wout) (1) Unified: Single projection shared after fusion.
(2) Separate: Individual projections for each module before fusion.

Normalization (Norm) (1) Module-wise: Applied individually to each module output.
(2) None: Raw module outputs are used without normalization.

Scaling Strategy (α) (1) Element-wise: Per-module learnable vector (α ∈ Rd).
(2) Asymmetric: Learnable scalar only for second module (α ∈ R).
(3) Identity: No scaling applied (α = 1).

Fusion Operation (⊕) (1) Addition: Standard summation (y = MS +MA)
(2) Subtraction: Differential interaction (y = MS −MA)
(3) Concatenation: Channel-wise concat (y = [MS ;MA])

Value Sharing (1) None: Independent projections from layer input X.
(2) Value State: Mamba reuses Attention’s value (V = WV X).

While most axes are self-explanatory, the Value Sharing strategy needs further elaboration, particularly
regarding its inspiration from differential architectures (Ye et al., 2024). The Differential Transformer
is designed to cancel noise in attention scores by subtracting the attention maps derived from two
distinct head groups (i.e., softmax(Q1K

⊤
1 ) − softmax(Q2K

⊤
2 )). Crucially, to preserve model

expressivity, it applies the differential attention map to a Value state (V = WVX) that retains the
original full head dimension. Adopting this insight, we incorporate the value dimension expansion
technique into our Mattn module.

Furthermore, we extend this logic to the hybrid domain: we hypothesize that sharing the Value
states can induce a denoising or synergistic fusion effect between the global attention and Mamba’s
implicit attention mechanism. Consequently, we introduce a variant where the Mamba module
utilizes the Attention’s value projection directly (i.e., using WV X as input instead of a separate
projection WssmX). Finally, unlike previous works, we rigorously benchmark our models against
homogeneous differential architectures (Ye et al., 2024; Schneider et al., 2025) employing identical
module configurations to validate the distinct advantages of hybridization.
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F DETAILS FOR EXPERIMENTAL SETUP

Model architecture details. Each model is constructed based on the Llama-based Trans-
former (Llama Team, 2024) and the Mamba architectures (Dao & Gu, 2024). We primarily follow
to the configurations of Llama 3.2 and Mamba 2 across various model scales. Table 7 provides a
summary of the detailed architectures for both the Transformer and Mamba models, which serve
as the foundational computational primitives for our hybrid architecture variants.

Table 7: Comparison of architectural configurations for Transformer and Mamba models
across different scales. For clarity, we separately detail the specific configurations for Attention
and SSM components. When constructing the inter- and intra-layer hybrid architectures, we refer
to these configurations as the base computational primitives.

Base Configuration Attention SSM

Models Sizes N-emb Emb Vocab NL dmodel dffn Nhead Nkv dhead dssm dhead dstate Nconv

100M 0.10B 0.13B 128K 8 1024 3072 16 4 64 - - - -
350M 0.35B 0.20B 128K 14 1536 4096 24 8 64 - - - -

1B 0.97B 0.26B 128K 16 2048 8192 32 8 64 - -Llama

3B 2.78B 0.39B 128K 28 3072 8192 32 8 96 - - - -

100M 0.10B 0.13B 128K 6 1024 3072 16 - - 2048 128 128 4
350M 0.37B 0.20B 128K 11 1536 4096 24 - - 3072 128 128 4

1B 0.98B 0.26B 128K 13 2048 8192 32 - - 4096 128 128 4Mamba

3B 2.80B 0.39B 128K 21 3072 8192 32 - - 6144 192 256 4

Training settings. We conducted experiments using TorchTitan (Liang et al., 2024), a PyTorch-
native platform designed for large-scale training of LLMs. We pretrain different hybrid models
variants from scratch on DCLM-Baseline pretraining dataset (Li et al., 2024), which contains 4
trillion tokens from 3 billion documents. We pretrained on randomly sampled 60 billion tokens using
8 H100 or H200 GPUs by default. We packed the corpus using the Llama 3.2 tokenizer (Llama Team,
2024), which has a vocabulary size of 128K, with a context length of 8K tokens. We enable the
model to attend to all previous tokens, not just those within the same document, since the eos and
bos tokens are used to distinguish document boundaries. We employed only FSDP (Zhao et al., 2023)
with a degree equal to the number of GPUs, and activation checkpointing to reduce memory footprint.
We used a batch size of 2 million tokens and utilized a trapezoid learning rate scheduler (Xing et al.,
2018) consisting of warmup (about 25%), stable, and cool down (about 20%) phases. The AdamW
optimizer (Loshchilov & Hutter, 2017) and gradient clipping were used for all experiments. For the
different model scales—100M, 350M, 1B, and 3B parameters—the learning rates were set to 6e-3, 3e-
3, 6e-4, and 3e-4, respectively. We utilized torch.compile (Ansel et al., 2024) to accelerate training.

Evaluation settings. To assess model performance, we evaluated language modeling performance
on the validation set of DCLM-Baseline (approximately 8,000 samples) (Li et al., 2024) and
the PG19 dataset (approximately 150 samples) (Rae et al., 2019b). Additionally, following the
settings of prior work (Gemini Team et al., 2024; Ho et al., 2024), we conducted evaluations on
the Needle-In-a-Haystack long-context benchmark (Kamradt, 2023; Kuratov et al., 2024). We further
evaluated few-shot accuracy on five benchmarks using the Language Model Evaluation Harness (Gao
et al., 2024): LAMBADA (LD), HellaSwag (HS), PIQA (PQ), ARC (Easy and Challenge), and
OpenBookQA (OB). For all the few-shot datasets except LAMBADA, accuracy was normalized
by the byte length of the target string. We adhered to the standard number of shots for each dataset.
All evaluation experiments were performed on a single H100 or H200 GPU.
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G EXPANDED RESULTS OF SCALING LAWS EXPERIMENT

We conduct a scaling law analysis by training four model scales (100M, 350M, 1B, and 3B) across five
compute budgets (ranging from 2e19 to 4e20 FLOPs). We efficiently conduct all budget experiments
with a Trapezoid learning rate scheduler and reusing intermediate checkpoints from the training run
with the largest budget. The warmup stage is therefore defined as one-quarter of the step count of
the smallest budget. The learning rates used for the 100M, 350M, 1B, and 3B models are 6e-3, 3e-3,
6e-4, and 3e-4, respectively. We use 0.5M tokens/step, and all other settings, such as the context
length of 8K, remain identical to the main experiment. The models are trained on the DCLM training
set and evaluated on 8,000 validation samples.

