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Abstract
Mixture-of-Experts (MoE) models have become mainstream

for scaling language models to hundreds of billions of ex-

pert parameters. Despite sparse expert activation, existing

inference engines keep all experts GPU-resident, crowding

out the key-value cache in large-batch, long-output offline

workloads. We present FluxMoE, which decouples experts

from physical GPU residency and adapts their footprint

to available memory through a new expert paging abstrac-

tion. FluxMoE combines PagedTensor for transparent remap-

ping, a bandwidth-balanced hierarchy spanning losslessly

compressed GPU memory and host DRAM, and a budget-

aware residency planner. Unlike CPU-GPU co-inference and

whole-layer offloading, FluxMoE streams weights on de-

mand while keeping expert computation on GPUs. We im-

plement FluxMoE atop vLLM and evaluate it on three MoE

models. For GLM-4.5 on 8×H20 GPUs, FluxMoE delivers

up to 7.2× vLLM’s throughput and 79.0% lower average

Time-Per-Output-Token (TPOT), without measurable model-

quality loss using lossless compression. For Mixtral-8×7B-
Instruct on 2×L40S GPUs, where weight-resident vLLM can-

not fit, FluxMoE delivers 4.3× KTransformers’s throughput

and 29.1% lower average TPOT.

1 Introduction
Over the past year, Mixture-of-Experts (MoE) architectures

have become mainstream for scaling LLMs without propor-

tionally increasing per-token computation. This gain comes

with unprecedented weight footprints: leading open-weight

MoEs span hundreds of billions to one trillion parameters

[8, 34, 35]. Conventional inference engines [22, 47] keep

all weights GPU-resident, crowding out the key-value (KV)

cache, which retains the prior-token attention keys and val-

ues. Since KV demand grows with active sequence count

and cached length, reduced capacity forces the scheduler to

process fewer sequences per decoding iteration, lowering

throughput. This pressure is acute in throughput-oriented

offline workloads such as synthetic-data generation [37],

post-training rollout generation [31], and model evaluation

[5], where large batches and long outputs increase KV de-

mand. Adding GPUs relieves this pressure but can reduce

per-GPU efficiency. On our H20 testbed, scaling a vLLM [22]

deployment of Qwen3-Next-80B-A3B-Instruct [40] from two
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to eight GPUs via model parallelism at batch size 256 with

4,096-token outputs raises sequence-state headroomper GPU

from 10.1 GB to 69.8 GB but reduces per-GPU throughput by

62.4%. Large batches may activate most experts within each

layer (Appendix A), yet the layers execute sequentially.

Must the experts of all layers remain GPU-resident simulta-
neously? Our key insight is to stream expert weights while

retaining the non-expert backbone. Since expert pools con-

stitute over 95% of the model-weight footprint (§2.1), this

makes most weight memory eligible for reclamation; keep-

ing the non-expert backbone resident lets its kernels run

without weight materialization, creating an overlap window

for materializing the next expert set (§2). This is feasible be-

cause, although tokens may activate different experts within

a layer, they preserve the fixed, layer-by-layer execution or-

der. Thus, compute kernels access an expert’s weights only

while executing its layer; otherwise, those weights occupy

GPU memory without contributing to computation. Expert

weights can be managed as streamed weights, materialized

before use and released afterward, rather than retained as

persistent GPU state by conventional engines [22, 47]. This

leads to a new streaming execution model for MoE inference:

model = compute graph + streamed weights. (1)

The compute graph is static and follows a fixed layer order,

while streaming supplies the current layer’s expert weights.

We formalize this model as expert paging, which decouples

experts from persistent GPU residency and frees GPU mem-

ory for the KV cache and other runtime state.

Realizing expert paging poses three challenges. (i) Trans-
parency: expert weights must remain accessible to existing

kernels as their physical residency changes, without kernel

changes. (ii) Timely materialization: expert weights must be

materialized fast enough to reduce inference stalls; streaming

expert weights from host DRAM over PCIe may not finish

before the layer executes. (iii) Adaptability: expert residency
must adapt to changing KV-cache memory pressure without

incurring excessive materialization overhead.

We design FluxMoE, a streaming execution model that

augments existing MoE inference frameworks with dynamic

expert materialization through three tightly integrated mech-

anisms. (i) The PagedTensor (§4.1) addresses transparency by
reserving stable virtual addresses for all experts andmapping

them to dedicated or reusable physical blocks, without mod-

ifying PyTorch operators [27] or Triton kernels [36]. (ii) The
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expert memory hierarchy (§4.2) addresses timely materializa-

tion by retaining a portion of expert weights in losslessly

compressed form in GPU memory, placing the remainder in

host DRAM, and balancing GPU decompression and PCIe

transfers according to their bandwidths. (iii) The budget-
aware residency planner (§4.3) selects expert residency via

scheduler state and materialization measurements under

changing KV demand.

We implement FluxMoE atop vLLM (v0.23.0) [22] and

evaluate it using three MoE models [20, 34, 40]. On 8×H20
GPUs, FluxMoE achieves up to 7.2× vLLM’s throughput for

GLM-4.5 [34] and reduces average Time-Per-Output-Token

(TPOT) by 79.0% without measurable quality loss. On 2×L40S
GPUs, vLLM cannot deploy Mixtral-8×7B-Instruct [20]; Flux-
MoE serves it with 4.3× KTransformers’s [7] throughput and

29.1% lower average TPOT. We make three contributions:

• We introduce expert paging, a streaming abstraction that

decouples experts from persistent GPU residency and re-

claims memory for the KV cache and other runtime state.

• We design FluxMoE with PagedTensor for transparent

tensor remapping, a bandwidth-balanced expert hierarchy,

and a budget-aware residency planner.

• We implement FluxMoE atop vLLM [22] and evaluate it

on three MoE models [20, 34, 40] spanning 47B–355B pa-

rameters across two NVIDIA GPU platforms.

2 MoE Inference Memory Characterization
Under a fixed GPU-memory budget, model weights compete

with the KV cache. We first identify that expert pools domi-

nate reclaimable weight memory, then show when more KV

capacity raises throughput. These findings motivate expert-

only streaming and adaptive expert residency.

