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Abstract

Mixture-of-Experts (MoE) scales capacity via
conditional computation, but Transformers lack
a native knowledge lookup primitive. We intro-
duce conditional memory, instantiated via Deep
Sparse Embedding (DSE), which indexes a
massive embedding table using local N-grams
for O(1) retrieval. We formalize sparsity allo-
cation problem—how to split a fixed param-
eter budget between MoE experts and DSE
memory—and find a U-shaped scaling law that
identifies an optimal balance. Scaling to 27B
parameters, DSE outperform an iso-parameter
and iso-FLOPs MoE baseline across knowl-
edge and reasoning benchmarks, and achieve
markedly stronger long-context performance.
Mechanistic analyses show that DSE offloads
early-layer static recall into memory, freeing ef-
fective depth and attention for higher-level rea-
soning. DSE is also infrastructure-efficient: its
deterministic hashing enables offloading mas-
sive parameters into host memory during infer-
ence with negligible throughput overhead.

1 Introduction

Sparsity has emerged as a fundamental design prin-
ciple for Large Language Models (LLMs). Cur-
rently, this principle is primarily realized through
Mixture-of-Experts (MoE) (Shazeer et al., 2017;
Dai et al., 2024), which scales capacity via condi-
tional computation. Owing to its ability to drasti-
cally increase model size without proportional in-
creases in compute, MoE has become the de facto
standard for foundation models (Liu et al., 2024,
Comanici et al., 2025; Team et al., 2025).

Despite the success of conditional computation,
the intrinsic heterogeneity of linguistic signals sug-
gests significant room for structural optimization.
Specifically, language modeling entails two qualita-
tively different sub-tasks: compositional reasoning
and knowledge recall. Since standard Transformers
lack a native knowledge lookup primitive, current
models are forced to simulate retrieval through

Figure 1: Overview of the Deep Sparse Embedding ar-
chitecture. Left: DSE modules are selectively applied to
specific layers, independent of the standard embedding.
Right: Sparse embeddings are retrieved via hashed suf-
fix N-grams and dynamically modulated by their simi-
larity to the current hidden state.

computation. This process essentially amounts
to an expensive runtime reconstruction of a static
lookup table, wasting valuable sequential depth on
trivial operations that could otherwise be allocated
to higher-level reasoning.

To align model architecture with this linguis-
tic duality, we advocate for a complementary axis
of sparsity: conditional memory. Whereas condi-
tional computation sparsely activates parameters to
process dynamic logic (Shazeer et al., 2017), condi-
tional memory relies on sparse lookup operations to
retrieve static embeddings for fixed knowledge. As
a preliminary exploration of this paradigm, we pro-
pose Deep Sparse Embedding (DSE). Inspired by
prior work (Tito Svenstrup et al., 2017; Huang et al.,
2025; Pagnoni et al., 2025), we utilize local N-
grams—densified via vocabulary compression—to
index a massive embedding table for constant-time
O(1) retrieval. To ensure these static priors align
with the current context, we employ a gating mech-
anism where the hidden state acts as a query to
dynamically filter the retrieved embeddings.

To quantify the synergy between these two prim-
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itives, we formulate the Sparsity Allocation prob-
lem: given a fixed total parameter budget, how
should capacity be distributed between MoE ex-
perts and DSE memory? Our experiments un-
cover a distinct U-shaped scaling law, revealing
that maximizing efficiency demands a precise bal-
ance of both mechanisms. Guided by this opti-
mal allocation, we scale DSE to a 27B-parameter
model. Compared to a strictly iso-parameter and
is0-FLOPs MoE baseline, DSE-27B achieves supe-
rior efficiency across diverse domains. Crucially,
the gains are not limited to knowledge-intensive
tasks (e.g., MMLU: +3.4; MMLU-Pro: +1.8); we
observe even more significant improvements in gen-
eral reasoning (e.g., BBH: +5.0; ARC-Challenge:
+3.7, DROP: 43.3) and code/math domains (e.g.,
HumanEval: +3.0; GSM8K: +-2.2, MATH: +2.4).
We also perform further mechanistic analysis and
reveal that DSE relieves the backbone from recon-
structing static knowledge in early layers, thereby
increasing effective depth available for complex
reasoning. Furthermore, DSE frees up attention
capacity and can focus more on global context, so
DSE-27B exhibits exceptional robustness in 32K-
context scenarios.

Finally, we consider the infrastructure-aware ef-
ficiency. Unlike dynamic routing in MoE, DSE
relies on deterministic hashing, which enables the
runtime prefetch of embeddings and overlaps the
communication cost with computation. We validate
this on a vLLM-based engine: even with a naive
implementation, offloading a 100B-parameter table
entirely to host memory incurs negligible through-
put overhead (< 3%). This result confirms that
DSE bypasses GPU memory limitations by effi-
ciently utilizing system DRAM, allowing for a
more aggressive expansion of model parameters.

2 Architecture

2.1 Overview

As shown in Figure 1, Deep Sparse Embedding
(DSE) is a conditional memory module designed to
augment the Transformer backbone by structurally
separating static pattern storage from dynamic com-
putation. Formally, given an input sequence X and
hidden states H(®) € RT*? at layer ¢, the module
processes each position ¢ in two functional phases:

1. Sparse Retrieval: We extract and compress
suffix /V-grams to deterministically retrieve
static embedding vectors via hashing.

2. Context-aware Gating: The retrieved em-
beddings are dynamically modulated by the
current hidden state to filter noise, refined via
a lightweight convolution, and merged into
the residual stream.

2.2 Sparse Retrieval via Hashed N-grams

The first phase maps local contexts to static mem-
ory entries, involving compressing the tokenizer
space and retrieving embeddings via deterministic
hashing.

Context Definition and Compression. Standard
subword tokenizers are constrained by lossless re-
construction, often assigning disjoint IDs to se-
mantically equivalent terms due to surface varia-
tions (Kudo and Richardson, 2018; Li et al., 2023).
To maximize representational density, we imple-
ment a vocabulary projection layer. Specifically,
we pre-compute a surjective mapping P : V — V'
that collapses raw token IDs into canonical identi-
fiers based on normalized textual equivalence (us-
ing NFKC, lowercasing, etc.). In practice, this is
implemented as a fast lookup table that reduces the
effective vocabulary size of a 128k tokenizer by
23% (see Appendix C). For a token at position ¢,
we map its raw ID z; to a canonical ID x}, = P(x),
and define the local context as the suffix N-gram
of these canonical IDs: g; , = (T}_,, 41, - -, Z}).