Based on this, we derive the optimal compute-scaling lines, as shown in the right panel of Table 3. The
IsoFLOPs analysis results for each architecture are visualized in Figure G, with detailed numerical
results summarized in Tables 8 and 9.

(a) Transformer (b) Mamba

(c) Inter-layer hybrid (d) Inter-layer hybrid

Figure 5: Visualization of scaling law results for each architecture. We apply a quadratic fit to the
results at each compute budget. Star markers denote the optimal parameter size achieving the best qual-
ity for each budget. The numbers on the optimal scaling frontier represent the token-to-parameter ratio.
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Table 8: Detailed scaling law experiments for Transformer and Mamba models. We pre-train
four scales of models, up to 3B parameters, from scratch across five Training FLOPs budgets and
evaluated their negative log-likelihood (NLL). The models are trained on the DCLM training set
and evaluated on 8,000 validation samples.

Base Config Compute NLL (↓)

Models N-emb Nattn Nssm Nhyb dmodel dffn Nhead Nkv dssm dstate Nconv FLOPs Tok Steps DCLM

Llama

0.10B 8 - - 1024 3072 16 4 - - -
2e19 20B 39K 3.237
4e19 41B 78K 3.190
8e19 82B 155K 3.157

0.35B 14 - - 1536 4096 24 8 - - -

2e19 6B 12K 3.155
4e19 13B 24K 3.066
8e19 25B 48K 2.992
2e20 63B 120K 2.914
4e20 126B 241K 2.874

0.97B 16 - - 2048 8192 32 8 - - -

2e19 3B 5K 3.261
4e19 5B 10K 3.088
8e19 11B 20K 2.960
2e20 27B 51K 2.833
4e20 54B 102K 2.760

2.82B 28 - - 3072 8192 32 8 - - -

2e19 1B 2K 3.554
4e19 2B 4K 3.275
8e19 4B 7K 3.212
2e20 10B 18K 2.884
4e20 19B 37K 2.773

Mamba

0.10B - 6 - 1024 3072 16 - 2048 128 4 2e19 27B 51K 3.173
4e19 54B 102K 3.134

0.34B - 11 - 1536 4096 24 - 3072 128 4

2e19 8B 16K 3.050
4e19 17B 32K 2.983
8e19 34B 65K 2.933
2e20 85B 162K 2.884
4e20 170B 324K 2.855

0.99B - 13 - 2048 8192 32 - 4096 128 4

2e19 3B 6K 3.159
4e19 6B 12K 3.003
8e19 12B 24K 2.885
2e20 31B 59K 2.772
4e20 62B 119K 2.712

2.81B - 21 - 3072 8192 32 - 6144 256 4

2e19 1B 2K 3.367
4e19 2B 4K 3.133
8e19 4B 8K 2.962
2e20 11B 20K 2.790
4e20 21B 41K 2.691

22



1188
1189
1190
1191
1192
1193
1194
1195
1196
1197
1198
1199
1200
1201
1202
1203
1204
1205
1206
1207
1208
1209
1210
1211
1212
1213
1214
1215
1216
1217
1218
1219
1220
1221
1222
1223
1224
1225
1226
1227
1228
1229
1230
1231
1232
1233
1234
1235
1236
1237
1238
1239
1240
1241

Table 9: Detailed scaling law experiments for Inter- and Intra-layer hybrid models. Both hybrid
models use a 1:5 block ratio. The Inter-hybrid model adopts a structure where the global attention
layers are uniformly distributed throughout the depth (see Section 4.5). The Intra-hybrid model
follows the final structure selected within the block (see Section 4.6). The global attention component
fundamentally follows the structure of the Differential Transformer (Ye et al., 2024). In this setup,
the query and key have a half-size dimension (dhead/2) corresponding to the half the number of
assigned heads, while the value retains the full dmodel. For the Mamba component, a separate output
projection is used to restore the dmodel from the dssm before the two modules are fused. To ensure
a fair parameter count, the 1B Intra-layer hybrid model specifically uses a query and key dimension
of 1152 and a dssm of 2304.

Base Config Compute NLL (↓)

Models N-emb Nattn Nssm Nhyb dmodel dffn Nhead Nkv dssm dstate Nconv FLOPs Tok Steps DCLM

Inter-H

0.09B 5 1 - 1024 3072 16 4 2048 128 4
2e19 31B 60K 3.192
4e19 63B 119K 3.159
8e19 125B 239K 3.136

0.35B 2 9 - 1536 4096 24 8 3072 128 4

2e19 8B 16K 3.037
4e19 17B 32K 2.972
8e19 34B 65K 2.919
2e20 85B 162K 2.870
4e20 170B 324K 2.842

0.96B 2 11 - 2048 8192 32 8 4096 128 4

2e19 3B 6K 3.128
4e19 7B 12K 2.977
8e19 13B 25K 2.869
2e20 33B 62K 2.769
4e20 65B 125K 2.714

2.81B 4 18 - 3072 8192 32 8 6144 256 4

2e19 1B 2K 3.403
4e19 2B 4K 3.147
8e19 4B 8K 2.962
2e20 11B 21K 2.777
4e20 22B 42K 2.672

Intra-H

0.10B - 5 1 1024 3072 8+8 2 1024 128 4
2e19 31B 59K 3.186
4e19 62B 118K 3.155
8e19 124B 236K 3.131

0.36B - 9 2 1536 4096 16+16 4 1536 128 4

2e19 8B 16K 3.037
4e19 17B 32K 2.969
8e19 33B 64K 2.917
2e20 83B 160K 2.867
4e20 167B 318K 2.838

