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Abstract
Mixture-of-Experts (MoEs) have become a cen-
tral component of many state-of-the-art open-
source and proprietary large language models. De-
spite their widespread adoption, it remains unclear
how close existing MoE architectures are to opti-
mal for inference cost, as measured by accuracy
per floating-point operation and per parameter. In
this work, we revisit MoE design from a hardware-
software co-design perspective, grounded in em-
pirical and theoretical considerations. We char-
acterize key performance bottlenecks across di-
verse deployment regimes, spanning offline high-
throughput execution and online, latency-critical
inference. Guided by these insights, we intro-
duce LatentMoE, a new model architecture re-
sulting from systematic design exploration and
optimized for maximal accuracy per unit of com-
pute. Empirical design space exploration at scales
of up to 95B parameters and over a 1T-token train-
ing horizon, together with supporting theoretical
analysis, shows that LatentMoE consistently out-
performs standard MoE architectures in terms of
accuracy per FLOP and per parameter. Given its
strong performance, the LatentMoE architecture
has been adopted by the flagship Nemotron-3 Su-
per and Ultra models and scaled to substantially
larger regimes, including longer token horizons
and larger model sizes, as reported in (NVIDIA
et al., 2025).

1. Introduction
Transformer-based large language models underpin a wide
range of modern AI systems, from conversational agents to
code generation and scientific reasoning. As these models
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continue to scale, practical deployment is increasingly con-
strained by inference cost, encompassing both computation
and memory. As a result, a central objective in modern
model design is to maximize achievable accuracy under
fixed inference cost constraints.

Mixture-of-Experts (MoE) architectures have emerged as a
promising approach towards this goal, enabling models to
scale parameter count while keeping the number of Floating-
point Operations (FLOPs) per token fixed. Despite their
empirical success, the MoE design space remains poorly un-
derstood. Existing MoE architectures are largely motivated
by high-level sparsity arguments and optimized for offline,
throughput-oriented settings. These designs give limited
consideration to online deployments, which impose strict la-
tency, memory bandwidth, and communication constraints.

Effective MoE design must be evaluated along two com-
plementary dimensions: accuracy per FLOP and accuracy
per parameter. While accuracy per FLOP captures compu-
tational efficiency, accuracy per parameter reflects memory
footprint, memory bandwidth demands, routing-induced
communication, and sharding overheads (factors that are
often the dominant bottlenecks in interactive, low-latency
inference). Neglecting these factors can lead to architec-
tures that appear efficient in aggregate compute, yet incur
substantial inefficiencies in practical deployment.

We revisit MoE architecture design from a hard-
ware–software co-design perspective. Through a system-
atic analysis of existing MoE systems across the through-
put–latency Pareto frontier, we identify key structural bottle-
necks arising from expert parameterization, routing-induced
all-to-all communication, and memory access patterns.
Combined with detailed accuracy measurements and theo-
retical analysis, our study identifies structural inefficiencies
in prevailing MoE designs that limit achievable accuracy
per unit of inference cost.

Guided by these insights, we introduce LatentMoE, a new
mixture-of-experts architecture explicitly optimized for both
accuracy per FLOP and accuracy per parameter. Latent-
MoE decouples expert routing and computation from the
model hidden dimension by projecting incoming activations
into a shared low-dimensional latent space prior to expert
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(a) Standard MoE architecture. (b) LatentMoE architecture.

Figure 1. Standard MoE vs. LatentMoE architectures. In La-
tentMoE, tokens are projected from the model hidden dimension
d into a smaller latent dimension ℓ for expert routing and compu-
tation, which reduces routed parameter loads and all-to-all traffic
by a factor of d/ℓ. We use this efficiency to increase the total
number of experts and the top-K active experts per token by the
same factor d/ℓ, which improves the accuracy of the model while
keeping overall inference cost approximately constant.

processing (Figure 1). The latent dimension serves as a
direct control knob for computational cost, communica-
tion volume, and expert parameter size. At iso-FLOP and
iso-parameter count, projecting incoming activations into
a lower-dimensional latent space enables a proportional in-
crease in both the number of experts and the routing top-K,
while maintaining constant inference cost.

As we show both theoretically and empirically, simultane-
ously increasing expert count and combinatorial sparsity
diversity improves the effective expressivity of the model,
leading to higher achievable accuracy. Crucially, these gains
arise without increasing memory bandwidth demands or
communication overheads, making LatentMoE well suited
for both latency-critical and throughput-oriented deploy-
ments. We validate the LatentMoE concept through pretrain-
ing experiments at scales of up to 95B parameters and over
1T tokens. Across all evaluated regimes, LatentMoE consis-
tently improves upon standard MoE architectures, achieving
higher accuracy at fixed inference cost or substantially lower
inference cost at fixed accuracy.

2. LatentMoE Core Design Principles
Before delving into the specifics of LatentMoE, we first
take a systems-level view of what is required to deploy an
MoE model that is both accurate and cost-efficient. Table 1
summarizes the notation.