Multi-Head Hashing. Directly parameterizing
the combinatorial space of all possible /N-grams
is intractable. Following (Tito Svenstrup et al.,
2017; Huang et al., 2025), we adopt a hashing-
based approach. To mitigate collisions, we employ
K distinct hash heads for each N-gram order n.
Each head k£ maps the compressed context to an
index within an embedding table E,, ;, (of prime
size M, ;) via a deterministic function ¢, ;:

Ztnk £ ¢n,k(gt,n)a €tnk = En,k[zt,n,k]- (1)

In practice, ¢, j; is implemented as a lightweight
multiplicative-XOR hash. We construct the final
memory vector e; € R%en by concatenating all
retrieved embeddings:

N K

eté H H €tn,k- )
n=2k=1

2.3 Context-aware Gating

Due to inherent polysemy and hash collisions,
the retrieved embeddings may not align with the
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specific semantics of the current context. To re-
solve this ambiguity, we employ a context-aware
gating mechanism inspired by attention dynam-
ics (Vaswani et al., 2017; Bahdanau et al., 2014).
Specifically, we utilize the current hidden state
h;—which has aggregated global context via pre-
ceding attention layers—as a dynamic Query, while
the retrieved memory e; serves as the source for
both Key and Value projections:

ki = Wiker, vi=Wyey, (3)
where Wy, Wy, are learnable projection matrices.
To ensure gradient stability, we apply RMSNorm
to the Query and Key before computing the scalar
gate a; € (0,1):

o (RMSNorm(ht)T : RMSNorm(kt)>
" Nz '
“4)

The final output is u; = ay - v¢. This design en-
forces semantic alignment: if the retrieved memory
e; contradicts the current context h;, the gate oy
tends toward zero, effectively suppressing the noise.
Finally, to expand the receptive field and enhance
the model’s non-linear expressivity, we introduce
a short, depthwise causal convolution (Allen-Zhu,
2025; Peng et al., 2023a). Using a kernel size W,
dilation ¢ (set to the max N-gram order) and SiLLU
activation (Elfwing et al., 2018), the output y;, is:

y¢ = SILU (Conv1D(RMSNorm(u;))) + uz. (5)

The DSE output is subsequently added to the back-
bone residual stream: H®) « H® 4 14, followed
by the Attention and MoE layers.

2.4 Integration with Hyper-Connections

In this work, instead of standard residual connec-
tions (He et al., 2016), we adopt the more advanced
Hyper-Connections (HC) architecture as our de-
fault backbone, chosen for its superior modeling
capabilities (Zhu et al., 2025; Xie et al., 2025; Seed
et al., 2025). A defining characteristic of HC is the
expansion of the residual stream into M parallel
branches (typically M = 4), where information
flow is modulated by learnable connection weights.

Although the DSE module is inherently
topology-agnostic, adapting it to this multi-branch
residual framework necessitates a structural opti-
mization. To this end, we employ a single sparse
embedding table shared across all M branches,
utilizing a shared Value projection matrix Wy,

alongside M distinct Key projection matrices
(WU IM_ - For the m-th branch with hidden
state hgm), the gating signal is computed as:

™ — o ( RMSNorm(hﬁ"”)T\.}QEMSNorm(W}g"’et)) ©)

The shared value vector v; = Wy e; is then
modulated by these branch-specific gates. This
design allows the linear projections (one Wy, and
M distinct W) to be fused into a single dense
matrix multiplication, maximizing the compute
utilization of modern GPUs. Unless otherwise
stated, all experiments utilize this integration with
mHC (M = 4) (Xie et al., 2025).

2.5 Decoupling Compute and Memory

A key advantage of DSE is the deterministic na-
ture of its retrieval. During training, embedding
tables are sharded across GPUs, utilizing collective
communication (All-to-All) to only fetch active
rows. During inference, the memory indices de-
pend solely on the input token IDs. This allows
the system to: prefetch embeddings on the CPU
host memory asynchronously and overlap the PCle
transfer of these embeddings with the GPU compu-
tation of preceding layers. This design effectively
decouples model capacity from limited GPU HBM,
enabling massive look-up tables with negligible
latency overhead.

3 Scaling Laws and Sparsity Allocation

DSE introduces conditional memory (a large
lookup table accessed sparsely), which is comple-
mentary to the conditional computation provided
by MoE experts. This section investigates how to
optimally allocate sparse capacity between these
two primitives under a strictly compute-controlled
budget. Two key questions drive our research:

1. Allocation under fixed compute and size.
When total parameters and per-token compu-
tation are fixed (Iso-FLOPs per token), how
should we split sparse capacity between MoE
experts and DSE slots?

2. Infinite Memory Regime. If the DSE memory
can be scaled aggressively, what scaling behav-
ior does DSE exhibit by itself?

3.1 Optimal Allocation Ratio Between MoE
and DSE

Compute-matched formulation. We use three
parameter counts throughout this section:
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Figure 2: Sparsity allocation and DSE scaling. Left: Validation loss across allocation ratios p with different
compute budgets. Both curves exhibit a U-shape, with hybrid allocation surpassing Pure MoE (p = 1). Right:
Scaling behavior in the infinite-memory regime. Validation loss is log-linear with respect to embedding slots.

* P, total trainable parameters, excluding vocab-
ulary embedding and LM head.

* P,.: activated parameters per token, i.e., param-
eters participating in the forward pass for a token.
This quantity determines per-token FLOPs.

* Pree 2 Pt — Paci: the remaining parameters
that are not activated per token.

We keep Piot and P, fixed within each FLOPs
budget, so that models have the same size and the
same per-token FLOPs.!

Allocation ratio. We define the allocation ratio
p € [0,1] as the fraction of the inactive-parameter
budget assigned to MoE expert capacity:

P(free) .

MoE — prree7 PDSE = (1 - P) Pfree~ @)

Intuitively:

* p = 1 corresponds to a pure MoE model (all
inactive parameters are routed experts).

* p < 1 reduces the number of routed experts and
reallocates the freed parameters to DSE embed-
ding slots.

Experimental protocol. We evaluate this trade-
off at two compute regimes. To ensure consistent
sparsity, we maintain a constant ratio Pyot/ Pact =
10 across both settings:

e C' =2 x 1020 FLOPs: Pyt ~ 5.7B and Pyt =
568M. The baseline (p = 1) has a total of 106
experts.