0.98B - 11 2 2048 8192 16+16 4 2304 128 4

2e19 3B 6K 3.123
4e19 6B 12K 2.977
8e19 13B 24K 2.868
2e20 32B 61K 2.765
4e20 64B 122K 2.709

2.89B - 18 4 3072 8192 16+16 4 3072 256 4

2e19 1B 2K 3.425
4e19 2B 4K 3.156
8e19 4B 8K 2.968
2e20 11B 20K 2.782
4e20 21B 41K 2.676
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H EXPANDED RESULTS OF INTRA-LAYER HYBRIDIZATION ABLATION

H.1 INSIGHTS FOR ARCHITECTURAL VARIANTS

To thoroughly analyze the design space of intra-layer hybrid architectures, we conduct a compre-
hensive evaluation at both the 350M and 1B parameter scales. We specifically examine six pivotal
design axes: primitive types, normalization layers, scaling formulations, fusion operations, value
sharing strategies, and output projection configurations. Tables 10 and 11 present the results of our
ablation study. The best-performing candidates (considering both model quality and efficiency) are
highlighted in gray. We finally select the Diff fusion case as the final structure due to its systemic
simplicity, which includes favorable compatibility with expert parallelism.

Table 10: Detailed ablation results related to architectural variants for intra-layer hybridization
at 1B scale. All models are pretrained on 60B tokens from the DCLM dataset. We replace all depths
to intra-hybrid blocks (1:0 ratio), which consist of global attention (GQA) and Mamba primitives in
a head-wise splitting manner. † denotes our re-implementation of prior methods, incorporating value
dimension expansion (Ye et al., 2024) for GQA. We highlight the final best-performing candidates
in gray.

Base Config Design Choices NLL (↓) Few-shot Accuracy (↑)

Models N-emb NL Module Norm Scalar Fusion Value Out DCLM PG19 LD HS PQ ARC OB Avg

Llama 0.97B 16 - - - - - - 2.750 2.875 56.1 55.2 72.8 43.2 32.7 52.0
Mamba 0.99B 13 - - - - - - 2.758 2.891 53.7 55.1 73.8 43.9 35.2 52.3

Diff-T 0.97B 16 T / T - Diff-T Diff Joint Joint 2.727 2.848 58.2 57.1 72.9 44.3 35.4 53.6
Diff-M 0.99B 13 M / M - Diff-M Diff Sep Sep 2.759 2.892 55.0 56.0 73.7 45.2 35.0 53.0
⌞Variants 0.97B 16 T / T - Diff-T Add Joint Joint 2.733 2.856 56.0 56.5 73.4 45.5 36.0 53.5

0.96B 15 T / M - Diff-T Diff Joint Joint 2.733 2.854 56.3 56.5 74.3 46.4 36.8 54.1
0.96B 15 T / M Group Diff-T Diff Joint Joint 2.735 2.855 55.1 56.3 73.3 45.0 35.2 53.0
0.94B 14 T / M - Diff-T Diff Sep Joint 2.731 2.852 56.7 57.0 74.1 46.1 36.8 54.1
0.94B 14 T / M Group Diff-T Diff Sep Joint 2.728 2.852 57.4 55.9 73.1 46.5 35.4 53.6
0.95B 13 T / M Group Diff-T Diff Sep Sep 2.719 2.838 58.3 57.2 73.2 45.9 35.4 54.0

Hymba† 0.94B 14 T / M Group Scale Add Sep Joint 2.726 2.846 56.2 56.8 73.2 45.9 36.2 53.7
⌞Variants 0.94B 14 T / M - - Add Sep Joint 2.738 2.861 58.2 56.5 74.2 46.3 37.0 54.4

0.94B 14 T / M Group - Add Sep Joint 2.721 2.840 59.0 57.2 73.6 45.8 37.0 54.5
0.94B 14 T / M - Scale Add Sep Joint 2.740 2.865 57.7 56.2 73.8 45.6 36.0 53.9
0.96B 15 T / M Group Scale Add Joint Joint 2.729 2.850 56.9 57.2 73.9 45.8 36.6 54.1
0.95B 13 T / M - - Add Sep Sep 2.720 2.842 58.8 57.3 73.0 45.5 35.8 54.1
0.95B 13 T / M Group - Add Sep Sep 2.714 2.834 58.4 57.6 74.7 46.3 35.6 54.5
0.95B 13 T / M Group Scale Add Sep Sep 2.720 2.841 57.7 56.4 72.9 45.2 35.2 53.5
0.95B 13 T / M - - Diff Sep Sep 2.715 2.836 59.7 57.5 73.7 46.4 35.8 54.6
0.95B 13 T / M Group - Diff Sep Sep 2.712 2.831 59.8 57.9 73.1 47.3 36.2 54.9
0.95B 13 T / M Group Scale Diff Sep Sep 2.727 2.846 59.3 56.5 73.0 44.8 37.2 54.2
0.94B 14 T / M Group - Diff Sep Joint 2.721 2.842 58.3 57.0 73.6 45.1 35.8 54.0

Falcon-H1† 0.95B 13 T / M - - Conc Sep Joint 2.720 2.840 56.6 56.8 73.0 46.3 35.2 53.6
⌞Variants 0.95B 13 T / M Group - Conc Sep Joint 2.715 2.833 59.0 57.7 73.7 45.8 37.6 54.8

0.95B 13 T / M Group Scale Conc Sep Joint 2.724 2.842 57.8 57.0 73.6 47.2 36.0 54.3
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Table 11: Detailed ablation results related to architectural variants for intra-layer hybridization
at 350M scale. All models are pretrained on 60B tokens from the DCLM dataset. We replace
all depths to intra-hybrid blocks (1:0 ratio), which consist of global attention (GQA) and Mamba
primitives in a head-wise splitting manner. † denotes our re-implementation of prior methods,
incorporating value dimension expansion (Ye et al., 2024) for GQA. We highlight the final
best-performing candidates in gray.