Throughout this section, we use Qwen3-235B-A22B as
a running example for our modeling, with N = 128
experts, K = 8 active experts per token, a hidden di-

Table 1. Notation used throughout the paper.

d Model hidden dim. texp Tokens per expert
ℓ LatentMoE latent dim. ttotal Total tokens / MoE layer
m FFN intermediate dim. α Compression ratio d/ℓ
N Total routed experts reff Intrinsic feature rank
K Active experts / token F Peak FLOP/s per GPU
S Shared experts BWNVL NVLink bandwidth
EP Expert-parallel degree BWHBM HBM bandwidth

Figure 2. Roofline Analysis for serving Qwen3-235B-A22B.
Operating points correspond to per-expert token counts texp (i.e.,
effective expert batch sizes after MoE routing), mapped to arith-
metic intensity I . At latency-critical batch sizes (low I), expert
computation is constrained by HBM bandwidth rather than com-
pute, and the operating points lie in the bandwidth-bound regime.

mension d = 4096, and an intermediate feed-forward di-
mension m = 1536. For concreteness, we consider de-
ployment on NVIDIA GB200 GPUs interconnected by a
high-bandwidth NVLink fabric, which provides approxi-
mately 1800 GB/s of bidirectional bandwidth per GPU (i.e.,
BWNVL = 900 GB/s per direction). To ensure that expert
communication remains within a single NVLink domain, ex-
perts are distributed via expert parallelism across EP = 64
GPUs. Attention layers are executed using data parallelism
over the same group of GPUs. Each GB200 GPU delivers
a peak FP4 Tensor Core throughput of F = 10 PFLOPs
and an HBM memory bandwidth of BWHBM = 8 TB/s
(NVIDIA Corporation, 2024).

2.1. Memory Bandwidth Bottleneck

In highly interactive (i.e., low-latency) settings that typi-
cally use small batch sizes, MoE computation is primarily
bottlenecked by memory bandwidth. Figure 2 provides a
high-level roof-line analysis of performance versus arith-
metic intensity.

For GB200, a computation becomes compute-bound only if
its arithmetic intensity (i.e., FLOPs per byte) exceeds:

F

BWHBM
=

10× 1015

8× 1012
= 1250 FLOPs/byte.
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Let ttotal be the total number of tokens across the EP GPUs
prior to MoE routing. Assuming a uniform distribution of
tokens across experts, the number of tokens assigned to
a single expert is: texp := ttotal·K

N . In the Qwen3-235B-
A22B example, with N = 128 and EP = 64, each GPU
hosts N/EP = 2 experts; thus each GPU processes approx-
imately 2 · texp expert tokens per MoE layer.

The FP4 compute cost for a single matrix multiplication
within an expert (i.e., either FC1 or FC2) is Cexp = 2 ·
texp · d ·m, and the corresponding memory traffic in FP4
precision—accounting for weights, inputs, and outputs—is
given by Mexp = 0.5625 · [d ·m+ texp · (d+m)] bytes,
where 0.5625 bytes/element reflects the 4-bit value (0.5 B)
plus an FP8 microblock scale shared across 16 elements
(0.0625 B/element). Since the GEMMs across both local
experts share approximately the same shape, the per-GPU
arithmetic intensity I matches that of a single GEMM:

I =
Cexp

Mexp
=

2 · texp · d ·m
0.5625 · [d ·m+ texp · (d+m)]

.

To operate in the compute-bound regime, we require I ≥
1250. Substituting the Qwen3-235B-A22B parameters
yields the threshold texp ≥ 514. In typical latency-critical
deployments, effective batch sizes are well below 100
tokens—comfortably below the threshold of 514. Conse-
quently, MoE experts operate in the memory-bound region
of the roofline curve (Figure 2), where performance is lim-
ited by weight loading rather than compute capacity.

Design Principle I: In low-latency serving scenarios,
MoE inference is typically dominated by the memory-
bandwidth cost of loading model weights. Consequently,
maximizing accuracy per parameter is critical for applica-
tions with high interactivity requirements.

2.2. Communication Bottleneck

In throughput-oriented settings, once experts become
compute-bound, communication emerges as a significant
contributor to end-to-end execution time in distributed set-
tings. Expert parallelism mandates all-to-all token routing
across devices, imposing an overhead that can dominate end-
to-end execution time. Recall that in our example configura-
tion, each GPU hosts two experts, so each GPU processes a
total of 2texp tokens across its local experts per MoE layer.

Assuming a uniform distribution of tokens, the all-to-all
communication volume per GPU per MoE layer is given by:

Mcomm = 2.5625 ·
(

N

EP
· texp · d

)
= 5.125 · texp · d.

Here, the factor 2.5625 accounts for the mixed-precision
traffic (0.5625 bytes for FP4 dispatch including the mi-
croblock scale, 2 bytes for BF16 aggregation). On the com-

pute side, the per-layer FLOP count across both matmuls
(FC1 and FC2) of the two local experts is:

Ccomp = 4 ·
(

N

EP
· texp · d ·m

)
= 8 · texp · d ·m,

where the factor 4 combines 2 FLOPs/MAC with 2 matmuls
per expert (FC1 and FC2). The corresponding compute
time is tcomp =

Ccomp

F =
8·texp·d·m

F . Similarly, the all-to-all
communication time is: tcomm = Mcomm

BWNVL
=

5.125·texp·d
BWNVL

.
Consequently, the ratio of communication time to compute
time is:

tcomm

tcomp
=

5.125 · texp · d/BWNVL

8 · texp · d ·m/F
=

5.125 · F
8 ·m · BWNVL

.