"For MOE, P, is determined by the top-k selected ex-
perts, while the parameters of non-selected experts contribute
to Pree. For DSE, only a constant number of slots are re-
trieved per token, so scaling the number of slots increases Piot
without increasing per-token FLOPs.

e C' =6 x 102 FLOPs: P,ot ~ 9.9B and Pyt =
993M. The baseline (p = 1) has a total of 99
experts.

For each p, we construct the corresponding hybrid
model by adjusting the number of routed experts
and the number of DSE slots so that P, and Pt
remain unchanged within that regime. All runs use
the same training pipeline; we calculate optimiza-
tion hyperparameters (e.g., learning rate and batch
size) to ensure stable training in each regime.

Results. Figure 2 (left) reveals a consistent U-
shaped relationship between validation loss and
p across both compute regimes. The pure MoE
baseline (p 1) is not optimal: reallocating
roughly 20%-25% of the inactive parameters to
DSE yields the best performance. Quantitatively,
at C = 6 x 10%° (10B regime), loss improves
from 1.7248 at p = 1 to 1.7109 near p ~ 0.80
(A = 0.0139). The location of the optimum is
stable across regimes (p ~ 75%—80%), suggesting
that a fixed hybrid ratio can be a strong default
when co-scaling MoE and DSE.

3.2 DSE under Infinite Memory Regime

In Section 3.1, we studied how to allocate a fixed
inactive-parameter budget between MoE experts
and DSE slots. We now examine the complemen-
tary setting where memory capacity can be scaled
aggressively, motivated by two practical proper-
ties of DSE: (i) DSE retrieval uses static hash IDs,
which enables standard systems techniques such
as caching, off-device offloading, and prefetching;
and (ii) retrieval cost is constant in table size—for
each token, the model gathers a fixed number of
embedding vectors, so scaling the table increases
stored parameters but does not increase the com-
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putational cost (FLOPs) or the volume of data re-
trieved per token.

Experimental protocol. We start from a fixed
MOoE backbone with total parameters P, ~ 3B
and activated parameters P,.; = 568M. We train
the model for 100B tokens to ensure convergence.
On top of this backbone, we add a DSE table with
M embedding slots and sweep M from 2.58 x 10°
to 1.0 x 107 (adding up to ~ 13 billion parame-
ters). For comparison, we include the OverEncod-
ing (Huang et al., 2025) as a reference.

Results. Figure 2 (right) shows that scaling the
number of DSE slots yields a clear and consistent
improvement in validation loss. Across the ex-
plored range, the curve is well-approximated by a
line in log M, i.e., validation loss decreases roughly
log-linearly as memory grows. This behavior indi-
cates that DSE provides a smooth and predictable
scaling knob: larger memory continues to pay off
without requiring additional computation. We also
observe that while OverEncoding (Huang et al.,
2025) benefits from larger M, DSE shows greater
scaling potential.

4 Large Scale Pre-training

We scale DSE to the multi-billion parameter to val-
idate its efficacy in large language model training.
Specifically, we pre-train four models: (1) Dense-
4B (4.1B total parameters), (2) MoE-27B (26.7B
total parameters), (3) DSE-27B (26.7B total param-
eters), and (4) DSE-40B (39.5B total parameters).
All models are trained on identical data curricu-
lum (same token budget and order) and are strictly
matched in the number of activated parameters.

4.1 Experimental Setup

Training Data and Tokenization All models are
pre-trained on a corpus of 262 billion tokens sam-
pled from our internal high-quality dataset. We
utilize the tokenizer from DeepSeek-v3 (Liu et al.,
2024) with a vocabulary size of 128k.

Model Configurations To ensure a controlled
comparison, we adhere to a consistent default set-
ting across all models unless explicitly stated oth-
erwise. We utilize a 30-block Transformer with a
hidden size of 2560. Each block integrates a Multi-
head Latent Attention (MLA) module (DeepSeek-
Al et al., 2024) with 32 heads, connected to FFNs
via mHC (Xie et al., 2025) with an expansion rate
of 4. All models are optimized using Muon (Jordan

et al., 2024; Team et al., 2025); detailed hyperpa-
rameters are listed in the Appendix A.

Evaluation Protocol We evaluate models on a di-
verse suite of benchmarks spanning language mod-
eling, knowledge and reasoning, reading compre-
hension, and code/math. For each benchmark, we
follow standard few-shot prompting protocols. De-
tails can be found in Appendix B.

4.2 Experimental Results

Consistent with prior literature, Table 1 demon-
strates that sparse architectures significantly outper-
form iso-FLOPs dense baselines across all bench-
marks, reaffirming the vital role of decoupling pa-
rameter count from computational cost for efficient
scaling.

More importantly, DSE-27B consistently im-
proves over the iso-parameter and iso-FLOPs MoE-
27B baseline. Interestingly, these gains are not
limited to knowledge-intensive tasks (e.g., MMLU:
+3.0, CMMLU: +4.0). We observe even more
significant improvements in general-reasoning do-
mains (e.g., BBH: +5.0, ARC-Challenge: +3.7), as
well as code and mathematical reasoning (e.g., Hu-
manEval: +3.0, MATH: +2.4). To visualize train-
ing dynamics, we provide benchmark trajectories
during pre-training in Appendix B. These results
support our hypothesis that introducing a dedicated
knowledge lookup primitive improves representa-
tion efficiency beyond what can be achieved by
allocating the entire sparse budget to conditional
computation.

Finally, scaling to DSE-40B further reduces pre-
training loss and improves performance across
most benchmarks. Although it does not yet strictly
dominate DSE-27B on every task, this is likely an
artifact of under-training as the loss gap between
DSE-40B and the baselines continues to widen to-
wards the end of training.

S Long Context Training

To extend the context window to 32k tokens, we
adopt the YaRN strategy (Peng et al., 2023b) fol-
lowing Liu et al. (2024), training for 5,000 steps on
30B high-quality tokens. We evaluate four config-
urations: the final MoE-27B and DSE-27B check-
points, and two intermediate DSE-27B checkpoints.
Notably, the DSE-27B (46k steps) and MoE-27B
(50k steps) checkpoints share the same pre-training
loss, establishing an "Iso-Loss" setting to isolate ar-
chitectural impacts. Performance is assessed using
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Category Benchmark (Metric) # Shots Dense-4B MoE-27B DSE-27B DSE-40B

# Total Params 3.8B 26.7B 26.7B 39.5B

# Activated Params 3.8B 3.8B 3.8B 3.8B

# Trained Tokens 262B 262B 262B 262B

# Expert (shared + routed, top-k) - 24 72c6 2 4+ 55¢6 2 4 55¢6

# DSE Parameters - - 5.7B 18.5B

Language Pile (loss) - 2.091 1.960 1.950 1.942
Modeling Validation Set (loss) - 1.768 1.634 1.622 1.610
MMLU (Acc.) 5-shot 48.6 57.4 60.4 60.6