2.1 Expert Weights Dominate Reclaimable Memory
MoEs scale capacity with large expert pools. Sparse activa-

tion limits per-token computation but not memory use since

conventional engines keep all experts GPU-resident [22, 47].

We quantify this memory pressure by running Mixtral-

8×7B-Instruct [20] with vLLM [22] on 4×L40S GPUs (§6.1).
Its weights occupy 94GB of the 173.9 GB aggregate GPU bud-

get, leaving 79.9 GB for the KV cache and other runtime state.

We estimate peak KV demand as total prompt-plus-output

tokens times the model’s BFloat16 KV bytes per token, ex-

cluding padding. Figure 1 shows that a batch of 256 with

4,096-token outputs requires 139.3 GB of KV storage, exceed-

ing this headroom by 59.4 GB. At this batch size, extending

the output from 3,072 to 4,096 adds 34.4 GB. Thus, a model

may fit in GPU memory while its target workload does not.

Expert weights constitute 95.2–96.3% of evaluated mod-

els’ parameters (Table 1), making nearly all weight memory

eligible for reclamation. Retaining the non-expert backbone

avoids loading it and lets its computation overlap expert

loading. Prior MoE offloading systems also overlap expert

Table 1. Total and expert parameters of the evaluated MoEs.

Model Total
params (B)

Expert params (B)
(% of total params)

GLM-4.5 [34] 355 338 (95.2%)

Qwen3-Next-80B-A3B-Instruct [40] 80 77 (96.3%)

Mixtral-8×7B-Instruct [20] 47 45 (95.7%)

Calculated KV Weights Other runtime state

32 64 128 256
Configured batch size

0
50

100
150
200
250

Pe
ak

 a
gg

re
ga

te
m

em
or

y 
(G

B)

1024 2048 3072 4096
Output length

0
50

100
150
200
250

Pe
ak

 a
gg

re
ga

te
m

em
or

y 
(G

B)

(a) Output length = 4,096 (b) Configured batch size = 256

Figure 1. Calculated peak memory demand for Mixtral-

8×7B-Instruct [20]; dashed line: 4×L40S memory budget.
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Figure 2. Effect of aggregate GPU KV-cache capacity on

Mixtral-8×7B-Instruct [20] at an output length of 4,096.

transfers with computation [6, 10, 39]. Whole-layer stream-

ing would reclaim less than 5% additional weight memory

while adding non-expert traffic and shortening the loading

overlap window. Thus, we stream only expert pools (§3).

2.2 KV-Cache Capacity Constrains Throughput
We distinguish the configured batch size 𝐵cfg, the number of

submitted sequences, from the active batch size 𝐵act, the num-

ber scheduled in one decoding iteration; 𝐵act is its average

over the run. Each active sequence requires GPU-resident KV

blocks, so insufficient KV capacity forces vLLM to defer or

preempt requests, making 𝐵act < 𝐵cfg. To isolate this effect,

we run Mixtral-8×7B-Instruct [20] with vLLM KV offload-

ing on 4×L40S GPUs (§6.1) and vary only aggregate GPU

KV capacity. We report throughput and 𝐵act; GPU memory

outside the configured KV budget holds weights and other

runtime state or remains unallocated.

Figure 2 reveals two regimes. At 𝐵cfg = 32, all configura-

tions sustain 𝐵act ≈ 𝐵cfg; increasing aggregate KV capacity

from 20GB to 60GB changes both throughput and 𝐵act by

less than 0.3%. The full submitted batch already fits, so extra

KV capacity provides no benefit. At larger 𝐵cfg, runs become

KV-capacity-bound: smaller KV budgets force the sched-

uler to defer or preempt more requests, lowering 𝐵act and

throughput. At 𝐵cfg = 256, increasing capacity from 20GB to

60GB raises 𝐵act by 36.0% and throughput by 70.0%. As each
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Figure 3. FluxMoE architecture.

active sequence produces one output token per decoding

iteration, 𝐵act determines the number of tokens produced

per iteration and, together with iteration latency, connects

KV capacity to throughput.

Together, these observations imply that expert residency

should account for KV pressure. Expert pools dominate re-

claimable weight memory, but their residency reduces active

batch and throughput when KV demand exceeds capacity.

Expert paging should therefore release memory under KV

pressure but retain more experts otherwise. This motivates

on-demandmaterialization and budget-aware residency (§3).

3 Expert Paging
Expert paging decouples experts from physical GPU resi-

dency, treating them as virtual, on-demand resources. Rather

than remaining GPU-resident, expert weights are material-

ized only when their layer is scheduled, consumed by com-

pute kernels, and then evicted to free memory for the KV

cache and activation buffers.

We target structurally homogeneous MoEs [20, 34, 40]

with 𝑁 MoE layers in execution order, each with 𝐿 routed

experts of the same architecture; we leave heterogeneous

layers to future work. Let 𝐸
𝑗

𝑖
denote routed expert 𝑗 in MoE

layer 𝑖 , and E𝑖 = {𝐸1𝑖 , 𝐸2𝑖 , . . . , 𝐸𝐿𝑖 } denote the routed-expert
set, for 𝑖 ∈ {1, . . . , 𝑁 } and 𝑗 ∈ {1, . . . , 𝐿}. Shared experts,

if present, are excluded from E𝑖 . Unless otherwise stated,

we use “experts” to refer to routed experts. The model runs

under model parallelism across 𝐺 GPU ranks, indexed by

𝑟 ∈ {1, . . . ,𝐺}. We denote E𝑖,𝑟 ⊆ E𝑖 as rank 𝑟 ’s expert set

for layer 𝑖 . Under expert parallelism (EP), all ranks divide

each layer’s experts evenly into disjoint, consecutive subsets.

Under tensor parallelism (TP) alone, E𝑖,𝑟 = E𝑖 , since every
rank manages a shard of every expert. By homogeneity, rank

𝑟 manages 𝐿𝑟 = |E𝑖,𝑟 | experts per MoE layer. Unless other-

wise noted, all mechanisms in §4 operate on a per-rank basis

across the multi-GPU deployment.