Substituting the parameters for the GB200 NVL72 and
Qwen3-235B-A22B yields a ratio of approximately 4.6.
This indicates that in the throughput-oriented regime, MoE
layers are dominated by all-to-all communication overhead.

Design Principle II: Improving performance in
throughput-oriented MoE deployments requires minimizing
the data volume of all-to-all operations. This volume:

Mcomm ∝ N

EP
· texp · d =

ttotal ·K · d
EP

.

Consequently, communication overhead can be mitigated
by reducing the routed hidden dimension d or the number
of active experts K. Note that modifying the intermediate
dimension m does not affect the token size and thus yields
no direct improvement.

2.3. Model Quality

Beyond optimizing inference speed, preserving model qual-
ity is paramount. To this end, we draw on theoretical insights
into neural network expressivity and combinatorial spar-
sity. Classical results on Barron functions (Barron, 1993)
state that a one-hidden-layer network with u nonlinear units
achieves a mean-squared error of O(1/u), independent of
the input dimension d. In an MoE layer, this effective non-
linear budget per token is proportional to the total width
of the selected experts, Ueff ∝ K · m. This implies that
reducing the active experts K or the intermediate dimension
m directly penalizes the effective capacity (Ueff ), risking
model quality degradation.

Design Principle III: Maintaining model quality requires
preserving the effective nonlinear budget, K · m. Conse-
quently, to alleviate memory and communication bottle-
necks without sacrificing model quality, we should keep
both the number of active experts and the intermediate di-
mension unchanged.

Every inference task is characterized by an intrinsic fea-
ture rank, reff , corresponding to the minimum number of
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degrees of freedom required to preserve task-relevant in-
formation. Reducing the hidden dimension d below this
threshold necessarily discards such information, leading to
accuracy degradation. Thus, reff serves as a task-dependent
lower bound on d.

Design Principle IV: There exists a task-specific feature
rank reff that imposes a lower limit on the reduction of d.
Reducing d below this limit precipitates a model collapse.

Additionally, the MoE architecture benefits from combina-
torial sparsity, offering

(
N
K

)
possible expert combinations

per token (Dai et al., 2024). Increasing the total number of
experts N expands this specialization space. Furthermore,
scaling both N and K by a factor α exponentially increases
the diversity of expert mixtures:(

αN

αK

)
≥

((
N

K

))α

.

Design Principle V: Scaling both the number of experts
N and top-K per token enhances model quality by expo-
nentially expanding the space of expert combinations.

Putting it all together. Design Principles I and II indi-
cate that improving inference speed requires reducing both
memory bandwidth and communication costs. Memory
bandwidth cost scales with d and m, while communication
cost scales with K and d. However, Principle III cautions
against reducing either K or m, as doing so would likely
degrade model quality. This leaves d as the most promis-
ing dimension to reduce, enabling performance improve-
ments in both throughput- and latency-oriented regimes
without significant loss in accuracy. Principle IV further
establishes a lower bound, (reff ), on d to prevent quality
collapse. Moreover, Principle V suggests that increasing N
and K improves model quality. Since memory bandwidth
and communication costs scale linearly with K, we can
simultaneously increase K by a factor α and reduce d by
the same factor α (provided d/α ≥ reff ). We hypothesize,
and empirically validate in subsequent sections, that this
transformation (also depicted in Figure 1b) preserves mem-
ory bandwidth and communication costs while improving
network expressivity and combinatorial sparsity, yielding
higher accuracy per FLOP and per parameter.

3. LatentMoE Architecture
Guided by the design principles outlined in Section 2, we
introduce LatentMoE, a new MoE architecture designed for
efficient scaling. LatentMoE first projects each input token
x ∈ Rd into a lower-dimensional latent space Rℓ using a
learnable down-projection matrix W↓ ∈ Rℓ×d. The com-
pressed representation is then routed to the selected experts.
Each expert Ei(·; ℓ) operates entirely within the latent space

and is parameterized by weights W (i)
FC1,W

(i)
gate ∈ Rm×ℓ and

W
(i)
FC2 ∈ Rℓ×m. After expert computation, the outputs are

aggregated and projected back to the original input dimen-
sion using a learnable up-projection matrix W↑ ∈ Rd×ℓ.

Since we compress only the input dimension d to ℓ while
keeping the intermediate dimension m constant, the effec-
tive nonlinear budget Ueff remains unchanged. While De-
sign Principle III suggests this should theoretically preserve
accuracy, in practice, larger models are often easier to train
and more robust to hyperparameter variations (Frankle &
Carbin, 2019; Novak et al., 2018; Taylor et al., 2021). To
avoid extensive hyperparameter tuning for the compressed
model, we leverage Design Principle V by scaling the total
number of experts N by a factor α, thereby expanding the
combinatorial specialization space. Crucially, since neither
the memory bandwidth cost (in latency-oriented scenarios)
nor the communication cost (in throughput-oriented scenar-
ios) depends on N , this scaling adheres to Design Principles
I and II, incurring no additional inference overhead. We
refer to this modification as ℓ-MoEeff , defined as follows:

ℓ-MoEeff(x) := W↑ ·

 ∑
i∈TK,N′

p′i Ei(W↓ · x; ℓ)


+

N ′+S∑
j=N ′+1

Ej(x; d).