Base Config Design Choices NLL (↓) Few-shot Accuracy (↑)

Models N-emb NL Module Norm Scalar Fusion Value Out DCLM PG19 LD HS PQ ARC OB Avg

Llama 0.35B 14 - - - - - - 2.882 3.015 51.5 48.3 70.4 40.4 33.0 48.7
Mamba 0.37B 11 - - - - - - 2.880 3.024 49.4 49.1 71.3 41.1 32.6 48.7

Diff-T 0.35B 14 T / T - Diff-T Diff Joint Joint 2.858 2.991 56.1 50.0 70.7 40.3 32.8 50.0
Diff-M 0.37B 11 M / M - Diff-M Diff Sep Sep 2.879 3.024 50.1 49.4 71.9 41.2 34.2 49.4
⌞Variants 0.35B 14 T / T - Diff-T Add Joint Joint 2.865 3.001 51.9 49.2 71.4 41.4 32.8 49.3

0.35B 13 T / M - Diff-T Diff Joint Joint 2.862 2.994 52.8 49.5 70.5 42.6 33.4 49.7
0.35B 13 T / M Group Diff-T Diff Joint Joint 2.859 2.990 50.6 49.5 71.8 40.2 32.4 48.9
0.34B 12 T / M - Diff-T Diff Sep Joint 2.864 3.002 52.4 49.9 69.9 40.2 31.6 48.8
0.34B 12 T / M Group Diff-T Diff Sep Joint 2.856 2.989 50.8 50.1 71.6 41.5 33.0 49.4
0.36B 11 T / M Group Diff-T Diff Sep Sep 2.853 2.987 54.9 50.2 71.0 41.1 34.4 50.3

Hymba† 0.34B 12 T / M Group Scale Add Sep Joint 2.861 2.995 51.5 49.4 71.4 42.2 33.8 49.7
⌞Variants 0.34B 12 T / M - - Add Sep Joint 2.870 3.006 52.6 49.2 71.1 39.5 32.8 49.0

0.34B 12 T / M Group - Add Sep Joint 2.857 2.989 54.0 50.0 71.0 41.5 34.2 50.1
0.34B 12 T / M - Scale Add Sep Joint 2.872 3.010 54.1 49.3 71.3 40.5 33.0 49.6
0.35B 13 T / M Group Scale Add Joint Joint 2.861 2.993 52.4 49.4 71.0 41.3 32.8 49.4
0.36B 11 T / M - - Add Sep Sep 2.851 2.985 51.9 50.0 70.5 40.0 33.0 49.1
0.36B 11 T / M Group - Add Sep Sep 2.849 2.985 51.6 50.6 71.6 40.8 33.8 49.7
0.36B 11 T / M Group Scale Add Sep Sep 2.849 2.987 51.7 50.4 70.8 40.8 32.8 49.3
0.36B 11 T / M - - Diff Sep Sep 2.850 2.983 53.6 50.5 71.4 41.2 34.0 50.1
0.36B 11 T / M Group - Diff Sep Sep 2.847 2.983 51.5 50.0 71.5 41.1 32.8 49.4
0.36B 11 T / M Group Scale Diff Sep Sep 2.851 2.987 54.0 49.7 71.2 41.5 34.0 50.1
0.34B 12 T / M Group - Diff Sep Joint 2.858 2.990 54.3 49.9 70.9 42.4 33.6 50.2

Falcon-H1† 0.36B 11 T / M - - Conc Sep Joint 2.855 2.989 54.2 50.3 70.5 42.2 32.6 50.0
⌞Variants 0.36B 11 T / M Group - Conc Sep Joint 2.846 2.978 55.2 50.6 71.1 41.7 34.4 50.6

0.36B 11 T / M Group Scale Conc Sep Joint 2.851 2.983 53.1 49.9 72.3 41.7 34.8 50.3

Based on these extensive experiments, we observe the following:

• Modules: The combination of global attention and Mamba significantly outperforms both pure
homogeneous models and differential models (Ye et al., 2024; Schneider et al., 2025).

• Normalization: Applying Group normalization to the output of each module generally improves
performance. This appears to stabilize optimization by addressing the significant scale discrepancy
(> 10×) between the two modules.

• Scaling strategies: While various strategies exist for learning scaling factors, specific methods
like Diff-T from Differential Transformer (Ye et al., 2024) or the Group normalization scheme
used in Hymba (Dong et al., 2024) actually lead to performance degradation.

• Fusion operations: The choice of fusion operation shows negligible impact on performance,
though it closely interacts with value sharing and output projection configurations. We hypoth-
esize that because Mamba’s implicit attention scores can inherently be negative, specific fusion
mechanisms are not strictly necessary.

• Value sharing: Sharing values between modules causes only a minor performance drop. However,
under a fixed parameter budget, this strategy results in an increase in the number of layers (NL),
negatively impacting efficiency.

• Output projections: Maintaining and computing separate output projections for each module
(prior to fusion) proves crucial for achieving significant performance gains.

Given the high variance in few-shot accuracy (particularly at smaller scales like 350M), we identify
the final candidates (highlighted in gray) based on the NLL metric and the number of layers (NL),
which directly impacts efficiency. From these candidates, we ultimately adopt the case of subtracting
fusion method for all subsequent experiments.
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I ANALYSIS OF COMPONENT CONTRIBUTIONS IN HYBRID ARCHITECTURES

We analyze the contribution of each module to determine the optimal activation patterns for the
Transformer and Mamba components within a hybrid model. To this end, we pretrain a 350M-
parameter intra-layer hybrid architecture from scratch, where every layer consists of an intra-hybrid
block. In this setup, we divide the heads evenly, normalize the outputs of each module using Group
normalization, and combine them via a weighted sum scaled by α and 1 − α before the output
projection. Here, the value of α serves as a quantitative measure of each module’s contribution to
next-token prediction.

Using a checkpoint trained on approximately 4B tokens, we investigate how α values are determined
on the DCLM validation set. Figure 6 illustrates the average coefficients across each layer for about
100 samples. Consistent with our ablation studies, the model assigns a higher weight to the Mamba
component in earlier layers—particularly the first layer—to optimize performance, while assigning
higher weights to the Transformer component in the middle layers (specifically layers 6 and 7). This
indicates that the global attention pattern at earlier depths—which tends to uniformly attend to all
previous contexts—is not optimal in this hybrid setting, while at intermediate depths, the global
attention mechanism appears to compensate for Mamba’s limited recall capability.
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Figure 6: Box plot of layer-wise component contributions to the output. The y-axis value (α)
represents the weight assigned to the Mamba component, while 1 − α denotes the coefficient for
the global attention module. We measure these values using a 12-layer 350M intra-hybrid model.