During decoding, the 𝑁 layers execute in order within

each iteration, and execution restarts from the first layer in

the next iteration. A forward proxy intercepts the model’s

forward pass to manage expert materialization. Before the

MoE block of layer 𝑖 begins, the forward proxy ensures that

all rank-local experts in E𝑖,𝑟 are materialized and compute-

ready. After the MoE block of layer 𝑖−1 completes, the proxy

releases E𝑖−1,𝑟 and materializes E𝑖+1,𝑟 into the reclaimed

buffers. Since E𝑖+1,𝑟 is not consumed until the MoE block of

layer 𝑖 + 1, its materialization window extends from the end

of layer 𝑖−1’s MoE block to the beginning of layer 𝑖+1’s MoE

block. If materialization does not finish within this window,

layer 𝑖 + 1’s MoE block stalls. For brevity, we use layer 𝑖 to

refer to the entry and exit of its MoE block. Let 𝑅𝑖,𝑟 denote

the rank-local expert set in this sliding window during layer

𝑖’s execution. By the materialization and release rule above,

𝑅𝑖,𝑟 satisfies:

𝑅𝑖,𝑟 ⊆ E𝑖,𝑟 ∪ E𝑖+1,𝑟 . (2)

This window requires two complete rank-local MoE-layer

physical blocks, reserving 2/𝑁 of rank 𝑟 ’s routed-expert

parameter footprint. Beyond this window, FluxMoE uses any

available GPU memory to retain additional experts when

KV-cache pressure is low, reducing repeated materialization.

4 FluxMoE Design
FluxMoE is an MoE inference middleware that integrates

with existing serving frameworks via a lightweight for-

ward proxy (Figure 3). PagedTensor (§4.1) maps dedicated

or reusable physical blocks to stable virtual addresses for ex-

perts, allowing kernels to access them without modification

( 1 ). Under KV pressure, the budget-aware residency planner
(§4.3) selects which layers remain uncompressed on the GPU

and which expert tensors are CPU-offloaded ( 2 ). The ex-

pert memory hierarchy (§4.2) realizes these decisions across

compressed GPU memory and host DRAM, materializing

weights into the reusable physical blocks before use ( 3 ).

4.1 PagedTensor
On GPU rank 𝑟 , PagedTensor uses CUDA virtual memory

management (VMM) [4] to give rank-local expert-weight

tensors stable virtual addresses. Each layer belongs to exactly

one of two residency classes: uncompressed-resident layers
keep their weights in dedicated physical blocks, whereas

pageable layers materialize expert weights on demand from

compressed GPU memory or host DRAM (§4.2) into one of

two reusable layer blocks. Residency changes alter only the

physical backing, preserving kernel-visible addresses. Un-

like vLLM’s PagedAttention [22], which translates request-

specific KV-page addresses within kernels, PagedTensor ex-

poses ordinary contiguous tensors, requiring neither kernel

changes nor in-kernel address translation.

Formal model. Each expert has two differently sized weight
tensors: a fused gate/up-projection tensor (𝑑 = 1) and a

down-projection tensor (𝑑 = 2), which PagedTensor man-

ages separately. For type 𝑑 on rank 𝑟 , let 𝑇
(𝑑 )
𝑖,𝑟

denote layer

3
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𝑖’s contiguous group of rank-local weight tensors ordered

by expert index. For homogeneous models (§3), every type-𝑑

tensor has byte size 𝜎
(𝑑 )
𝑟 across experts and layers; hence,

the layer-group size is

𝐴
(𝑑 )
𝑟 = 𝐿𝑟𝜎

(𝑑 )
𝑟 . (3)

CUDA VMM requires allocation and mapping sizes to be

aligned to its minimum granularity 𝑔 [4]. PagedTensor there-

fore defines the aligned type-𝑑 layer-group size as

𝑆
(𝑑 )
𝑟 = alignUp(𝐴 (𝑑 )𝑟 , 𝑔) = 𝑔

⌈
𝐴
(𝑑 )
𝑟

𝑔

⌉
. (4)

For each rank 𝑟 and type 𝑑 , PagedTensor reserves the 𝑔-

aligned contiguous virtual region [𝑣 (𝑑 )
0,𝑟

, 𝑣
(𝑑 )
0,𝑟
+ 𝑁𝑆

(𝑑 )
𝑟 ) and

partitions it into 𝑁 layer ranges of size 𝑆
(𝑑 )
𝑟 . For rank-local

expert ℓ ∈ {1, . . . , 𝐿𝑟 }, the type-𝑑 tensor in layer 𝑖 has address

addr
(𝑑 )
𝑖,𝑟 ,ℓ

= 𝑣
(𝑑 )
0,𝑟
+ (𝑖 − 1)𝑆 (𝑑 )𝑟 + (ℓ − 1)𝜎 (𝑑 )𝑟 . (5)

Given a layer-residency assignment (§4.3), letU𝑟 and P𝑟
denote rank 𝑟 ’s uncompressed-resident and pageable layers,

where |U𝑟 | + |P𝑟 | = 𝑁 . For each type 𝑑 , PagedTensor maps

layer 𝑖 ∈ U𝑟 to a dedicated block 𝐷
(𝑑 )
𝑖,𝑟

of size 𝑆
(𝑑 )
𝑟 and layer

𝑖 ∈ P𝑟 to one of two reusable blocks 𝐹
(𝑑 )
𝑟,𝑏𝑖

of size 𝑆
(𝑑 )
𝑟 , where

𝑏𝑖 = (𝑖 − 1) mod 2. Only residency changes alter mappings;

materialization updates block contents.

CUDA alignment analysis. Since virtual-address reserva-
tion consumes no physical GPU memory, type-𝑑 alignment

overhead on rank 𝑟 comes from |U𝑟 | + 2 blocks, each padded

from 𝐴
(𝑑 )
𝑟 to 𝑆

(𝑑 )
𝑟 :

𝑀pad,𝑟 = (|U𝑟 | + 2)
2∑︁

𝑑=1

(
𝑆
(𝑑 )
𝑟 −𝐴 (𝑑 )𝑟

)
. (6)

All evaluated models [20, 34, 40] satisfy the VMM alignment

requirement, so𝑀pad,𝑟 = 0.

Async materialization. Overlapping reusable-block mate-

rialization with inference incurs two ordering constraints:

• Write-After-Read (WAR):Do not overwrite a reusable block
until compute kernels reading it complete.

• Read-After-Write (RAW): Do not launch a pageable layer

until its weight tensors are materialized.