(1)

Here, N ′ = α·N denotes the expanded set of routed experts.
The routed experts Ei(·; ℓ) operate in the latent space and
the shared experts Ej(·; d) in the original space. The routing
weights p′ = Softmax(W ′

r · x) are computed from token
x ∈ Rd via a learnable matrix W ′

r ∈ RN ′×d, and TK,N ′

denotes the top-K experts (out of N ′) selected by rout-
ing score. For simplicity, all operations outside the routed
experts—including the MoE routing and shared experts—
continue to operate in the original hidden dimension d, as
they do not significantly contribute to the memory and com-
munication bottlenecks.

Following the down-projection W↓, token dispatch and ag-
gregation occur in the latent space Rℓ. This reduces the
communication volume by a factor of α relative to a stan-
dard MoE. Similarly, because the expert weights lie in the
latent space (Rm×ℓ and Rℓ×m), the memory bandwidth cost
for weight loading is also reduced by a factor of α.

Design Principle V further suggests that scaling both N and
K by a factor α exponentially increases expert diversity,
thereby enhancing model quality. Following this principle,
the default LatentMoE configuration (a.k.a., ℓ-MoEacc) is
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Table 2. Comparison of asymptotic communication and memory
bandwidth costs per GPU. Costs are normalized by hardware con-
stants. Arrows indicate improvement (↑), maintenance (→), or
baseline (–).

Architecture Communication
Cost

Weight Loading
Memory Cost

per Expert

Model
Accuracy

Inference
Efficiency

Standard MoE (N/EP) · texp · d d ·m – –

ℓ-MoEeff (N/EP) · texp · ℓ ℓ ·m → ↑

ℓ-MoEacc (recommended) (N/EP) · texp · d d ·m ↑ →

defined as follows:

ℓ-MoEacc(x) := W↑ ·

 ∑
i∈TK′,N′

p′i Ei(W↓ · x; ℓ)


+

N ′+S∑
j=N ′+1

Ej(x; d),

(2)

where K ′ = α ·K. This formulation differs from ℓ-MoEeff

solely in the number of active experts, utilizing the top-K ′

selection function TK′,N ′ .

Since K is increased by α = d/ℓ, this variant keeps commu-
nication and memory bandwidth costs constant relative to a
standard MoE. The increased expert diversity and per-token
nonlinearity budget, however, yield superior accuracy at
iso-inference cost, pushing the Pareto frontier to a new level.
Table 2 summarizes the costs and benefits of ℓ-MoEeff and
ℓ-MoEacc. For completeness, we evaluate both setups in
Section 4.

4. Evaluation
In this section, we conduct a thorough design space explo-
ration to verify the effectiveness of the proposed LatentMoE
architecture. We start by pretraining Transformer MoE mod-
els at two different scales: (1) 16B total parameters with 2B
active, which we use for conducting ablation studies, and
(2) 95B total parameters with 8B active, which we use as
a scaling test of the 16B results. To demonstrate the gen-
eralizability of LatentMoE, we further extend our study by
training hybrid Mamba-Attention MoE models at scale.

We use the architecture and hyperparameters from
DeepSeek-v2-lite (DeepSeek-AI et al., 2024) for our 2B ac-
tive model ablations. For the 8B active Transformer model,
we use a cosine learning rate schedule with a max learning
rate of 1.2× 10−3 decayed to a minimum of 3× 10−6. The
8B active Hybrid model is trained with a WSD schedule
with a max learning rate of 8× 10−4 decayed to 8× 10−6

in the last 15% of training. Both the 8B active Transformer
and hybrid models are trained with a sequence length of
8192, a batch size of 768 (≈ 6M tokens), and a learning rate
warmup of 8.4B tokens. The 8B active models use a load
balancing loss coefficient of 10−4 along with DeepSeek’s

Table 3. Architectural specifications of the baseline models used
for design space exploration. For the Hybrid model’s Mamba
layers, we use Mamba-2 blocks with 128 heads, 64 head dimension,
128 state dimension, and 8 groups.

Configuration 16BT-2BA 95BT-8BA Hybrid-73BT-8BA

Layers (L) 27 32 52 (24 Mamba/MoE, 4 Attn.)
Hidden Dimension (d) 2048 4096 4096
Total Routed Experts (N ) 64 128 128
Active Experts (K) 6 6 6
Shared Experts (S) 2 2 2
Intermediate FFN Dimension (m) 1408 2688 2688
Activation Function SwiGLU Squared-ReLU Squared-ReLU
Attention Heads 16 32 32
Query Groups (GQA) 16 8 8

Total Parameters 16B 95B 73B
Active Parameters 2B 8B 8B

aux-loss-free load balancing strategy (Wang et al., 2024)
to ensure balanced token load throughout training. Table 3
summarizes the model architecture under study in this paper.

4.1. LatentMoE Ablations

Impact of compression ratio. Design Principle IV (Sec-
tion 2) hypothesizes that there exists an intrinsic rank reff
such that compressing the latent dimension to ℓ ≥ reff
results in negligible information loss. To empirically vali-
date this and estimate reff , we pretrain and sweep different
compression ratios on top of the ℓ-MoEeff configuration,
holding all other hyperparameters constant.