MMLU-Redux (Acc.) 5-shot 50.7 60.6 64.0 64.5

MMLU-Pro (Acc.) 5-shot 21.1 28.3 30.1 31.3

CMMLU (Acc.) 5-shot 47.9 57.9 61.9 63.4

C-Eval (Acc.) 5-shot 46.9 58.0 62.7 63.3

AGIEval (Acc.) 0-shot 29.1 38.6 41.8 459

Knowledge ARC-Easy (Acc.) 25-shot 76.8 86.5 89.0 90.1
& ARC-Challenge (Acc.) 25-shot 59.3 70.1 73.8 76.4
Reasoning TriviaQA (EM) 5-shot 33.0 48.8 50.7 51.8
TriviaQA-ZH (EM) 5-shot 62.8 74.8 76.3 77.9

PopQA (EM) 15-shot 15.1 19.2 194 21.2

CCPM (Acc.) 0-shot 72.2 79.6 87.1 87.7

BBH EM) 3-shot 42.8 50.9 55.9 57.5

HellaSwag (Acc.) 0-shot 64.3 71.8 72.7 73.1

PIQA (Acc.) 0-shot 63.8 71.9 73.5 76.5

WinoGrande (Acc.) 5-shot 64.0 67.6 67.8 68.1

DROP 1) 1-shot 41.6 55.7 59.0 60.7

Reading RACE-Middle (Acc.) 5-shot 72.4 80.9 82.8 83.3
Comprehension ~ RACE-High (Acc.) 5-shot 66.0 75.4 78.2 79.2
C3 (Acc.) 0-shot 57.7 60.1 63.6 61.8

HumanEval (Pass@1) 0-shot 26.8 37.8 40.8 384

MBPP (Pass@1) 3-shot 354 46.6 48.2 46.2

CruxEval-i (EM) 0-shot 27.6 30.7 32.2 36.2

Code & Math CruxEval-o (EM) 0-shot 28.7 34.1 35.0 353
GSMB8K (EM) 8-shot 35.5 58.4 60.6 62.6

MGSM (EM) 8-shot 27.0 46.8 49.4 524

MATH EMm) 4-shot 152 28.3 30.7 30.6

Table 1: Performance of Dense, MoE, and DSE architectures. All models maintain identical activated parameters
and training tokens. DSE-27B significantly outperforms the iso-FLOPs MoE-27B across all benchmarks.

LongPPL (Fang et al.) across four data categories
and the RULER benchmark (Hsieh et al.) covering
14 retrieval and reasoning tasks. Please refer to
Appendix J for details.

5.1 Experimental Results

Table 2 highlights the interplay between base mod-
eling capability and architectural efficiency.

Dependence on Base Capability. First, we ob-
serve that long-context performance is not solely
determined by model architecture but scales strictly
with pre-training compute. The monotonic im-
provement across DSE variants (41k — 50k steps)
confirms that a stronger foundation model is a pre-
requisite for effective long-context reasoning.

Architectural Efficiency. Crucially, DSE
demonstrates superior efficiency even when
accounting for the dependency mentioned

above. Remarkably, the under-trained DSE-
27B (41k)—utilizing only 82% of the com-
pute—already rivals the fully converged MoE-27B
baseline. When controlled for base capability
(the "Iso-Loss" setting), DSE significantly outper-
forms MoE on complex reasoning tasks, such as
Multi-Query NIAH (97.0 vs. 84.2) and Variable
Tracking (87.2 vs. 77.0). This specific gain in
retrieval-heavy tasks supports our hypothesis: by
offloading local patterns to DSE lookups, the
model effectively preserves attention capacity for
processing global dependencies.

6 Analysis

In this section, we delve into the internal mecha-
nisms of DSE, examining its effective depth and ab-
lating core design choices. And we mainly want to
answer one question: Is DSE functionally equiv-
alent to increasing the model’s depth? We also
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LongPPL (32k) RULER (32k)
Model Perplexity ({) NIAH Accuracy (1) Other Tasks (1)
Book Paper Code L-CoT S MK MV MQ VT CWE FWE QA
MOoE-27B (50k, 1.63) 4.38 291 2.49 14.16 100.0 88.0 927 842 770 45 73.0 345
DSE-27B (41k, 1.66) 4.37 292 250 14.26 99.6 883 93.0 89.5 83.2 3.8 99.6 44.0
DSE-27B (46k, 1.63) 4.19 2.84 245 1359 97.6 89.0 955 97.0 872 43 98.6 37.5
DSE-27B (50k, 1.62) 414 282 244 1341 993 893 96.5 97.0 89.0 59 99.3 405

Table 2: Long-context performance comparison. Parenthetical values denote the pre-training steps and the cor-
responding loss prior to the long-context extension. Two key findings: (1) With only 82% of the pre-training
FLOPs (41k vs. 50k), DSE-27B matches the baseline’s LongPPL performance while achieving significantly higher
accuracy on RULER; (2) Under both iso-pretraining-loss (46k) and iso-pretraining-FLOPs (50k) settings, DSE-27B
substantially outperforms the baseline across all metrics. Bold indicates the best and underline the second.

conduct a sensitivity analysis in Appendix G, a re-
port inference throughput in Appendix H and case
study in Appendix I. Current LLMs lack a dedi-
cated knowledge lookup primitive analogous to the
SELECT operations in relational databases; conse-
quently, they rely on computation to simulate mem-
ory recall. As illustrated in Table 5 (reproduced
from Ghandeharioun et al. (2024)), to recognize
the entity "Diana, Princess of Wales”, Vicuna-
13B (Chiang et al., 2023) must compute through
multiple layers of attention and FFNs to progres-
sively aggregate information from context tokens.
This process resolves an entity that could theoreti-
cally be identified via a simple knowledge lookup
operation.

Given this, we posit that by equipping the model
with an explicit knowledge lookup capability, DSE
effectively mimics an increase in model depth by
relieving the model of the early stages of fea-
ture composition. To validate this hypothesis,
we employ two mechanistic interpretability tools:
LogitLens (nostalgebraist, 2020; Belrose et al.,
2023) and Centered Kernel Alignment analysis
(CKA) (Kornblith et al., 2019; Davari et al., 2022).