Algorithm 1 runs independently on each rank. Since each

reusable block backs multiple pageable layers, 𝑙𝑎𝑠𝑡𝑏𝑖 ,𝑟 identi-

fies the layer that last used block 𝐹
(𝑑 )
𝑟,𝑏𝑖

. Before overwriting

it, rank 𝑟 waits only on its local inference-completion event

(WAR), without cross-rank synchronization. Its inference

stream likewise waits for local load-completion events be-

fore launching the layer (RAW).

4.2 Expert Memory Hierarchy
Pageable layers materialize their routed-expert weight ten-

sors (pageable tensors) from compressed GPU memory or

host DRAM. FluxMoE balances traffic between these tiers

Algorithm 1 PagedTensor Synchronization Protocol

Input: GPU rank 𝑟 , pageable layers P𝑟 , tensor groups 𝑇 (𝑑 )𝑖,𝑟
,

inference stream 𝑠𝑡𝑟𝑒𝑎𝑚𝑟,infer and loading-stream sets

𝑠𝑡𝑟𝑒𝑎𝑚𝑠𝑒𝑡
(𝑑 )
𝑖,𝑟,load

Define 𝑏𝑖 = (𝑖 − 1) mod 2 for each layer 𝑖

1: procedureMaterializeLayer(𝑖)

2: if 𝑖 ∈ P𝑟 then
3: for 𝑑 ∈ {1, 2} do
4: if 𝑙𝑎𝑠𝑡𝑏𝑖 ,𝑟 is defined then
5: WaitEvent(𝑒𝑣𝑒𝑛𝑡 infer

𝑙𝑎𝑠𝑡𝑏𝑖 ,𝑟 ,𝑟
, 𝑠𝑡𝑟𝑒𝑎𝑚𝑠𝑒𝑡

(𝑑 )
𝑖,𝑟 ,load

) ⊲WAR
6: end if
7: AsyncLoad(𝑇 (𝑑 )

𝑖,𝑟
, 𝑠𝑡𝑟𝑒𝑎𝑚𝑠𝑒𝑡

(𝑑 )
𝑖,𝑟,load

)
8: 𝑒𝑣𝑒𝑛𝑡𝑠𝑒𝑡

(𝑑 )
𝑖,𝑟 ,load

← RecordEvents(𝑠𝑡𝑟𝑒𝑎𝑚𝑠𝑒𝑡
(𝑑 )
𝑖,𝑟,load

)
9: end for
10: end if
11: end procedure
12: procedure ForwardPass(𝑖)
13: if 𝑖 ∈ P𝑟 then
14: for 𝑑 ∈ {1, 2} do
15: WaitEvents(𝑒𝑣𝑒𝑛𝑡𝑠𝑒𝑡 (𝑑 )

𝑖,𝑟,load
, 𝑠𝑡𝑟𝑒𝑎𝑚𝑟,infer) ⊲ RAW

16: end for
17: end if
18: LaunchKernels(𝑖, 𝑠𝑡𝑟𝑒𝑎𝑚𝑟,infer)
19: 𝑒𝑣𝑒𝑛𝑡 infer𝑖,𝑟 ← RecordEvent(𝑠𝑡𝑟𝑒𝑎𝑚𝑟,infer)
20: if 𝑖 ∈ P𝑟 then
21: 𝑙𝑎𝑠𝑡𝑏𝑖 ,𝑟 ← 𝑖 ⊲ Mark slot 𝑏𝑖 as last used by layer 𝑖

22: end if
23: end procedure

under the planner’s residency budget (§4.3), reclaiming GPU

memory for the KV cache while reducing exposed latency.

Memory hierarchy model. For a pageable layer on rank

𝑟 , let 𝑥cpu,𝑟 denote the fraction of its rank-local BFloat16

weight volume assigned to host DRAM; the remainder uses

compressed GPU memory. The backends materialize their

shares concurrently at effective bandwidths 𝛽cpu,𝑟 and 𝛽gpu,𝑟 .

As layers are homogeneous (§3), equalizing these backend

times yields the same ideal CPU share for every layer:

𝑥bw
cpu,𝑟 =

𝛽cpu,𝑟

𝛽gpu,𝑟 + 𝛽cpu,𝑟
. (7)

This continuous target must be realized with whole ten-

sors. Each layer contains 𝐿𝑟 tensors of each type, and 𝜎
(1)
𝑟 =

2𝜎
(2)
𝑟 . Thus, down-projection tensors comprise 1/3 of its to-

tal BFloat16 weight volume. In our deployments, 𝑥bw
cpu,𝑟 is

well below 1/3, so down-projection tensors alone can ap-

proximate the target. For each layer, the target CPU volume

corresponds to 3𝐿𝑟𝑥
bw

cpu,𝑟 down-projection tensors. FluxMoE

rounds this count upward and assigns ⌈3𝐿𝑟𝑥bwcpu,𝑟 ⌉ such ten-

sors to the CPU backend. Since rounding adds less than one

4



tensor, the resulting share 𝑥cpu,𝑖,𝑟 satisfies

0 ≤ 𝑥cpu,𝑖,𝑟 − 𝑥bwcpu,𝑟 <
1

3𝐿𝑟
. (8)

Excluding budget-forced offloading, each layer’s rounded

CPU allocation is within one down-projection tensor of the

continuous target; fused tensors would double this bound.

FluxMoE derives the backend shares from the planner’s

budget and the backends’ relative bandwidths, rather than

scaling GPU allocation directly with model size. Thus, in-

creasing an MoE model’s routed-expert parameter count

does not require an equal increase in GPU-resident weight

storage. GPU memory for expert weights grows with addi-

tional weights retained uncompressed or compressed on the

GPU and any enlargement of two reusable blocks needed to

hold rank-local pageable layers; offloaded weights reside in

host DRAM.

Compressed GPU backend. FluxMoE uses compressed

GPU memory as its primary expert tier, reducing the persis-

tent footprint via on-demand decompression. Materialization

is limited by the slower of local-memory reads and decom-

pression. Modern GPUs’ local-memory bandwidth, nearly

1 TB/s to several TB/s, exceeds our measured decompres-

sion throughput of approximately 400GB/s per GPU (§6.3);

decompression determines the materialization rate.