Results in Figure 3 indicate that model quality is preserved
for compression ratios α ≤ 4. Consequently, we adopt
α = 4 for all subsequent experiments. We empirically
verified that this setting remains effective at larger scales as
well (i.e., 95B total and 8B active).

Impact of number of experts. In Section 3, we noted
that parameter reduction via compression can impede train-
ing stability. To quantify this, we pretrain the ℓ-MoEeff

LatentMoE variant of the 16B total and 2B active parameter
model with the hidden dimension d compressed by a factor
of 4, both with and without a compensatory increase in the
total number of experts, using the baseline hyperparameters.
Figure 3 shows that reducing d without scaling the expert
count leads to significant quality degradation, validating the
expert scaling strategy employed by LatentMoE.

Comparison between the two variants of LatentMoE.
In Section 3, we introduced two LatentMoE variants:
ℓ-MoEeff , designed to improve inference efficiency while
maintaining baseline accuracy, and ℓ-MoEacc, designed to
enhance accuracy at a comparable inference cost. Figure 3
compares the validation loss of these configurations against
the baseline for the 16B total and 2B active parameter
model using a latent dimension of ℓ = 512 (α = 4).
Consistent with our expectations, ℓ-MoEeff matches the
baseline accuracy, whereas ℓ-MoEacc achieves a noticeably
lower validation loss. We recommend ℓ-MoEacc for
Pareto-optimal accuracy versus inference cost.
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Figure 3. LatentMoE ablations on the 16BT-2BA model. Left: Sweeping the compression ratio α = d/ℓ under the ℓ-MoEeff

configuration shows model quality is preserved up to α = 4. Middle: Under 4× compression, proportionally scaling the routed expert
count (N ′ = αN ) recovers baseline training behavior, while omitting expert scaling leads to significant degradation. Right: Comparison
between the standard MoE baseline and the two LatentMoE variants at ℓ = 512. ℓ-MoEeff matches baseline convergence, while
ℓ-MoEacc achieves consistently lower validation loss at comparable inference cost.

Table 4. Accuracy comparisons of the 95BT-8BA model with and
without LatentMoE. Compared to the baseline, with equivalent
parameters, ℓ-MoEacc provides higher accuracy across all down-
stream tasks, while ℓ-MoEeff provides comparable to or better
accuracy with much fewer FLOPs.

Model Active Params Total Params MMLU Pro MMLU Code Math Commonsense

Baseline 8.47B 94.4B 29.26 58.95 40.33 64.39 74.32

ℓ-MoEacc 8.44B 94.8B 34.91 62.23 41.50 64.88 75.18
ℓ-MoEeff 5.62B 94.8B 34.75 61.06 40.68 63.61 73.72

4.2. LatentMoE Scaling Studies

Leveraging the insights from the 16B model ablations, we
train a 95B parameter Transformer using a LatentMoE con-
figuration with a 4× compression ratio. Figure 4 presents
the validation loss trajectories for ℓ-MoEeff and ℓ-MoEacc

relative to the baseline. Consistent with the 16BT-2BA
results, ℓ-MoEeff matches the baseline, while ℓ-MoEacc

demonstrates superior results. Table 4 shows the down-
stream task accuracy at the 300B token horizon. We re-
port Code as the average over HumanEval, HumanEval+,
MBPP, and MBPP+, Math as the average of GSM8K CoT
and MATH-500, and Commonsense understanding as the
average of RACE, ARC-Challenge, HellaSwag, and Wino-
grande. For simplicity, we used the same hyperparameters
optimized for the baseline Transformer for LatentMoE. Fur-
ther hyperparameter tuning might lead to better accuracy.

To further validate the effectiveness of the LatentMoE archi-
tecture, we also pretrain a series of hybrid Mamba-Attention
MoE models. Specifically, we first train a baseline 8B active
(73B total) parameter model. As described in Table 3, each
MoE layer in the hybrid architecture contains 128 experts, 6
activated experts, 2 shared experts, and uses an intermediate
FFN dimension of 2688. We use Squared-ReLU activation
and a model dimension of 4096. We then train the ℓ-MoEeff

and ℓ-MoEacc LatentMoE variants of the baseline model,

Figure 4. 95B Model Training Convergence. Validation loss
curves for the 95BT-8BA baseline, ℓ-MoEeff , and ℓ-MoEacc con-
figurations (ℓ = 1024, α = 4). ℓ-MoEeff matches baseline con-
vergence, while ℓ-MoEacc outperforms the baseline.

Table 5. Accuracy comparisons of hybrid Mamba-Attention MoEs
with and without LatentMoE. Compared to the baseline, with
equivalent parameters, ℓ-MoEacc provides higher accuracy across
all downstream tasks, while ℓ-MoEeff provides comparable or
better accuracy with much fewer FLOPs.

Model Active Params Total Params MMLU Pro MMLU Code Math Commonsense

Baseline 8.09B 72.6B 48.30 70.10 51.95 78.32 81.73

ℓ-MoEacc 8.02B 72.8B 52.87 72.11 55.14 80.19 82.10
ℓ-MoEeff 5.91B 72.8B 51.29 71.34 53.13 77.01 80.78

using a 4× compression ratio.

