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Abstract

Large language models (LLMs) have rapidly advanced, but
their growing compute demands limit accessibility in under-
resourced regions like Southeast Asia (SEA). While hybrid
architectures combining Attention and State-Space Models
(SSMs) offer efficiency gains, most rely on sequential inter-
leaving, leaving the potential of parallel-head mixing largely
under-explored. However, the recent Falcon-H1 family of
models has demonstrated that parallel-head hybrid architec-
tures are not only viable, but scalable to state-of-the-art lev-
els. I propose investigating this parallel-head architecture as a
foundation for efficient, multilingual SEA LLMs. My short-
term goal is to adapt Falcon-H1-1.5B via vocabulary expan-
sion and continuous pretraining, mitigating token fragmen-
tation and enabling low-resource adaptation to 9 SEA lan-
guages. In the longer term, I will develop a dynamic to-
ken routing mechanism to optimize token-level compute al-
location within hybrid layers, aiming to maximize efficiency
without sacrificing the expressive power needed for complex
multilingual contexts. Evaluation will utilize the SEA-HELM
framework to assess whether these parallel-hybrid innova-
tions can democratize access to high-performance Al for SEA
communities.

Introduction

I focus on efficient large language model (LLM) architec-
tures, specifically hybrid models that mix state-space model
(SSM) heads with Transformer attention heads in parallel
within a layer. Hybrid LLM combines the high-resolution
recall of attention with the long-range, linear-time summa-
rization of SSMs, offering a promising point on the tradeoff
between compute, memory, and modeling power.

Improving architectural efficiency is urgent. Current
compute-hungry trajectories concentrate capability behind
large corporations and are unsustainable. More efficient
model families would reduce costs and enable geographi-
cally diverse communities to run powerful models locally.
This is critical for Southeast Asia (SEA), where under-
resourced populations and uneven connectivity (Sermcheep
2024) make standard large models inaccessible in some re-
gions.

My goal is to (1) evaluate parallel-head hybrid effective-
ness for SEA languages using Falcon-H1-1.5B, and (2) in-
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Figure 1: Simplified architectural comparison between
(A) Sequential Interleaving and (B) Parallel-Head Mixing.
Layer Norm and Feed-Forward Network blocks are omitted.

vestigate dynamic gating mechanisms to further enhance the
memory efficiency of these hybrid models.

Background and Related Work

Structured state-space models such as Mamba (Gu and Dao
2024; Dao and Gu 2024), have demonstrated strong perfor-
mance with linear-time scaling but struggle with precise in-
context recall compared to quadratic attention (Gu and Dao
2024; Park et al. 2024; Waleffe et al. 2024). Hybrid designs
have rapidly emerged to combine the strengths of both SSMs
and attention. As illustrated in Figure 1, two paradigms have
emerged: Sequential Interleaving alternates layers of atten-
tion and SSMs (Glorioso et al. 2024; Lieber et al. 2024; Ren
et al. 2024; Blakeman et al. 2025; Team et al. 2025) while
Parallel-Head Mixing, introduced by Hymba (Dong et al.
2024), and improved upon by Falcon-H1 (Zuo et al. 2025),
integrates attention and SSM heads side-by-side.

Parallel mixing intuitively offers a distinct hybrid mod-



eling advantage: it mitigates the representation degradation
inherent in sequential stacking hybrids, allowing the atten-
tion mechanism to retrieve information from uncompressed
inputs rather than the lossy state outputs of preceding SSM
layers.

Unfortunately, these hybrid models are largely not trained
with SEA languages in mind, even if they are multilingual.
For example, Falcon-H1’s pre-training data comprised 18
languages, of which none are SEA languages. Crucially, this
shift toward efficient hybrid designs has not yet permeated
regional modeling efforts. Current SEA languages adapta-
tion (Dou et al. 2024; Ng et al. 2025; Nguyen et al. 2024;
Zhang et al. 2025) relies exclusively on full-attention LLMs,
leaving a critical gap in understanding how these architec-
tures perform in multilingual, resource-constrained contexts.

Approach and Evaluation
Phase 1 — Multilingual Adaptation

Although Falcon-H1’s tokenizer was trained on 121 lan-
guages, it still had on average subpar tokenization for SEA
languages compared to existing SEA models’ tokenizers.
Concurrently, standard continual pre-training (CPT) creates
a risk of catastrophic forgetting, where the model loses pre-
existing knowledge while adapting to new data (Luo et al.
2025).