FluxMoE compresses only routed-expert weights, leaving

non-expert weights (e.g., attention projections) and shared-

expert weights, if present, uncompressed and GPU-resident.

Expert weights account for over 95% of the evaluated mod-

els’ parameter volume [20, 34, 40]. Compressing only routed

experts therefore captures most memory savings while avoid-

ing additional decompression work during the forward pass.

Our profiling finds BFloat16 expert weights exhibit the

same entropy pattern as dense-model weights: low-entropy

exponent bits and nearly uniformmantissa bits (Appendix A).

FluxMoE therefore Huffman-encodes only the exponent bits

offline and leaves the sign and mantissa bits unchanged, re-

ducing routed-expert memory usage by 32.1–32.5% across

the evaluated BFloat16 models [20, 34, 40] (§6.3). ZipMoE

[41] also losslessly compresses BFloat16 exponent bits, but

targets small-batch inference on unified-memory edge de-

vices using LZ4HC or ZSTD with CPU decompression.

CPU offload backend. The compressed GPU backend pro-

vides high bandwidth but is still bounded by physical GPU

memory capacity. To further reduce the GPU-resident pa-

rameter footprint, FluxMoE stores expert weights in pinned

host memory and transfers them over PCIe via asynchronous

DMA, following prior parameter-offloading systems [29, 32].

Modern accelerators provide tens of GB/s of PCIe band-

width. After layer 𝑖−1 completes, FluxMoEmaterializes layer

𝑖 + 1 during layer 𝑖’s execution, overlapping PCIe transfer

and on-device decompression with inference. The two-layer

window (§3) bounds in-flight data. PCIe alone often cannot

supply expert weights fast enough to keep high-end GPUs

busy. Thus, the CPU backend acts as a complementary capac-

ity tier, offloading weights to expand addressable memory.

4.3 Budget-Aware Residency Planner
On each GPU rank 𝑟 , expert weights and KV-cache blocks

compete for a fixed local memory budget. More expert resi-

dency reduces materialization cost but leaves less KV capac-

ity; less residency does the reverse. FluxMoE’s budget-aware

residency planner uses shared scheduler state and rank-local

forward and materialization measurements as empirical con-

trol signals to select that rank’s residency adjustments.

Runtime control heuristic. Let the remaining batch size
𝐵rem denote the number of unfinished sequences, including

active sequences and those deferred or preempted by the

scheduler. Both 𝐵rem and 𝐵act are shared across ranks and

read from scheduler metadata in every decoding iteration.

On rank 𝑟 , let 𝜏fwd,𝑟 denote the forward-pass time mea-

sured before a residency adjustment. The planner profiles

it with rank-local CUDA events, so it excludes materializa-

tion added by the candidate adjustment. We define rank 𝑟 ’s

batch-normalized effective latency as

𝜏eff,𝑟 =
𝐵rem

𝐵act

𝜏fwd,𝑟 . (9)

Here, 𝜏eff,𝑟 estimates the time for all 𝐵rem sequences to ad-

vance by one token. The planner profiles materialization

at layer granularity. It measures 𝜏
(𝑖,𝑟 )
load_layer

with rank-local

CUDA events, from load issuance until all participating local

backends complete, and sets it to zero when layer 𝑖 requires

no materialization. Since successive pageable layers share

the same PCIe-transfer and GPU-decompression pipelines,

their loading times accumulate over a decoding iteration:

𝜏load,𝑟 =

𝑁∑︁
𝑖=1

𝜏
(𝑖,𝑟 )
load_layer

. (10)

𝜏load,𝑟 sums per-layer materialization latencies and serves as

an empirical control signal, not a measure of stall time. It

includes latency hidden by inference; only materialization

beyond a layer’s overlap window stalls its MoE block.

We combine KV-related batch pressure and aggregate ma-

terialization demand into an empirical control signal. We

define the inference-to-load ratio as

𝜌𝑟 =
𝜏eff,𝑟

𝜏load,𝑟
. (11)

The planner uses 𝜌𝑟 together with 𝐵act and 𝐵rem to choose a

residency adjustment. It evaluates 𝜌𝑟 only during decoding;

it disables residency adaptation during prefill, whose token

parallelism hides most materialization.

Residency control model. Residency reclamation proceeds

in two stages. The planner first converts all uncompressed-

resident layers to pageable layers, keeping their tensors in

compressed GPU memory. Once all layers are pageable, it

enables tensor-level offloading and applies the hierarchy in

§4.2 to partition pageable tensors between the two backends.

5



Qingxiu Liu, Yongchao He, Runhan Jiang, Zion Wang, Bohan Zhao, Mi Zhang, Patrick P. C. Lee

Restoration follows the reverse order. Layer-level conver-

sion matches the materialization pipeline, while tensor-level

offload limits additional PCIe traffic. The rules are:

• If 𝜌𝑟 > 1 and 𝐵act < 𝐵rem, it performs the next reclamation.

• If 𝜌𝑟 < 𝜃 (default: 0.9), it reverses one reclamation step.

• Otherwise, residency remains unchanged.

The first rule tests reclamation only when some unfin-

ished sequences are not active and 𝜏load,𝑟 < 𝜏eff,𝑟 . This is an

empirical switching condition rather than a guarantee of

higher throughput. With a resizable KV allocator, reclaimed

memory can expand rank 𝑟 ’s KV-cache allocation and reduce

the batch-pressure factor 𝐵rem/𝐵act. We set 𝜃 = 0.9, making

[𝜃, 1] a 10% dead zone that prevents small timing fluctuations

from repeatedly reversing residency.

Runtime adaptation. The planner runs only at decoding

control intervals with 𝐵act > 0, ensuring that 𝜏eff,𝑟 is defined.

It skips intervals with no active sequences and terminates

when 𝐵rem = 0 (Algorithm 2). The profiling (line 3) follows

a producer-consumer model. Inference and loading streams

record CUDA timestamps asynchronously, while the planner

consumes only complete measurements. Incomplete mea-

surements are never used, and their events are reclaimed

after completion without blocking producers or adding syn-

chronization dependencies.