Results after training the above models on 1T tokens are
shown in Table 5. All models are trained with identical hy-
perparameters. As shown, the LatentMoE ℓ-MoEacc variant
achieves higher accuracy than the baseline across all tasks,
while the ℓ-MoEeff variant achieves accuracy comparable
to or better than the standard granular MoE baseline.

Overall, the LatentMoE provides a clear advantage in terms
of accuracy per FLOP and per parameter compared to stan-
dard MoEs, paving the way for higher accuracy at fixed
inference cost or lower inference cost at fixed accuracy.
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Table 6. Measured throughput (Tokens/s/GPU) for LatentMoE and
Standard MoE across different concurrencies.

Model BS=1 BS=4 BS=16 BS=64 BS=128

LatentMoE (Tokens/s/GPU) 181.6 528.5 1130.8 1569.6 1625.8
Standard MoE (Tokens/s/GPU) 206.6 509.8 1204.6 1549.3 1725.9

4.3. Inference Performance

ℓ-MoEacc is expected to achieve similar inference speed to
the standard MoE baseline while attaining higher accuracy.
Our evaluations in Section 4.2 confirmed that ℓ-MoEacc

indeed achieves higher accuracy compared to standard MoE.
Here, we evaluate ℓ-MoEacc from the perspective of infer-
ence efficiency. Table 6 presents the measured performance
of ℓ-MoEacc compared to standard MoE for the Hybrid-
73BT-8BA model (see Table 3) on two Hopper H100 GPUs
using vLLM with FP8 per-tensor quantization. We focus
our measurements on the hybrid Mamba-Attention baseline,
as it represents the most efficient inference architecture.

The measurements show that at higher concurrencies, per-
GPU throughput drops by only up to 6%. Further software
optimizations could be performed to mitigate even these
small throughput differences between LatentMoE and stan-
dard MoE. One proposed optimization is to utilize sepa-
rate CUDA streams for routed and shared experts, which
could reduce end-to-end latency when performing infer-
ence with smaller batches or when model dimensions do
not saturate the GPU’s compute. A second optimization
targets the MoE kernels from the CUTLASS library. Since
LatentMoEs decrease the size of the GEMMs for routed ex-
perts, it is important to ensure that inner dimensions remain
large enough to fully utilize the GPU and avoid SM-bound
workloads. When inner dimensions are small, specialized
smaller-matrix GEMM kernels should be used.

4.3.1. PROJECTED SERVING IMPACT AT
TRILLION-PARAMETER SCALE

Inference efficiency can be characterized as a three-
dimensional trade-off surface, with accuracy along one axis,
throughput per GPU along a second axis, and latency (user
interactivity) along the third axis. Thus far, we have dis-
cussed the accuracy of LatentMoE and presented measured
performance at the 95B-parameter scale. In the following
section, we examine a two-dimensional slice of this trade-off
at the trillion-parameter scale by projecting throughput per
GPU and latency frontiers for accuracy-matched models.

Performance evaluation methodology. We use a high-
fidelity proprietary simulator to project end-to-end serving
for a trillion-parameter model and its LatentMoE variant,
evaluating 200K operating points to estimate Pareto fron-
tiers in Figure 5. We model two traffic regimes: decode-
heavy setting modeled with chunked piggybacking and

prefill-heavy setting modeled with disaggregated serving,
selecting the serving strategy following (Mitra et al., 2025).

Effective Parameter Multiplier (EPM). We use the ef-
fective parameter multiplier to construct an iso-accuracy
baseline for inference comparisons. We benchmark the
native KIMI-K2-1T against our proposed variant, KIMI-
K2-1T-LATENTMOE. Following the “Effective Parameter
Count” framework established by (Frantar et al., 2025), we
posit that a treated model with physical parameters Ntreat

behaves like a standard dense baseline with effective pa-
rameters Neff . We assume baseline performance follows
a scaling law f(N). For a treated model achieving score
Streat, the effective capacity is obtained by inverting the
baseline scaling law:

Neff = f−1(Streat) (3)

The EPM is defined as the ratio of effective capacity to
physical parameters:

λ =
Neff

Ntreat
(4)

We use λ to construct an iso-accuracy baseline with param-
eter count Niso = λ ·Ntreat. For our evaluations, we derive
f(N) by fitting a log-linear function to the MMLU accuracy
scores of the QWEN-3-DENSE model family (0.6B, 1.7B,
4B, 8B, 14B, and 32B):

f(N) = a · logN + b (5)

where a and b are fitted parameters.

Iso-accuracy baseline construction. We estimate an Effec-
tive Parameter Multiplier of λ ≈ 1.35× for KIMI-K2-1T-
LATENTMOE. For a 1T-parameter base model, this implies
an iso-accuracy scale of Niso ≈ 1.35T, corresponding to
an increase of (1.35− 1.0)T ≈ 0.35T ≈ 350B parameters.
Guided by this target, we construct a physical iso-accuracy
baseline, denoted KIMI-K2-1.35T, by scaling the native
architecture depth from 61 to 80 layers. This construction
matches the projected effective capacity implied by Latent-
MoE and enables a direct inference-efficiency comparison
against a standard model of comparable predictive power.