Accelerated Prediction Convergence We first
analyze the evolution of predictions across layers
using LogitLens. By projecting each intermediate
layer’s hidden state into the final LM Head, we
compute the Kullback-Leibler divergence between
the intermediate output distribution and the model’s
final output distribution. This metric quantifies how
close a latent representation is to being “prediction-
ready” (Csordas et al., 2025; Belrose et al., 2023).
We evaluate this on the validation set.

Figure 3(a) reports the layer-wise KL divergence.
Compared to the MoE baseline, both DSE variants
exhibit systematically smaller KL divergence, with
the most pronounced gap appearing in the early

blocks. The steeper descent in the DSE curves in-
dicates that the model resolves ambiguity much
faster. This observation aligns with our hypothesis:
by accessing external knowledge explicitly, DSE
reduces the computational steps required for fac-
tual recall, thereby reaching high-confidence, valid
predictions earlier in the network hierarchy.

Representational Alignment To further investi-
gate whether DSE layers semantically correspond
to deeper layers of the baseline, we employ Cen-
tered Kernel Alignment (CKA), a widely estab-
lished metric for comparing representational struc-
tures. Given two sets of representations X and Y
(e.g., activations from different models or layers),
CKA is defined as:
HSIC(K, L)

CKA(K,L) = 8
KA(K, D) V/HSIC(K, K)HSIC(L, L) ®

where K = XX" and L = YYT denote the
Gram matrices (using a linear kernel) and HSIC is
Hilbert-Schmidt Independence Criterion (Gretton
et al., 2005). We employ a minibatch implementa-
tion with an unbiased estimator of HSIC (Davari
et al., 2022) and evaluate on the Few-NERD
dataset (Ding et al., 2021), extracting hidden states
corresponding to the final token of named entities.

To rigorously quantify the layer-wise correspon-
dence, we first compute the pairwise CKA similar-
ity matrix S € [0, 1]FmeeXLose - We then introduce
a soft alignment index a;, defined as the weighted
centroid of the top-k most similar MoE layers for
each DSE layer j:

Ziezj Sij i
Ziezj Si,.?'

a; =

, where Z; = argtopk(Si,;).  (9)

Here, S; ; denotes the similarity score between
MoE layer 7 and DSE layer j. The index a; serves
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(a) Layer-wise KL Divergence by LogitLens (b) CKA map: DSE-27B vs MoE-27B
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Figure 3: Layer-wise representational analysis of MoE and DSE models. (a) Layer-wise KL Divergence computed
by LogitLens (nostalgebraist, 2020). The DSE models consistently exhibit lower KL divergence compared to the
MOoE baseline, especially in the early layers. (b-c) Similarity heatmap computed by CKA (Kornblith et al., 2019).
Notably, the high-similarity regions deviate from the diagonal, showing a distinct upward shift.

as a robust proxy for the “effective MoE depth” cor-
responding to DSE layer j, utilizing top-k filtering
(with k£ = 5) to mitigate low-similarity noise.

Figures 3 (b)-(c) visualize the similarity
heatmaps overlayed with the soft alignment curve
(dashed white line). We observe a distinct upward
shift from the diagonal, meaning that a; > j for
a wide range of layers. For instance, the represen-
tations formed at layer 5 of DSE-27B align most
closely with those at approximately layer 12 of the
MOoE baseline.

This consistent off-diagonal structure indicates
that DSE effectively compresses the representa-
tional progression of the baseline. Combined with
the LogitLens findings, these results substantiate
our central claim: DSE is functionally equivalent
to increasing effective depth. The explicit lookup
mechanism shifts the model into later-stage repre-
sentations earlier, relieving the early transformer
blocks from the burden of “rediscovering” knowl-
edge from scratch.

7 Related Work

Mixture-of-Experts. MoE architectures decou-
ple model capacity from computational cost by
conditionally activating a sparse subset of experts
per token (Shazeer et al., 2017). Subsequent inno-
vations (Lepikhin et al., 2020; Lewis et al., 2021;
Fedus et al., 2022; Du et al., 2022) enabled super-
linear parameter scaling while maintaining con-
stant inference costs. More recently, DeepSeek-
MOoE (Dai et al., 2024) demonstrated superior ef-
ficiency. Adopting this architecture, recent mod-
els (Liu et al., 2024; Team et al., 2025) have further
pushed total parameters to an extremely large scale.

Embedding Scaling. Recent studies explore scal-
ing the embedding layer as a compute-efficient al-
ternative to deepening the network architecture,
capitalizing on the low computational cost of
lookup operations. Notable examples include
Per-Layer Embeddings (Team, 2025) and Deep-
Embed (RWKYV Team, 2025). Furthermore, ap-
proaches like OTT (Huang et al., 2025) and
BLT (Pagnoni et al., 2025) demonstrate substantial
improvements in language modeling by scaling the
input vocabulary with hash embeddings (Tito Sven-
strup et al., 2017). Similarly, SCONE (Yu et al.,
2025) extends model capacity by employing an
auxiliary model to pre-compute billions of frequent
n-gram embeddings which are offloaded to off-chip
storage during inference, enabling massive param-
eter scaling with negligible overhead.

8 Conclusion

We propose Deep Sparse Embedding (DSE), a con-
ditional memory module that retrieves hashed N-
gram embeddings with constant-time lookup. Spar-
sity allocation reveals a U-shaped trade-off: shift-
ing parameters from experts to DSE improves ef-
ficiency. A 27B DSE model outperforms matched
MoE baselines across knowledge, reasoning, code,
math, and long-context tasks. Also, its determin-
istic hashing enables deployment-friendly host of-
floading.

Limitations

While Deep Sparse Embedding (DSE) improves
parameter efficiency by introducing a hashed N-
gram lookup primitive, it also comes with several
limitations.

(1) Our experiments are conducted with a spe-
cific backbone design and optimization recipe. The

4975



optimal sparsity allocation ratio and the magnitude
of gains may vary with different expert-routing
strategies, attention variants, depth/width scaling,
training data mixtures, or token budgets;

(2) We also primarily study pre-training and
long-context extension; results in post-training sce-
nario (SFT and RL) remain underexplored.
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Appendices

A Detailed Model Architecture and
Hyper Parameters

¢ Dense-4B serves as the dense baseline. It
utilizes the backbone architecture described
above, incorporating a standard dense FFN
into every block.

* MoE-27B replaces the standard dense FFN
with a DeepSeekMoE module (Dai et al.,
2024). Configured with 72 routed experts and
2 shared experts (activating the top-k = 6
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routed experts per token), this model scales to
26.7B total parameters while maintaining the
same activated parameters as Dense-4B.