The control interval (CI) is the number of decoding itera-

tions between planner runs. Within an engine launch, each

run may update only rank-local pageable-tensor backend

metadata; the update takes effect at the next decoding iter-

ation. Layer-level residency changes require PagedTensor

remapping and are applied only between engine launches

(§6.4). For tensor-level control, the adjustment granularity
(AG) defines a step relative to one layer’s𝐿𝑟 rank-local weight

tensors. Following the fine-grained placement in §4.2, each

reclamation offloads up to ⌈AG𝐿𝑟 ⌉ remaining GPU-backed

down-projection tensors. Once these are exhausted, it of-

floads up to ⌈AG𝐿𝑟/2⌉ fused gate/up-projection tensors to

preserve approximately the same BFloat16 volume. Selec-

tion favors the layer with the smallest CPU-assigned volume,

with ties broken by descending layer and rank-local expert

indices. Restoration reverses the offload sequence. The re-

leased GPU memory is the sum of their compressed-copy

sizes. Once no compressed GPU copies remain, no further

expert memory can be reclaimed. We use CI=16 to balance

response time and adjustment frequency and AG=0.25 to

limit the loading increase per step.

5 Implementation
We prototype FluxMoE as middleware atop vLLM v0.23.0

[22]. The implementation comprises approximately 3.1 K

LoC of C++/CUDA for PagedTensor’s VMM allocator,

stream/event coordination, and decompression kernels, and

2.1 K LoC of Python for expert registration, backend orches-

tration, residency planning, and vLLM integration.

Algorithm 2 Budget-Aware Residency Planner

Input: GPU rank 𝑟 , threshold 𝜃 (default: 0.9), and initial

rank-local residency state

1: for each decoding control interval with 𝐵act > 0 do
2: Read shared 𝐵rem and 𝐵act

3: Read completed profiles 𝜏fwd,𝑟 and 𝜏
(𝑖,𝑟 )
load_layer

4: 𝜏load,𝑟 ←
∑𝑁

𝑖=1 𝜏
(𝑖,𝑟 )
load_layer

5: 𝜏eff,𝑟 ← (𝐵rem/𝐵act)𝜏fwd,𝑟
6: 𝜌𝑟 ← 𝜏eff,𝑟/𝜏load,𝑟 ⊲ +∞ for zero load

7: if 𝜌𝑟 > 1 ∧ 𝐵act < 𝐵rem then
8: Select the next rank-local reclamation step

9: else if 𝜌𝑟 < 𝜃 then
10: Select one rank-local restoration step

11: else
12: Keep rank 𝑟 ’s residency unchanged

13: end if
14: end for

vLLM integration.We change 20 Python LoC across sev-

eral vLLM functions: create_weights for allocating weight
tensors on the CPU to avoid their full GPU footprint, model-

specific load_weights for recording weight tensors’ meta-

data, load_model for replacing vLLM’s weight tensor stor-

age with PagedTensor-managed tensors at stable virtual ad-

dresses, and forward_native for hooking materialization

into MoE execution. The runtime hook waits for current-

layer materialization before invoking the unchanged MoE

kernel and triggers next-layer materialization afterwards.

PagedTensor.We implement PagedTensor using the CUDA

VMM APIs cuMemMap and cuMemUnmap [4]. For each tensor

type on rank 𝑟 , it maintains two reusable physical blocks

for pageable layers and dedicated blocks for uncompressed-

resident layers (§6.4).

Expert memory backends.We implement the compressed

GPU and CPU offload backends. The GPU backend selec-

tively Huffman-encodes expert exponent bits [17] and recon-

structs them on demand with high-throughput decompres-

sion kernels [46]; the CPU backend asynchronously transfers

weights from pinned host DRAM over PCIe. For each layer

and rank, PagedTensor assigns each weight-tensor type one

decompression and one PCIe-transfer stream, totaling four

concurrent loading streams. Under EP, FluxMoE uses vLLM’s

expert map to identify rank-local expert weights without

changing routing or communication.

Budget-aware residency planner. The planner configures
uncompressed GPU residency per layer and compressed-

GPU or host-DRAM backing per tensor. Within an engine

launch, only pageable-tensor backing can change, which

takes effect at decoding-iteration boundaries. All prefetches

in iteration 𝑘 use immutable metadata version 𝑣𝑒𝑟𝑘 . For each

retired compressed GPU copy, every loading stream records

a CUDA event after its final operation that reads the copy. Af-
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Table 2. Evaluated models and GPU memory budgets.

Model MoE Layers/Routed
Experts per Layer GPUs Budget −Weights

=Headroom (GB)

GLM-4.5 [34] 89/160 8×H20 738.7 − 710 = 28.7

Qwen3-Next [40] 48/512 4×L40S 173.9 − 160 = 13.9

Mixtral [20] 32/8 2×L40S 86.9 − 94 = −7.1

ter issuing all iteration-𝑘 prefetches, the planner atomically

publishes 𝑣𝑒𝑟𝑘+1 before any iteration-(𝑘 + 1) prefetch, en-
suring subsequent prefetches use the new backend. The old

copy remains allocated until all recorded events complete;

FluxMoE then releases it without device-wide synchroniza-

tion. Within a launch, memory released by tensor offloading

returns to the GPU allocator but cannot expand vLLM’s KV

pool, whose capacity is fixed at initialization. Our integration

fixes layer residency within each launch, so joint expert–KV

budget changes are applied only between launches (§6.4).

6 Evaluation
6.1 Experimental Setup
Testbed.We use two servers with different resource profiles.

The L40S server has two 24-core Intel Xeon Gold 5318Y CPUs,

2 TB of host DRAM, and 4 NVIDIA L40S GPUs, each with

48GB nominal memory (48.3 GB reported by nvidia-smi),
connected via PCIe Gen4 with 32GB/s peak per-GPU H2D

bandwidth. The H20 server has two 48-core Intel Xeon Plat-

inum 8468 CPUs, 2 TB of host DRAM, and 8 NVIDIA H20

GPUs, each with 96GB nominal memory (102.6 GB reported

by nvidia-smi), connected via PCIe Gen5 with 64GB/s peak
per-GPU H2D bandwidth.