Accuracy matching with standard MoE scaling is more
expensive. ℓ-MoEacc achieves an accuracy gain at fixed
parameter and FLOP budget. When we enforce an accuracy-
matched comparison using the standard MoE architecture,
the required scaling incurs a marked serving penalty. Across
the projected Pareto frontier (Figure 5), KIMI-K2-1.35T
is approximately 1.24×–3.46× slower than KIMI-K2-1T-
LATENTMOE, indicating that ℓ-MoEacc provides a more
favorable accuracy-latency trade-off than increasing model
size through the standard MoE architecture to reach the
same accuracy target.
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Figure 5. Projected throughput-latency Pareto frontiers at trillion-parameter scale. Left: Decode-heavy traffic (chunked piggy-
backing). Right: Prefill-heavy traffic (disaggregated serving). KIMI-K2-1T-LATENTMOE attains accuracy-efficient operating points.
Matching its accuracy with standard MoE scaling requires ≈ 350B extra parameters (KIMI-K2-1.35T), yielding a 1.24×–3.46×
projected slowdown. Representative operating points are annotated with their parallelism configuration, where EP denotes expert
parallelism and PP pipeline parallelism (e.g., EP32PP2 is expert-parallel degree 32 with pipeline-parallel degree 2). In the disaggregated
serving setting (right), the prefix P/D indicates the prefill and decode configurations, respectively.

Table 7. Simulator fidelity at the HYBRID-550BT scale.
Measured vs. simulator-projected speedup of HYBRID-550BT-
LATENTMOE over (i) the same-size standard MoE and (ii) an iso-
accurate standard MoE that is 1.23× larger (HYBRID-677BT).

Comparison Source BS=1 BS=64 BS=128 BS=256

vs. HYBRID-550BT
(iso-param)

Measured 0.87× 1.00× 1.03× 1.02×
Projected 0.90× 0.97× 0.96× 0.96×

vs. HYBRID-677BT
(iso-accuracy)

Measured 1.16× 1.24× 1.28× 1.38×
Projected 1.11× 1.19× 1.18× 1.18×

Simulator validation against measured silicon. We vali-
date the simulator against measured throughput on HYBRID-
550BT, a 550B total / 56B active hybrid Mamba-Attention
model—the largest we can run end-to-end on available
hardware. Applying the EPM construction at this scale
yields λ ≈ 1.23, giving an iso-accurate standard MoE
baseline of ≈ 677B (HYBRID-677BT). Table 7 compares
measured vs. projected throughput-per-GPU speedup of
HYBRID-550BT-LATENTMOE over HYBRID-550BT (iso-
param) and HYBRID-677BT (iso-accuracy), across BS 1–
256. Mean error is ≈ 6% (≈ 15% worst case, BS=256),
and the simulator under-predicts LatentMoE’s advantage in
7 of 8 cells—the 1T projections in Figure 5 are therefore a
conservative lower bound.

Latent projection overhead is modest. The latent projec-
tion adds two matrices per layer (W↓ ∈ Rℓ×d, W↑ ∈ Rd×ℓ),
totaling 2dℓ parameters, 4dℓ FLOPs, and 2dℓ elements of
weight-load volume per token per layer. Relative to the
routed expert computation (4K ′mℓ FLOPs across FC1 and

FC2 of all K ′ = αK active experts), this is a fraction
d/(K ′m); for the 95B model (α=4, K ′=24, m=2688,
d=4096) it evaluates to ≈ 6.35%. These analytical esti-
mates are consistent with measured end-to-end overheads:
on the 73B Hybrid Mamba-Attention model on H100 with
FP8 (Table 6), LatentMoE incurs a ≈ 12% throughput
penalty at BS=1, which narrows to within ≈ 6% at higher
concurrencies; in our trillion-parameter projections, na-
tive KIMI-K2-1T remains within ≈ 9% of KIMI-K2-1T-
LATENTMOE. In all cases, the projection overhead is small
compared to the cost of achieving the same accuracy via
standard scaling to KIMI-K2-1.35T.

5. Related Work
Mixture-of-Experts (MoE) models have become a corner-
stone of state-of-the-art large language models. We chal-
lenge the original MoE design paradigm and introduce an
alternative architecture that achieves higher accuracy under
iso-parameter and iso-FLOP constraints.

A broad literature reduces inference cost through model
compression such as quantization (Rouhani et al., 2023b;a)
and sparsity (Xie et al., 2024). At the expert level, prior
work proposes pruning (Lu et al., 2024; Lasby et al., 2025;
Chen et al., 2022) and merging (Li et al., 2024). These
approaches are largely orthogonal to LatentMoE and can be
composed with it.

The closest related work is MoLAE (Liu et al., 2025),
which applies post-training low-rank approximation to ex-
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pert weights in a latent space. While both leverage latent
representations, they make fundamentally different trade-
offs. LatentMoE couples latent-space routing with increased
expert diversity and combinatorial sparsity to improve ac-
curacy at fixed serving cost. MoLAE instead mitigates
accuracy loss from latent projection using grouped projec-
tions and by restricting compression to a subset of expert
components (FC2), which limits communication savings
during dispatch and reduces memory bandwidth benefits.
As discussed in Section 2, efficient MoE serving is typically
not FLOP-bound, so reducing FLOPs alone is insufficient to
improve the accuracy–throughput–latency Pareto frontier.