To provide a deeper analysis, we visualize the token-wise contributions in Table 12. We examine
random samples to identify which module is strongly activated at specific layers for next-token
prediction. There are several common and intriguing patterns. First, while the Mamba component
plays a dominant role overall in the first layer, the Transformer component tends to be utilized more
heavily at sentence boundaries—marked by punctuation such as periods (.) or question marks (?)—or
at positions requiring the start of new information.

Layer 6 exhibits a particularly interesting pattern: the model employs global attention to predict
the next token when retrieving key context keywords or predicting numerical values and complex
information. For example, in the first sample, global attention is activated to derive updated temporal
information based on the context following the mention of a specific date like ‘Oct 7’12’.

In the subsequent Layer 7, the Transformer component is frequently activated at the start of new
syntactic units, such as after conjunctions, periods, or parentheses. Conversely, when a single word is
split into sub-words by the tokenizer, the SSM component activates, leveraging its ability to process
local information more efficiently.
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Table 12: Visualization of token-wise contribution from Transformer and Mamba modules. We
use an intra-layer hybrid 350M model where every layer consists of an intra-hybrid block. The fusion
mechanism combines the outputs of each module by weighting them with α and 1− α, respectively.
Red color corresponds to a larger coefficient for the Transformer component, and Blue corresponds
to a larger coefficient for the Mamba component. For a model consisting of 12 layers in total, we
visualize for three random samples at the first layer (index 0) and the middle layers (indices 6 and 7).
Note that these coefficients are specifically optimized for next-token prediction.

Layer Text

Layer #0 <|begin_of_text|> Take the 2 -minute tour × Here what happened with me today . Time
Machine asked me whether I want to set a backup disk , I ’ve answered yes , but then
, when I ’ve realized that in order to backup anything Time Machine will clean the
disk , I ’ve changed my mind and canceled everything . And my disk suddenly became
read only . What I ’ve tried before Go og ling : $ sudo ch flags - R n ouch g Elements
/ $ sudo chmod - R a +w Elements / But I ’ve failed with both of this , getting " read
-only file system " messages . What I ’ve tried after Go og ling : 1 . Open Disk Utilities

2 . Click Repair Disk Permissions But this button is disabled , and I have no idea
what exactly should be done to enable it . I have been using this disk for a quite
a long time , and never had any permission issues with it . ( Disk is formatted as
NT FS , if that helps . Capacity is 2 TB , of which 1 . 92 TB are available .) I ’d really
appreciate if someone will give me a hint how this can be resolved . share | im prove
this question Try boot ing from the Recovery HD and see if the button is still disabled
. – rien 333 Oct 7 ’ 12 at 14 : 07 What exactly is it you need to do with the stuff
on the NT FS disk ? – seg idd ins Oct 7 ’ 12 at 15 : 26 @ Sam uel E .G idd ins I need to work
with disk just as I ’ve worked yesterday , 2 days ago , 3 days ago etc . It looks like
very annoying bug to me - to find out that out of a sudden this disk is considered
to be read -only . – sh ab unc Oct 7 ’ 12 at 15 : 34 do you have any add -ons that would

Layer #6 <|begin_of_text|> Take the 2 -minute tour × Here what happened with me today . Time
Machine asked me whether I want to set a backup disk , I ’ve answered yes , but then
, when I ’ve realized that in order to backup anything Time Machine will clean the
disk , I ’ve changed my mind and canceled everything . And my disk suddenly became
read only . What I ’ve tried before Go og ling : $ sudo ch flags - R n ouch g Elements
/ $ sudo chmod - R a +w Elements / But I ’ve failed with both of this , getting " read
-only file system " messages . What I ’ve tried after Go og ling : 1 . Open Disk Utilities

2 . Click Repair Disk Permissions But this button is disabled , and I have no idea
what exactly should be done to enable it . I have been using this disk for a quite
a long time , and never had any permission issues with it . ( Disk is formatted as
NT FS , if that helps . Capacity is 2 TB , of which 1 . 92 TB are available .) I ’d really
appreciate if someone will give me a hint how this can be resolved . share | im prove
this question Try boot ing from the Recovery HD and see if the button is still disabled
. – rien 333 Oct 7 ’ 12 at 14 : 07 What exactly is it you need to do with the stuff
on the NT FS disk ? – seg idd ins Oct 7 ’ 12 at 15 : 26 @ Sam uel E .G idd ins I need to work
with disk just as I ’ve worked yesterday , 2 days ago , 3 days ago etc . It looks like
very annoying bug to me - to find out that out of a sudden this disk is considered
to be read -only . – sh ab unc Oct 7 ’ 12 at 15 : 34 do you have any add -ons that would

Layer #7 <|begin_of_text|> Take the 2 -minute tour × Here what happened with me today . Time
Machine asked me whether I want to set a backup disk , I ’ve answered yes , but then
, when I ’ve realized that in order to backup anything Time Machine will clean the
disk , I ’ve changed my mind and canceled everything . And my disk suddenly became
read only . What I ’ve tried before Go og ling : $ sudo ch flags - R n ouch g Elements
/ $ sudo chmod - R a +w Elements / But I ’ve failed with both of this , getting " read
-only file system " messages . What I ’ve tried after Go og ling : 1 . Open Disk Utilities

2 . Click Repair Disk Permissions But this button is disabled , and I have no idea
what exactly should be done to enable it . I have been using this disk for a quite
a long time , and never had any permission issues with it . ( Disk is formatted as
NT FS , if that helps . Capacity is 2 TB , of which 1 . 92 TB are available .) I ’d really
appreciate if someone will give me a hint how this can be resolved . share | im prove
this question Try boot ing from the Recovery HD and see if the button is still disabled
. – rien 333 Oct 7 ’ 12 at 14 : 07 What exactly is it you need to do with the stuff
on the NT FS disk ? – seg idd ins Oct 7 ’ 12 at 15 : 26 @ Sam uel E .G idd ins I need to work
with disk just as I ’ve worked yesterday , 2 days ago , 3 days ago etc . It looks like
very annoying bug to me - to find out that out of a sudden this disk is considered
to be read -only . – sh ab unc Oct 7 ’ 12 at 15 : 34 do you have any add -ons that would
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Layer Text