Models. We evaluate FluxMoE on three MoE models. GLM-

4.5 [34] is a production-scale MoE whose weights exceed

the aggregate memory of eight 80-GB H100 GPUs; Mixtral-

8×7B-Instruct [20] (Mixtral for short) is widely studied; and

Qwen3-Next-80B-A3B-Instruct [40] (Qwen3-Next for short)

falls between them in size. Table 2 summarizes the model

architectures, deployments, and memory footprints. All de-

ployments use vLLM’s default 90%GPU-memory budget [22].

Unlike §2’s 4×L40S setup for isolating KV-capacity effects,

we evaluate Mixtral on a constrained 2×L40S deployment,

where its weights exceed vLLM’s 90% GPU-memory budget.

Dataset and workloads. We sample input prompts from

ShareGPT [3], following prior LLM serving evaluations

[19, 38, 43, 51]. Mean tokenized lengths are 44.9, 45.6, and 52.1

tokens for GLM-4.5, Qwen3-Next, and Mixtral, respectively,

with a maximum of 1,121. Except for online-serving evalu-

ation, all experiments use offline serving, with all requests

available initially.We sweep either (i) 𝐵cfg ∈ {32, 64, 128, 256}
with output length fixed at 4,096 or (ii) output length in

{1,024, 2,048, 3,072, 4,096} tokens with 𝐵cfg = 256. We report

the average results over five runs, with error bars as 95%

confidence intervals under the Student’s 𝑡-distribution.

Metrics.We report output throughput (tokens/s), average

Time-To-First-Token (TTFT), and average Time-Per-Output-

Token (TPOT) for offline serving, and End-to-End (E2E) la-

tency for online serving. TTFT, TPOT, and E2E measure

submission to the first token, the mean interval between sub-

sequent tokens, and submission to completion, respectively.

System configurations. All systems use a 512GB aggre-

gate host-DRAM tier for KV cache offloading, large enough

to hold the full KV cache of any evaluated workload. For

a fair comparison, systems that offload expert weights to

host DRAM use a common budget of 12.5% of routed-expert

weights, the minimum needed for Mixtral to fit in baselines.

We configure four baselines and FluxMoE as follows:

• vLLM [22]: A standard weight-resident serving system

that keeps all expert weights in GPU memory.

• vLLM-O: A vLLM variant that tests whether whole-layer

CPU weight offloading with prefetching suffices. It keeps

earlier MoE layers uncompressed on the GPU, offloads

the final layers covered by the budget to host DRAM, and

prefetches layer 𝑖 + 1 while layer 𝑖 executes.
• FluxMoE-H: An ablation of the bandwidth-balanced hier-

archy (§4.2) that places each layer entirely in one backend,

using compressed GPUmemory for earlier layers and host

DRAM for the final layers covered by the budget.

• KTransformers [7]: A hybrid MoE system that distributes

expert weights and computation across GPUs and CPUs.

Rather than offloading entire layers, it distributes offloaded

experts across all MoE layers. It uses TP only as it lacks EP

support [2], while all other systems use both TP and EP.

Following its configuration guide [1], we use 48 (96) infer-

ence threads on the L40S (H20) server, one per physical

core, and two thread pools, one per NUMA node.

• FluxMoE: For GLM-4.5 and Qwen3-Next, it keeps all routed

experts in compressed GPU memory. As weight-resident

vLLM fits on both deployments, this isolates compres-

sion’s benefits and overheads. For Mixtral, we use a fixed

placement to match the aggregate offloading budget, inde-

pendently of the down-projection-first policy in §4.3. Per

layer, we offload one fused gate/up-projection tensor from

one GPU and one down-projection tensor from the other

(64 tensors total). For a fair comparison with KTransform-

ers, we evaluate FluxMoE-TP, a TP-only variant retaining

FluxMoE’s mechanisms. It performs comparably to Flux-

MoE in offline and online experiments (Appendix B).

6.2 Overall Performance
(Exp#1) Memory-sufficient regime. Figure 4 shows that
FluxMoE’s advantage grows with KV-cache pressure. For

GLM-4.5, at 𝐵cfg = 256, FluxMoE delivers 7.2×, 2.6×, and
3.5× the throughput of vLLM, vLLM-O, and KTransformers,

respectively. vLLM peaks at 𝐵cfg = 64 and then declines as

limited KV capacity reduces 𝐵act. vLLM-O supports a larger

𝐵act than vLLM through offloading but trails FluxMoE since

expert prefetching competes with KV-cache swapping over

PCIe. At large batches, nearly every expert receives tokens,
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Figure 4. (Exp#1) Memory-sufficient regime. For each model, left: output length = 4,096; right: 𝐵cfg = 256.

so CPU expert computation and output merging become

KTransformers’s throughput bottlenecks.

Qwen3-Next exposes the compression trade-off. At 𝐵cfg =

32, FluxMoE achieves 70.5% of vLLM’s throughput since the

saved memory does not raise 𝐵act; the resulting unamortized

decompression cost is expected. At 𝐵cfg = 256 and an output

length of 4,096 tokens, additional KV capacity raises 𝐵act,

giving FluxMoE 2.2× vLLM’s throughput.

FluxMoE also sustains throughput better as output length

grows. From 1,024 to 4,096 tokens, its throughput drops by

33.5% on GLM-4.5 and 17.8% on Qwen3-Next, versus 71.1%

and 42.5% for vLLM. Its smaller expert footprint preserves

KV capacity and a higher 𝐵act as tokens accumulate.

We next examine latencies at 𝐵cfg = 256 and an output

length of 4,096. On GLM-4.5, FluxMoE reduces TTFT and

TPOT by 10.4% and 51.3% versus vLLM-O, and by 86.0%

and 69.6% versus KTransformers, respectively, by avoiding

vLLM-O’s CPU-to-GPU transfers and KTransformers’s CPU

expert execution and output merging. Compared with vLLM,

FluxMoE has 33.6% higher TTFT but 79.0% lower TPOT on

GLM-4.5, and 99.6% lower TTFT but 19.9% higher TPOT

on Qwen3-Next. With limited KV capacity, vLLM preempts

running GLM-4.5 requests, raising TPOT, but delays Qwen3-

Next admission, raising TTFT.