To extend the tokenizer’s vocabulary while mitigating
catastrophic forgetting, I employ the Efficient and Effec-
tive Vocabulary Expansion (EEVE) method (Kim, Choi, and
Jeong 2024), which freezes the backbone to preserve origi-
nal competencies while integrating new SEA tokens.

I first merge the SEA-LION vocabulary (Ng et al. 2025)
with Falcon-H1’s. New input embeddings are initialized by
averaging their constituent sub-word embeddings to capture
semantic approximation, while new output embeddings are
initialized using the first sub-word to align with the model’s
predictive framework. I then deploy a seven-stage CPT
framework that prevents catastrophic forgetting by strictly
controlling parameter updates. This curriculum moves from
training only the newly initialized embeddings and LM
heads, to fine-tuning the full model, and finally isolating the
hybrid layers for a targeted update step.

This yields a model optimized for SEA languages with-
out compromising the original model’s language capabilities
and inference efficiency. The resulting model will be evalu-
ated against Sailor2 1B and 3B (Dou et al. 2025), the closest
SEA multilingual baselines under 7B parameters, using the
SEA-HELM framework (Susanto et al. 2025).

Phase 2 — Architectural Optimization

While Falcon-H1 demonstrates the scalability of parallel-
head hybrid architectures, it still applies quadratic attention
uniformly to every token, although to fewer heads. This
is computationally suboptimal given recent findings from
DTRNet (Sharma et al. 2025), which showed that approx-
imately 90% of tokens in a Transformer can bypass the at-
tention mechanism entirely without degrading performance.

Instead of a static design where every token consumes
both Attention and SSM compute, I propose a Context-
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Preserving Dynamic Router. In this design, the recurrent
Mamba head acts as the “always-on” continuous backbone,
preserving the sequence history state h; for every token.
Meanwhile, the computationally expensive Attention head
is gated dynamically:

* Continuous Backbone (Mamba): Operates on all to-
kens at O(N). This ensures that even when Attention
is skipped, the model maintains a robust, context-aware
state representation, unlike the blind linear bypass in
DTRNet.

* Sparse Retrieval (Attention): Operates at O(N?) but is
activated only for retrieval-heavy” tokens identified by
the router.

I hypothesize that this "Mamba-backed” routing will al-
low for even greater attention sparsity than DTRNet, as the
high-quality recurrent state should mitigate the information
loss from entirely skipping attention.

To implement this, I will employ a token-wise binary
router that utilizes a soft routing mechanism during train-
ing, computing a weighted sum of execution paths to ensure
robust gradient propagation. Simultaneously, I will optimize
this router with a cross-entropy loss enhanced with an auxil-
iary load-balancing loss inspired by DTRNet to prevent rout-
ing collapse. This architectural modification aims to deliver
even more memory and inference efficiency, by further min-
imizing how often attention is used at a token level.

Discussion

I expect to find that my model will not only demon-
strate effective multilingual adaptation via the EEVE-based
CPT pipeline but also reveal distinct efficiency advantages
through dynamic token routing. By allowing the model to
route high-entropy tokens, such as code-switched bound-
aries, to attention heads, and syntactic tokens only to the
SSM heads, I anticipate a ”compute-adaptive” behavior that
significantly lowers inference costs for dense SEA lan-
guages. Furthermore, analyzing these routing patterns will
offer linguistic insights into how the model allocates com-
pute across different token types, such as discourse markers
versus reasoning anchors. Validating this dynamic routing
on a 1.5B scale will provide a rigorous proof-of-concept for
resource-constrained environments, demonstrating that effi-
cient, local deployment is viable without sacrificing the rea-
soning capabilities of full-attention transformers.

Conclusion

I propose to define the next generation of efficient LLMs
for Southeast Asia by investigating hybrid parallel-head ar-
chitectures. My contributions will be twofold: (1) adapting
Falcon-H1-1.5B to SEA languages using vocabulary expan-
sion and continuous pre-training; and (2) developing a dy-
namic token routing mechanism that optimizes compute by
selectively dispatching tokens to an Attention or a Bypass
path while maintaining a constant Mamba update state. This
project bridges the gap between architectural innovation
and linguistic equity, providing a rigorous roadmap to de-
mocratize high-performance, locally runnable Al for under-
represented communities.
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