Layer #0 Hol zer at j ess ica .h ol zer @d ow j ones .com <|end_of_text|> <|begin_of_text|> When the Associated
Press releases its 200 9 preseason college football poll this weekend , it ’s all but
guaranteed that Florida will be ranked No . 1 —and that the G ators will collect a
fat majority of the first -place votes . Florida already received 90 % of first -place
votes in the recent coaches ’ poll . Florida quarterback Tim Te bow Associated Press
It ’s no mystery why . The G ators are the defending B CS national champions and their
quarterback , Tim Te bow , and their entire starting defense is coming back . Rare ly
has a defending champion enjoyed such riches . But there ’s some evidence that Florida
’s fans should think twice before ordering their commem orative " Repeat Champions
!" T -shirts . Bad O men for the G ators Here are the 10 teams that received the highest
percentages of first -place votes in the preseason AP football poll since 196 8 —and
how they finished the season . 1 . USC , 200 7 ( 95 . 4 %) 11 - 2 ( 3 rd ) 6 . Florida State
, 199 1 ( 81 . 7 %) 11 - 2 ( 4 th ) 2 . USC , 200 5 ( 92 . 3 %) 12 - 1 ( 2 nd ) 7 . Ohio State , 196 9 ( 78
. 8 %) 8 - 1 ( 4 th ) 3 . Oklahoma , 198 7 ( 91 . 7 %) 11 - 1 ( 3 rd ) 8 . Nebraska , 199 6 ( 74 . 6 %)
11 - 2 ( 6 th ) 4 . Oklahoma , 197 5 ( 90 %) 11 - 1 ( 1 st ) 9 . USC , 197 9 ( 74 . 6 %) 11 - 0 - 1 ( 2 nd

) 5 . USC , 197 3 ( 87 . 3 %) 9 - 2 - 1 ( 8 th ) 10 . Oklahoma , 198 6 ( 74 . 6 %) 11 - 1 ( 3 rd ) Since
196 8 , 10 teams have received at least 75 % of the first -place votes in the preseason
AP poll . Like Florida , seven of them were defending national champions . But only
one of those teams , Oklahoma in 197 5 , actually won the national championship . None
of these teams went undefeated —in fact , their average

Layer #6 Hol zer at j ess ica .h ol zer @d ow j ones .com <|end_of_text|> <|begin_of_text|> When the Associated
Press releases its 200 9 preseason college football poll this weekend , it ’s all but
guaranteed that Florida will be ranked No . 1 —and that the G ators will collect a
fat majority of the first -place votes . Florida already received 90 % of first -place
votes in the recent coaches ’ poll . Florida quarterback Tim Te bow Associated Press
It ’s no mystery why . The G ators are the defending B CS national champions and their
quarterback , Tim Te bow , and their entire starting defense is coming back . Rare ly
has a defending champion enjoyed such riches . But there ’s some evidence that Florida
’s fans should think twice before ordering their commem orative " Repeat Champions
!" T -shirts . Bad O men for the G ators Here are the 10 teams that received the highest
percentages of first -place votes in the preseason AP football poll since 196 8 —and
how they finished the season . 1 . USC , 200 7 ( 95 . 4 %) 11 - 2 ( 3 rd ) 6 . Florida State
, 199 1 ( 81 . 7 %) 11 - 2 ( 4 th ) 2 . USC , 200 5 ( 92 . 3 %) 12 - 1 ( 2 nd ) 7 . Ohio State , 196 9 ( 78
. 8 %) 8 - 1 ( 4 th ) 3 . Oklahoma , 198 7 ( 91 . 7 %) 11 - 1 ( 3 rd ) 8 . Nebraska , 199 6 ( 74 . 6 %)
11 - 2 ( 6 th ) 4 . Oklahoma , 197 5 ( 90 %) 11 - 1 ( 1 st ) 9 . USC , 197 9 ( 74 . 6 %) 11 - 0 - 1 ( 2 nd

) 5 . USC , 197 3 ( 87 . 3 %) 9 - 2 - 1 ( 8 th ) 10 . Oklahoma , 198 6 ( 74 . 6 %) 11 - 1 ( 3 rd ) Since
196 8 , 10 teams have received at least 75 % of the first -place votes in the preseason
AP poll . Like Florida , seven of them were defending national champions . But only
one of those teams , Oklahoma in 197 5 , actually won the national championship . None
of these teams went undefeated —in fact , their average

Layer #7 Hol zer at j ess ica .h ol zer @d ow j ones .com <|end_of_text|> <|begin_of_text|> When the Associated
Press releases its 200 9 preseason college football poll this weekend , it ’s all but
guaranteed that Florida will be ranked No . 1 —and that the G ators will collect a
fat majority of the first -place votes . Florida already received 90 % of first -place
votes in the recent coaches ’ poll . Florida quarterback Tim Te bow Associated Press
It ’s no mystery why . The G ators are the defending B CS national champions and their
quarterback , Tim Te bow , and their entire starting defense is coming back . Rare ly
has a defending champion enjoyed such riches . But there ’s some evidence that Florida
’s fans should think twice before ordering their commem orative " Repeat Champions
!" T -shirts . Bad O men for the G ators Here are the 10 teams that received the highest
percentages of first -place votes in the preseason AP football poll since 196 8 —and
how they finished the season . 1 . USC , 200 7 ( 95 . 4 %) 11 - 2 ( 3 rd ) 6 . Florida State
, 199 1 ( 81 . 7 %) 11 - 2 ( 4 th ) 2 . USC , 200 5 ( 92 . 3 %) 12 - 1 ( 2 nd ) 7 . Ohio State , 196 9 ( 78
. 8 %) 8 - 1 ( 4 th ) 3 . Oklahoma , 198 7 ( 91 . 7 %) 11 - 1 ( 3 rd ) 8 . Nebraska , 199 6 ( 74 . 6 %)
11 - 2 ( 6 th ) 4 . Oklahoma , 197 5 ( 90 %) 11 - 1 ( 1 st ) 9 . USC , 197 9 ( 74 . 6 %) 11 - 0 - 1 ( 2 nd