BigMac (Jin et al., 2025) also projects tokens to a lower di-
mension before dispatch, but differs in how the freed budget
is reinvested. BigMac enlarges the FFN intermediate dimen-
sion and reports baseline-comparable accuracy, whereas
LatentMoE scales the total and active expert counts and sur-
passes the baseline (e.g., +5.65 MMLU Pro at 95B; Table 4).
Crucially, enlarging the intermediate dimension does not
reduce per-expert memory bandwidth (Design Principle I),
so latency-bound serving sees no improvement; LatentMoE
instead reduces per-expert memory footprint by a factor α.
Finally, LatentMoE is validated at 95B parameters and 1T
tokens; BigMac is reported at GPT-3 6.7B scale.

LatentMoE is also complementary to two orthogonal lines
of work. Multi-head Latent Attention (MLA) (DeepSeek-
AI et al., 2024) applies low-rank projections to compress
the KV-cache in attention layers, targeting attention-side
memory bandwidth rather than LatentMoE’s expert-weight
bandwidth and all-to-all communication. Concurrent work
on Manifold-Constrained Hyper-Connections (mHC) (Xie
et al., 2026) modifies residual connectivity rather than the
expert path, widening the residual stream with learned,
stability-constrained mixing. Both can be combined with
LatentMoE in the same model.

6. Discussion
Implications for MoE design. Every major deployed
MoE today runs expert computation at the full hidden di-
mension d, but our analysis shows this is not necessary.
The expert dimension can be reduced and the freed budget
reinvested into more total and active experts at the same
inference cost. LatentMoE is the first architecture to make
this trade-off explicit, and the accuracy gains in Tables 4
and 5 quantify what conventional MoE design leaves on
the table. More broadly, the path to higher model quality
does not require more training compute or larger clusters,
but better architecture: at trillion-parameter scale, a 1T
LatentMoE matches a 1.35T standard MoE, eliminating
350B parameters of serving cost through design alone. The
roofline-guided framework behind these choices — identify
the binding bottleneck, derive an architectural lever that

resolves it without hurting quality, and validate at scale —
is not specific to LatentMoE; it provides a reusable template
for evaluating future MoE modifications.

Deployment and environmental impact. Because La-
tentMoE matches or improves accuracy at iso-parameter
and iso-FLOP budgets, practitioners do not need to scale
model size or training compute to reach a given accuracy tar-
get. This directly reduces the GPU count required to serve
frontier-quality models and lowers the barrier for organiza-
tions without large-scale clusters. It also reduces per-query
energy and carbon footprint at scale: matching the accuracy
of KIMI-K2-1.35T requires only a 1T LatentMoE, elimi-
nating the energy cost of serving 350B extra parameters on
every query.

Generality. The roofline-guided design principles in Sec-
tion 2 are not specific to any hardware platform; as accelera-
tor memory bandwidth continues to lag behind compute scal-
ing, architectures that minimize data movement will become
increasingly relevant. LatentMoE is similarly not specific
to Transformers: our results on the 73B Mamba-Attention
hybrid (Table 5) show it applies equally to hybrid mod-
els combining attention with alternative sequence-modeling
layers such as Mamba.

Limitations. Our trillion-parameter projections rely on a
high-fidelity simulator and on EPM-based accuracy extrapo-
lation. The log-linear MMLU fit underlying the iso-accuracy
baseline operates in the non-saturating regime, which makes
the 1.35T estimate a conservative lower bound rather than a
point estimate; the reported Pareto advantage is therefore not
overstated, though the absolute gap will depend on realized
scaling behavior. On the implementation side, LatentMoE’s
smaller GEMM inner dimensions can require kernel tuning,
a near-term barrier to adoption. Our current open-source
implementation in vLLM1 is already within ≈ 6% of stan-
dard MoE throughput, and LatentMoE has been adopted in
a publicly released frontier model (NVIDIA et al., 2026).

7. Conclusion
We introduced LatentMoE, a revised MoE architecture that
improves accuracy per FLOP and per parameter by reducing
routed dimension via latent projection, cutting all-to-all
communication and expert weight bandwidth. The saved
budget is reinvested into greater expert diversity at fixed
inference cost. Across experiments up to 95B parameters,
hybrid models, and projected trillion-parameter serving,
LatentMoE improves the accuracy–efficiency Pareto frontier
over standard MoE scaling.

1https://github.com/vllm-project/vllm/
pull/30203
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Impact Statement
LatentMoE reduces the inference cost of large-scale
Mixture-of-Experts language models by lowering memory
bandwidth and all-to-all communication, while improving
accuracy at fixed serving cost. As LLM inference becomes
a substantial and growing fraction of datacenter energy con-
sumption, the resulting reductions in GPU count, memory
traffic, and communication translate into lower per-query
energy use and carbon footprint at scale (Section 6), and
broaden access to capable models for organizations and re-
searchers without large compute budgets. At the same time,
making trillion-parameter models significantly cheaper to
deploy lowers the barriers for both beneficial and poten-
tially harmful uses: the same efficiency gains that broaden
beneficial access also reduce the cost of deploying capable
models for misuse, generation of misleading content, and
other risks well documented in the LLM literature. We be-
lieve this dual-use trade-off warrants continued attention
from the safety and policy communities alongside ongoing
efficiency work. Beyond this, we do not foresee impacts
unique to this architecture beyond those already discussed
for large language models in general.
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