DSE-27B adopts the overall design of MoE-
27B but reduces the number of routed experts
from 72 to 55 and assigns the freed param-
eter budget to a 5.7B-parameter DSE mod-
ule, keeping the total model size constant at
26.7B. For the DSE module configuration, we
set the maximum N-gram size to 3, the num-
ber of heads to 8, and the dimension to 1280.
Regarding optimization, the DSE embedding
parameters utilize a learning rate scaled by
5x relative to the global learning rate and are
optimized using Adam (Kingma, 2014) with
zero weight decay. Additionally, the DSE con-
volution parameters are initialized to zero to
ensure an initial identity mapping.

DSE-40B retains the same setting as DSE-
27B, but scales sparse embedding module to
18.5B parameters (totaling 39.5B parameters)
to investigate scaling behavior.


https://arxiv.org/abs/2512.24880
https://arxiv.org/abs/2512.24880
https://arxiv.org/abs/2409.19606

Dense-4B  MOoE-27B DSE-27B  DSE-40B

Total Params 4.1B 26.7B 26.7B 39.5B
Active Params 3.8B

Total Tokens 262B

Layers 30

Dimension 2560

Leading Dense Layers 1 1 1
Routed Experts 72 55 55
Active Experts 6 6 6
Shared Experts 2 2 2
Attention module MLA (DeepSeek-Al et al., 2024)
RoPE 6 10000

mHC Expansion Rate 4

Sequence Length 4096

Vocab Size 129280

Batch Size 1280

Training Steps 50000

Optimizer Muon (Jordan et al., 2024)

Base Learning Rate 4e-4

Lr Scheduler Step Decay (Bi et al., 2024)

Weight Decay 0.1

DSE Dim - 1280 1280
DSE Vocab Size - 2262400 7239680
DSE Num Head - 8 8
DSE Layer - [2,15] [2,15]
DSE N-gram - [2,3] [2,3]
DSE combine mHC - True True
DSE tokenizer compression - True True
DSE Conv Zero Init - True True
DSE Lr Multipler - x5 x5
DSE Weight Decay - 0.0 0.0

DSE Optimizer (Embed. only)

- Adam (Kingma, 2014)

Table 3: Detailed model architecture information and training hyper parameters.
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B Full Benchmark Curves * Knowledge&Reasoning:

MMLU (Hendrycks et al., 2020), MMLU-
Redux (Gema et al., 2025), MMLU-
Pro (Wang et al.,, 2024), CMMLU (Li
et al., 2024), C-Eval (Huang et al., 2023),
AGIEval (Zhong et al., 2024), ARC-
Easy/Challenge (Clark et al.,, 2018),
TriviaQA (Joshi et al., 2017), TriviaQA-ZH
(internal), PopQA (Mallen et al., 2023),
CCPM (Li et al., 2021), BBH (Suzgun
et al., 2023), HellaSwag (Zellers et al.,
2019), PIQA (Bisk et al., 2020), and
WinoGrande (Sakaguchi et al., 2021).

Reading Comprehension: DROP (Dua et al.,
2019), RACE (Middle/High) (Lai et al., 2017),
and C3 (Sun et al., 2020).

¢ Code & Math: HumanEval (Chen et al.,
2021), MBPP (Austin et al., 2021), Crux-
Eval (Gu et al., 2024), GSM8K (Cobbe
et al., 2021), MGSM (Shi et al., 2022), and
MATH (Hendrycks et al., 2021).

* Language Modeling: We report loss on the
test set of The Pile (Gao et al., 2020) and an
internal validation set drawn from the same
distribution as the training data.
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Figure 4: Benchmark curves comparing MoE-27B and DSE-27B over the last 10k training steps.

42k 46k 50k

RACE-High
0.780
0.765

~
~—~—=
0.750 i
/,/

0.735 -7

4982

0.300

0.285

0.270

0.255

0.885

0.870

0.855

0.840

0.195

0.190

0.185

0.735

0.720

0.705

0.825

0.810

0.795

0.780

0.344

0.336

0.328

MMLU-PRO




C Case Study of Tokenizer Compression
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Merge Normalized

Rank Count Token Original Tokens
1 163 L AN SOV, LAY oL U SN | AN LRSI PUAY ; R
2 54 Va’ VA’,YaV”Ha”7HA7, )é?7 75’,757”37,...
3 40 70’ ’0?, YOJ’YHOY,Y !’70)’?67’ ’6?’ 16”
4 35 e’ E’, e’ e’ 780,787,778, 78, L.
5 30 i’ SO RO SO SO RS NS N S

Table 4: Top-5 merged tokens by Tokenizer Compression. Overall compression ratio: 76.57% for our 128k tokenizer.
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D Case Study of Gating Mechanism
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Figure 5: Visualization of DSE gate activations of a Chinese news report.

'../ profile /profile .component ';u { Pres cription Component '../ pres cription /p
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Figure 6: Visualization of DSE gate activations on a representative code snippet.
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12, 1509 -152 8 ; ([(IRDZCHENGHN  EDOGEERBEDABED 116 2 . The [Tnternet [ffJ ships
nn oS ), by integrating advanced technologies , such as the Internet ,» cloud ' and artificial
, aims to interconnectm communicate various physical devices related to maritime transportation ,

including shipsu portsu traffic infrastructure , and warehouses . This integration is to optimize

transportation decision making , reduce costsa enhance efficiencyu improve safetyu and promote environmental
sustainability . Traditional I oS adopts a cloud—based data processing m model , whichu due to

its centralized m remotely deployed nature , often places computing nodes far from the data collection m service
This setup struggles to meet| - high real m Tlow requirements of intelligent
Edge , by decentral izing computing

aam resources to the I oS , enables more responsive handling of device requests .

and privacy protection in

demand points .

ships , traffic organization , remote control , and other applications .

It addresses critical requirements , such as intelligent access , real | <li- communication ,

the I oS environment , facilitating intelligenta green communicationT efficient data processing , and timely service
I oS and the relevant concepts of edge are introduced

The edge enabling I oS ( EC -I oS ) architecture and the core technologies driving EC -I oS development

In article , the current

responses .

are systematically discussed . Emerging applicationsm the case studies of EC -I oS , including intelligent ships

CEERESciie  autonomy  levels ,  intelligent | deliiaciaio , smart ports , and warehouses , are summarized .

challenges m opportunities in open environments , maritime data management , system security , and

Finally ,

Figure 7: Visualization of DSE gate activations of a scientific paper.

E Entity Resolution Example

Table

Ghandeharioun et al. (2024).