) 5 . USC , 197 3 ( 87 . 3 %) 9 - 2 - 1 ( 8 th ) 10 . Oklahoma , 198 6 ( 74 . 6 %) 11 - 1 ( 3 rd ) Since
196 8 , 10 teams have received at least 75 % of the first -place votes in the preseason
AP poll . Like Florida , seven of them were defending national champions . But only
one of those teams , Oklahoma in 197 5 , actually won the national championship . None
of these teams went undefeated —in fact , their average
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Layer Text

Layer #0 team lacks a Rapid Spinner . And some Pokemon who fail to 2 H KO my Pokemon will 2 H KO them
with enough hazards on my team which could lead to me being swept . It would also take
care of my Ag gr on weakness . The problem is , I don ’t see anything I can replace it with
... if someone could give me a good enough reason on why I should replace it with " X "
Pokemon or why I shouldn ’t , that would be great . · Threat List ( Sorry E o but I j
acked this from your R MT ; ___ ; ) Red means this Pokemon is a big threat . Blue
means this Pokemon is a moderate threat . Black means this Pokemon is easily handled
. U U Threat s Abs ol - Mil otic and We ez ing can take a + 2 Attack , I just have to
hope it doesn ’t crit either of them , and hopefully I have entry hazards up so it dies
quickly from LO . Ag gr on - This Pokemon is a MA JOR threat . I can ’t switch in anything
on it , as it 2 H KO es everything . If it comes in on Chan sey / Cle f able , I have to sacrifice
them as I cant switch in Mil otic and risk Ag gr on being J olly and being 2 H KO d . A smart
player can keep switching it in and out until my special walls are gone . Al ak az
am - Switch to Spirit omb , Purs uit it and it ’s KO ed . Not a big threat at all . Chan sey can
take it on as well , even though a Specs Focus Blast is going to hurt . ( No ob th und and
your Zam nom : P < 3 ) Alt aria - Cle f able can Encore / Trick DD variants , Mil otic can
H aze / Ice Beam DD variants as well . Support variants are handled by Cle f able easily
; just Encore and Se ismic T oss it until it ’s KO ed . · Az umar ill - Choice Band variants
are easily handled by Mil otic , We ez ing , and Spirit omb . Sub P unch variants can be Enc ored
by Cle f able and taken on by We ez ing . · Bl az iken - Mil otic is my only

Layer #6 team lacks a Rapid Spinner . And some Pokemon who fail to 2 H KO my Pokemon will 2 H KO them
with enough hazards on my team which could lead to me being swept . It would also take
care of my Ag gr on weakness . The problem is , I don ’t see anything I can replace it with
... if someone could give me a good enough reason on why I should replace it with " X "
Pokemon or why I shouldn ’t , that would be great . · Threat List ( Sorry E o but I j
acked this from your R MT ; ___ ; ) Red means this Pokemon is a big threat . Blue
means this Pokemon is a moderate threat . Black means this Pokemon is easily handled
. U U Threat s Abs ol - Mil otic and We ez ing can take a + 2 Attack , I just have to
hope it doesn ’t crit either of them , and hopefully I have entry hazards up so it dies
quickly from LO . Ag gr on - This Pokemon is a MA JOR threat . I can ’t switch in anything
on it , as it 2 H KO es everything . If it comes in on Chan sey / Cle f able , I have to sacrifice
them as I cant switch in Mil otic and risk Ag gr on being J olly and being 2 H KO d . A smart
player can keep switching it in and out until my special walls are gone . Al ak az
am - Switch to Spirit omb , Purs uit it and it ’s KO ed . Not a big threat at all . Chan sey can
take it on as well , even though a Specs Focus Blast is going to hurt . ( No ob th und and
your Zam nom : P < 3 ) Alt aria - Cle f able can Encore / Trick DD variants , Mil otic can
H aze / Ice Beam DD variants as well . Support variants are handled by Cle f able easily
; just Encore and Se ismic T oss it until it ’s KO ed . · Az umar ill - Choice Band variants
are easily handled by Mil otic , We ez ing , and Spirit omb . Sub P unch variants can be Enc ored
by Cle f able and taken on by We ez ing . · Bl az iken - Mil otic is my only

Layer #7 team lacks a Rapid Spinner . And some Pokemon who fail to 2 H KO my Pokemon will 2 H KO them
with enough hazards on my team which could lead to me being swept . It would also take
care of my Ag gr on weakness . The problem is , I don ’t see anything I can replace it with
... if someone could give me a good enough reason on why I should replace it with " X "
Pokemon or why I shouldn ’t , that would be great . · Threat List ( Sorry E o but I j
acked this from your R MT ; ___ ; ) Red means this Pokemon is a big threat . Blue
means this Pokemon is a moderate threat . Black means this Pokemon is easily handled
. U U Threat s Abs ol - Mil otic and We ez ing can take a + 2 Attack , I just have to
hope it doesn ’t crit either of them , and hopefully I have entry hazards up so it dies
quickly from LO . Ag gr on - This Pokemon is a MA JOR threat . I can ’t switch in anything
on it , as it 2 H KO es everything . If it comes in on Chan sey / Cle f able , I have to sacrifice
them as I cant switch in Mil otic and risk Ag gr on being J olly and being 2 H KO d . A smart
player can keep switching it in and out until my special walls are gone . Al ak az
am - Switch to Spirit omb , Purs uit it and it ’s KO ed . Not a big threat at all . Chan sey can
take it on as well , even though a Specs Focus Blast is going to hurt . ( No ob th und and
your Zam nom : P < 3 ) Alt aria - Cle f able can Encore / Trick DD variants , Mil otic can
H aze / Ice Beam DD variants as well . Support variants are handled by Cle f able easily
; just Encore and Se ismic T oss it until it ’s KO ed . · Az umar ill - Choice Band variants
are easily handled by Mil otic , We ez ing , and Spirit omb . Sub P unch variants can be Enc ored
by Cle f able and taken on by We ez ing . · Bl az iken - Mil otic is my only
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J VISUALIZATION OF ATTENTION SCORES