5: Entity resolution example reproduced from
This table illustrates

the progressive integration of context tokens for:
"Diana, Princess of Wales".

Layer Generation Explanation
1-2 : Country in the United King- Wales
dom
: Country in Europe Wales
4 Title held by female Princess of
sovereigns in their own right Wales (un-
or by queens consort spec.)
5 Title given to the wife of Princess of
the Prince of Wales (and later Wales (un-
King) spec.)
6 Diana, Princess of Wales Diana,
(1961-1997), the first wife of  Princess of
Prince Charles, who was fa- Wales

mous for her beauty
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F System Design

4 4
o ,@ﬁ ( \ ﬁ
A Transformer Block
MoE MoE with DSE
A A
— —9
Attention Attention
N NS Offloaded DSE
—>D —>D (SSD, DRAM)
4 <-_ B . A 1
DSE 1 Anzan 1 DSE Transformer Block
e--17 Tr !
y H
— 1 1
— Vocab Embedding '
N — E
On Device On Host 5
Computation Communication
Input IDs Input IDs
(a) DSE at training (b) DSE at inference

Figure 8: System implementation of DSE. (a) Training Phase: The massive embedding tables are sharded across
available GPUs. An All-to-All communication primitive is employed to retrieve active embedding rows across
devices. (b) Inference Phase: DSE tables are offloaded to host memory. By exploiting the deterministic retrieval
logic, the host asynchronously prefetches and transfers embeddings, overlapping communication with the on-device
computation of preceding Transformer blocks.
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G Sensitivity Analysis: Impact of DSE
Module Ablation

Kool ledge

H e

weoo
5
,a

76%
5% 2%

> R Nl > > & =
Qv\” @.z. & & & & @V & c‘* e e‘ & e° " & Q\v'
& « p”"’ &

A R

Figure 9: Retained performance under the DSE-
DISABLED setting, where the sparse embedding output
is completely suppressed.

Methodology and Caveat. To characterize the
functional contribution of DSE, we evaluate the
model (DSE-27B) under two intervention settings
that override the learned gating mechanism while
keeping the backbone unchanged. We report re-
tained performance relative to the full model (Fig-
ures 9—-10). Crucially, overriding a trained compo-
nent induces a training—inference inconsistency, po-
tentially introducing noise in complex tasks. Con-
sequently, we prioritize the analysis of the two ex-
tremes of the sensitivity spectrum—Factual Knowl-
edge and Reading Comprehension—which exhibit
the highest signal-to-noise ratio under these stress
tests.

DSE-DISABLED In this setting, we force the
gate values to zero, effectively discarding the DSE
signal (Figure 9). We observe a sharp functional
dichotomy. Factual knowledge benchmarks suffer
a catastrophic collapse, retaining only ~29-44% of
the original performance (e.g., TriviaQA at 29%).
This confirms that DSE acts as the primary reposi-
tory for parametric knowledge. In contrast, reading
comprehension tasks are comparatively resilient,
retaining ~81-93% (e.g., C3 at 93%), suggesting
that context-grounded tasks rely primarily on the
backbone’s attention mechanism.

DSE-FORCED We next consider the opposite
extreme: bypassing the gating mechanism to force
DSE injection at full strength (Figure 10). This
yields an asymmetric trade-off relative to DSE-
DI1SABLED. Factual knowledge substantially recov-
ers (e.g., TriviaQA improves from 29% to 60%),
suggesting that “always-on” retrieval facilitates fact
recall. However, reading comprehension degrades
sharply (e.g., C3 drops from 93% to 56%), imply-
ing that unconditional injection actively interferes

with in-context signal.

This trade-off highlights the structural necessity
of the gating mechanism. Because the DSE module
operates via static routing on hash IDs, it is inher-
ently context-agnostic and prone to hash collisions.
The DSE-FORCED experiment demonstrates that
unfiltered injection of such static signals introduces
noise that disrupts precise reasoning. Consequently,
contextualized gating is a critical design element
that significantly enhances the module’s expressiv-
ity. By leveraging the backbone’s context-aware
state to dynamically filter collision-induced noise,
it effectively transforms a rigid, static lookup into
a precise, context-dependent retrieval mechanism.

oning £ Algorithnic Reasoning

nsion 1 Knowledge-Intensive Reas
R = Code ual Knowle dq

Figure 10: Retained performance under the DSE-
FORCED setting, where the sparse embedding output is
fully injected.

H System Efficiency and Inference
Latency

A pivotal system advantage of DSE over routing-
based MoE is that its sparse activations are ad-
dressed by explicit, static hash IDs. This yields a
strictly deterministic memory access pattern: in-
dices for the next DSE lookup are fixed once
the token sequence is known and can be com-
puted before the corresponding layer executes.
This property naturally facilitates communication—
computation overlap. Concretely, the runtime can
asynchronously stage required embedding vectors
from host memory into GPU HBM while the GPU
is occupied with dense attention and MLP kernels
in preceding layers, effectively masking the host—
device transfer latency.

Experimental Setup. We implemented an infer-
ence harness based on nano-vLLM?—a stream-
lined prototype of the industry-standard vLLM en-
gine (Kwon et al., 2023). To obtain a clean latency
baseline without the confounding communication
patterns of expert dispatch, we benchmark on two
dense backbones (Dense-4B and Dense-8B). We

Zhttps://github.com/GeeeekExplorer/nano-vllm
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insert a massive 100B-parameter DSE layer into
the second Transformer block, with the entire em-
bedding table resident in host DRAM. During in-
ference, the system prefetches embeddings for the
DSE layer asynchronously, overlapping the PCle
transfer with the computation of the first block.

Table 6: End-to-end Inference Throughput. We measure
inference throughput with a 100B-parameter DSE layer
offloaded to host memory.

Experimental Setup

Hardware NVIDIA H800

Workload 512 Sequences

Sequence Length Uniform(100, 1024)
Throughput Results

Base Model Config. Thr. (tok/s)
Baseline 9,031.62

4B-Dense100B DSE 8,858.28
Baseline 6,315.52

8B-Dense 0B DSE 6,140.02

Results. As detailed in Table 6, offloading a

100B-parameter embedding table incurs a negligi-
ble throughput penalty: only 1.9% on the 4B back-
bone and 2.8% on the 8B backbone. This confirms
that the compute intensity of early dense blocks
provides a sufficient temporal window to mask the
retrieval latency. Crucially, the effective commu-
nication volume per step scales with the number
of activated slots rather than the total embedding
table size.

Crucially, these results represent a lower bound
derived from a naive implementation that ignores
request locality. Given the Zipfian nature of N-
gram frequencies (Piantadosi, 2014; Chao and Zipf,
1950), this distribution naturally motivates a Multi-
Level Cache Hierarchy that stratifies storage across
GPU HBM, CPU DRAM, and even NVMe SSDs
based on access frequency. We hypothesize that
such infrastructure-aware optimization would ef-
fectively mask retrieval latency, rendering massive
memory capacities practical with minimal over-
head.

I Case Study: Analysis on DSE Gating
Mechanism

What Does DSE Attend To? One of the core
design elements of DSE is the contextualized gate,
which regulates the information flow into the Trans-
former’s attention module. While the previous sec-
tion detailed the general function of the DSE signal,

this section examines the subtle nuances of its be-
havior within specific contexts. To this end, we
run model inference on randomly selected Internet
data as granular case studies to visualize and ana-
lyze the gating values assigned to individual tokens.
To ensure the robustness and generalizability of
our analysis, we curate hundreds of samples span-
ning diverse knowledge domains, linguistic styles,
and languages—including news articles, broadcast
transcripts, scientific papers, and open-source code.
More examples can be found in Appendix D.

DSE-27B utilizes mHC (Xie et al., 2025), where
each of the four propagation paths is equipped with
a standalone DSE module. For simplicity, we ag-
gregate the values across all paths and utilize the
maximum activation value as the indicator of DSE
module strength. As demonstrated in Figure 11,
the DSE module distinctively selects tokens for
contextualized modeling. The gate activation val-
ues exhibit high sparsity and semantic sensitivity.
Specifically, we employ both bigram and trigram
hash mapping functions, whereby information is
aggregated at the terminal token of each n-gram.
This aggregation is empirically reflected by sig-
nificantly higher gate values at these positions, as
illustrated in the figure.

Our empirical analysis reveals that the DSE gat-
ing mechanism functions as a contextualized se-
mantic saliency filter. It prioritizes four distinct cat-
egories: (1) high-entropy, informational-dense en-
tities ("piston rings’, *Corolla’, Pontiac Sunbird’),
(2) precise numerical constraints (1,000 miles’,
’55 mph’), (3) structural anchors ("and’, ’Because’),
(4) common phrases ("Take your chances’, nose-
hair’s worth of”).
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" hreak for a new car really important ? My new Cor's manual says that for
't drive speeds , etc . What m will happen if I ignore these recommendations ? -- Michael «a RAY : Actuauyn we can 't say

what | ;i85 happen to your car if you don 't break in properly , but Im theory . The pistun don 't
fit the cylinders absolutely perfectly when the car comes[ off]m. Why n thei spaces} the two are tens “
a inch . So the break is supposed tnm a@ you drive gentlym allow the rings to " seat ,"

perfectly to the shapes of the cylinder.u.- TOM :

il ,‘ miles I can 't drive 55m, can

or mold themselves

If the rings don 't seat well during break 208 , the theory that your car will burn
laterm, because the poorly seated rings will eventually let oil sneak by and get into the cylinders . Is 7 Veahn probably .
's less true than mm be} «ee RAY @ Manufacturing technology has improved\fsoi much overm that the rings ( and other engine
parts ) come [ﬁ]m fitting pretty mm well .
m. Somu , a break might have made the between your engine lasting ). , or 70 , 000

miles , now it might make the between your engine lasting 100’000 and 200’000 miles .«e TOM : can ma the n
n miles and take your. Dr can shownmn's worth | of restraint and have a for them 199’000. Vour.

Dear m tee I havea 1989 Pont m with 38’500 miles . Am ago , mym forgnt put the m over

them under mm About I was going?wly through a neighborhood and noticed smoke mm
m. I phon ed my husband and he camem put the back on , wiped offm surrounding area with am, and filled the
The car ran fine after..«a Three | days later , after I came ma and the

who insisted on putting a on my car so his car could pull the car home , with

3 e E D DD
but the car stillm't

He insists this has [[nothing (K0T with

Although

And over transmissions further reduce the by allowing engines to turn slowly

30 miles |later ,

car back up with oil . 50 more miles  f driving ,

car went. No! I phon ed my husband ,
me in thea seat . I was against, but he insisted .

on the part of the wheel .aw After\: severalm of work ,

He says the gas filter is dry .

" tow rope "

The [E¥ rope became tangledm in onem the

and damaged a " boot " my husband replaced the boot ,

start . My husband says that no gasoline is being pumped into the engine .

Figure 11: Illustration of DSE gate values on a broadcast snippet, deeper colors indicate higher gate values. Entities,
numerical values, structural anchors and common phrases are the most common activated patterns.

J Long Context Training Details

J.1 Experimental Setup

Training Details. To enable long-context ca-
pabilities, we adopt similar context expansion
strategy introduced in DeepSeek-V3 (Liu et al.,
2024). Following the pre-training stage, we ap-
ply YaRN (Peng et al., 2023b) for context window
extension in a 32768-token context training stage
for 5,000 steps. The hyper-parameters are scale
s = 10, = 1,8 = 32 and the scaling factor
f = 0.707. To align with the token count per
batch in the pre-training phase, we scale down the
training batch size by a factor of eight. The train-
ing corpus comprises approximately 30B tokens of
high-quality, long-context data.

Model Configurations. We compare context ex-
tensions across four distinct model configurations.
We utilize the final pre-training checkpoints (50k
steps) for both MoE-27B and DSE-27B. Addition-
ally, to rigorously benchmark architectural effi-
ciency, we select two intermediate checkpoints
for DSE-27B at 41k and 46k steps. Crucially,
DSE-27B (46Kk) is selected because it exhibits the
same pre-training loss as the fully trained MoE-
27B (50k). This creates a controlled "Iso-Loss"
setting, ensuring that any performance divergence
during context extension is attributable to the ar-
chitecture (DSE vs. MoE) rather than the starting
quality of the language model.

Evaluation Benchmarks. We assess long-
context performance using LongPPL (Fang et al.)
and RULER (Hsieh et al.). For LongPPL, we
construct evaluation sets spanning four categories:
long books, research papers, code repositories,
and long chain-of-thought (CoT) trajectories. For
RULER, we evaluate on 14 subsets aggregated into
8 categories: Single (S), Multi-keys (MK), Multi-
values (MV) and Multi-queries (MQ) Needle-in-a-
Haystack; Multi-hop Variable Tracking (VT), Com-
mon Words Extraction (CWE), Frequent Words
Extraction (FWE), and Question Answering (QA).
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