Figures 7 and 8 visualize the attention scores of Transformer and Mamba, respectively. For Mamba,
we visualize the implicit attention map of the SSM module by following the approach of Deci-
Mamba (Ben-Kish et al., 2024). In the case of the Transformer, the attention scores in the initial
layers show a highly uniform distribution, suggesting that these layers primarily serve to encode
the hidden states. As a result, using Transformer blocks in the early stages of an inter-layer hybrid
architecture may negatively impact performance due to this uniform attending behavior. In contrast,
Mamba exhibits a strong focus along the diagonal, resulting in a very small effective receptive fields
(ERFs). This is the opposite of the Transformer’s tendency to attend to a wider range of token po-
sitions. Consequently, hybridization appears to improve quality by providing an ensemble-like effect.

(a) Layer 1 (b) Layer 6 (c) Layer 11 (d) Layer 16

Figure 7: Qualitative results of attention scores from Llama 1B model. We measure the score
at a context length of 256 using the PG19 test set. The evaluation is conducted with a Llama 1B
model trained on 60B tokens. Values closer to yellow indicate scores near 1, while values closer
to purple indicate scores near 0.

(a) Layer 1 (b) Layer 5 (c) Layer 9 (d) Layer 13

Figure 8: Qualitative results of attention scores from Mamba 1B model. We measure the score
at a context length of 256 using the PG19 test set. The evaluation is conducted with a Mamba 1B
model trained on 60B tokens. Values closer to yellow indicate scores near 1, while values closer
to purple indicate scores near 0. We take the absolute value of the implicit attention scores in Mamba
and normalize each row by its maximum value.
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K TRAINING DYNAMICS FOR HYBRID ARCHITECTURES

The left panel of Figure 13 illustrates the learning curves used to analyze convergence speed and
stability. Initially, Mamba converges more slowly than the Transformer; however, it eventually
catches up to Llama in terms of training loss over the course of 60B tokens. Conversely, the Hybrid
models match Llama’s loss trajectory initially but begin to outperform it (showing lower loss) from
the early-to-mid stages. We hypothesize that the combination of these primitives provides the model
with greater optimization potential. Furthermore, regarding training stability, we observe no distinct
deviations across the architectures; all models exhibit similar fluctuation patterns throughout the
training process (only Llama shows slightly different waveform because it was trained using 16 GPUs
(DP = 16), whereas the other models were trained on 8 GPUs.

L FINETUNING PERFORMANCE ON DOWNSTREAM TASKS

Extending beyond language modeling and retrieval, we evaluate the five 1B checkpoints (Table 2)—all
pre-trained with an identical 4e20 FLOPs budget—on downstream summarization (Sum) and question-
answering (QA). The benchmarks include Multi-News (MN; Fabbri et al. (2019)), BIGPATENT
(BP; Sharma et al. (2019)), and GovReport (GR; Huang et al. (2021)) for summarization, alongside
SQuAD (SQA; Rajpurkar et al. (2016)), NarrativeQA (NQA; Kočiský et al. (2018)), and TriviaQA
(TQA; Joshi et al. (2017)) for QA. We fine-tune for 1,000 steps with a global batch size of 16 using a
trapezoidal scheduler (peak learning rate of 1e-4). The sequence length is set to 8K for all datasets,
except SQuAD (2K). We allocate maximum target (summaries or question-answer pairs) lengths of
512 (MN, BP), 768 (GR), and 128 (all QA datasets), dedicating the remaining capacity to the input
context. Unused slots are padded with EOS tokens and masked out from the attention mechanism.
Evaluation is performed on 1,000 sampled test instances for each dataset, with the exception of
SQuAD, where the validation set is used.

The right panel of Table 13 summarizes the performance on downstream tasks. Although SWA and
Mamba appeared competitive with the standard Transformer in language modeling, this competence
does not fully translate to downstream tasks. Specifically, in summarization tasks requiring contextual
retrieval—mirroring our NIAH findings—SWA and Mamba suffer significant performance degrada-
tion due to their strong locality biases. While the shorter generation nature of QA tasks allows these
models to rival the Transformer on some datasets, they still face substantial performance drops on
specific benchmarks. In contrast, hybrid architectures demonstrate remarkable robustness regardless
of the integration strategy (inter- or intra-hybrid), consistently matching or outperforming the vanilla
Transformer. This confirms that hybrid models effectively achieve superior model quality with greater
efficiency, overcoming the limitations of homogeneous Mamba models.

Base Config Sum Tasks QA Tasks

Models N-emb Nattn Nswa Nssm Nhyb MN BP GR SQA NQA TQA

Llama 0.97B 16 - - - 18.66 32.15 20.55 54.72 17.35 51.89
SWA 0.97B 3 13 - - 15.87 29.74 18.91 48.55 17.52 51.99
Mamba 0.99B - - 13 - 16.40 12.66 13.08 55.55 16.64 36.50

Inter-H 0.96B 2 - 11 - 19.00 32.76 19.56 54.91 17.39 51.66
Intra-H 0.98B - - 11 2 18.33 31.80 20.76 55.42 18.48 51.00

Table 13: (Left) Learning curves across four different architectures. The models are pretrained on
60B tokens using the DCLM dataset, with checkpoints logged every 100 steps. For the hybrid model,
we adopt a block ratio of 1:5. (Right) Comparison of fine-tuning performance across downstream
summarization and question-answering (QA) tasks. We fine-tune five distinct architectures, all
pre-trained with a compute budget of 4.5e20 FLOPs. Our evaluation benchmarks include Multi-News,
BIGPATENT, and GovReport for summarization, alongside SQuAD, NarrativeQA, and TriviaQA
for QA. For hybrid architectures that integrate sliding window attention, Mamba, or intra-hybrid
blocks with Transformer blocks, we maintain a consistent block mixing ratio of 1:5.
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