(Exp#2) Memory-constrained regime. On Mixtral, we

evaluate expert-placement strategies under the same offload

budget (Figure 5). At 𝐵cfg = 256 and an output length of 4,096,

FluxMoE delivers 8.7× and 4.3× the throughput of vLLM-O

and KTransformers, respectively. It reduces TTFT and TPOT

by 19.8% and 86.9% versus vLLM-O, and by 99.9% and 29.1%

versus KTransformers. Both baselines keep GPU-resident

experts uncompressed, providing less KV capacity and a

lower 𝐵act. In addition, vLLM-O’s whole-layer prefetching

contends with KV-cache swapping over PCIe, while KTrans-

formers is limited by CPU expert execution and output merg-

ing. FluxMoE increases KV capacity and 𝐵act through com-

pression and reduces PCIe contention by distributing of-

floaded weights across layers. Its larger 𝐵act raises through-

put, whereas KTransformers’s limited KV capacity delays

prefill, concentrating the latency gap in TTFT.

At 𝐵cfg = 256 and an output length of 4,096, FluxMoE

improves FluxMoE-H’s throughput by 25.3% and reduces

its TTFT and TPOT by 28.0% and 21.1%, respectively. Their

equal compressed and offloaded parameter volumes provide

the same KV capacity, so the difference comes from materi-

alization: FluxMoE uses both backends per layer, whereas

FluxMoE-H’s CPU-backed layers rely entirely on PCIe and

stall longer.

6.3 Expert Materialization Analysis
(Exp#3) Lossless decompression benchmark. This exper-
iment validates the compressed GPU backend by checking

whether it saves GPUmemory and decompresses fast enough

to avoid inference stalls. For each model, we benchmark Flux-

MoE’s selective Huffman decoder (§4.2) on one GPU of its

deployment type (Table 2). For a model with 𝑁 MoE layers

on𝐺 GPUs, each of the𝑁 ×𝐺 runs decodes the routed-expert

shard assigned to one layer on one GPU. Each expert’s two

projection-weight tensors are decoded concurrently on sep-

arate CUDA streams, matching inference. We report mean

± standard deviation for latency and throughput, defined as

uncompressed BFloat16 volume divided by decoding time.
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Figure 5. (Exp#2) Memory-constrained regime for Mixtral.

Table 3 shows 32.1–32.5% lossless storage savings; Appen-

dix C confirms unchanged vLLM perplexity, showing that

compression does not affect model quality. Decompression

reaches 396.5–435.4GB/s, or 6.8–12.6× the corresponding

peak PCIe H2D bandwidth, supporting the placement of

most pageable parameter volume in the compressed GPU

backend (§4.2). For GLM-4.5 and Mixtral, the 2.17–3.07ms

latency fits within Exp#4’s 5.16–21.50ms stall-free windows,

so forwarding can hide decompression.

(Exp#4) Per-layer expert-materialization breakdown.
We measure how much materialization overlaps forwarding

and whether bandwidth balancing reduces exposed stalls

under inference contention. GLM-4.5 covers decompression-

only materialization, while Mixtral covers concurrent PCIe

loading and GPU decompression, together representing both

paths in §4.2. CUDA events on the loading and inference

streams measure per-layer E2E materialization and the corre-

sponding stall-freewindow; any excess is reported as average

stall across layers. We exclude PagedTensor mapping since

it occurs only during initialization (§4.1).

Table 4 shows that FluxMoE keeps expert materialization

largely hidden behind forwarding. For GLM-4.5, materializa-

tion takes 2.17ms within a 5.16–5.82ms stall-free window,

exposing less than 0.01ms of average stall per layer. For Mix-

tral at 𝐵cfg = 256, average stall is 33.9% of FluxMoE’s stall-

free window, versus 51.2% for FluxMoE-H after averaging its

CPU- and GPU-backed layer windows, and FluxMoE reduces

average per-layer stall duration by 43.3% compared with

FluxMoE-H. The reduction comes from materializing each

layer through both backends concurrently (§4.2), whereas

FluxMoE-H’s CPU-backed layers depend entirely on PCIe.
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(b) Mixtral; Output length = 4,096

Figure 6. (Exp#4) Average forward time per decoding itera-

tion (left) and average active batch size (right).

For FluxMoE, PCIe transfer and GPU decompression take

15.33ms and 3.13ms, respectively, while E2E materialization

takes 27.93ms since it also includes queueing, stream waits,

and launch delay.

Expert materialization remains stable as batch size grows.

From 𝐵cfg = 32 to 256, GLM-4.5’s E2E materialization latency

stays at 2.17ms, whileMixtral’s changes by less than 1%, with

no systematic increase in exposed stall. Intermediate results

at 𝐵cfg = 64 and 128 in Appendix B support this conclusion.

Figure 6 shows the cost-benefit trade-off behind Flux-

MoE’s throughput gain: each iteration takes longer but pro-

cesses more sequences. For GLM-4.5 at 𝐵cfg = 256, compared

with vLLM, FluxMoE increases 𝐵act by 17.6× (benefit) and

forward time by 1.1× (cost), due to the larger batch and GPU

contention from decompression. For Mixtral, compared with

vLLM-O, FluxMoE increases 𝐵act by 7.8× (benefit) while in-

creasing forward time by only 0.8% (cost). Compared with

FluxMoE-H, which has the same expert footprint, KV ca-

pacity, and nearly identical 𝐵act, FluxMoE’s lower material-

ization stall reduces forward time by 20.0%. This analysis is

consistent with Figures 4 and 5.

6.4 Residency Planner Analysis
The planner adjusts expert placement between GPU and

CPU in response to KV-cache pressure (§4.3). We evaluate

sensitivity to the planner’s control interval (CI) and adjust-

ment granularity (AG) (Exp#5), then compare adaptive and

fixed residency under changing KV-cache pressure (Exp#6).

(Exp#5) Residency planner sensitivity. We compare

against fixed residency with all routed-expert tensors com-

pressed in GPUmemory. At an output length of 4,096, we use

𝐵cfg = 256 for GLM-4.5 and Qwen3-Next, but 𝐵cfg = 32 for

Mixtral since its no-offload configuration leaves insufficient

GPU memory for runtime state at 𝐵cfg = 256. Before the first

adjustment, the default CI=16 corresponds to 3.0–4.5 s across

9
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Table 3. (Exp#3) Lossless decompression benchmark (mean ± std.). Uncompressed size is the BFloat16 volume decoded per

layer per GPU; for Mixtral, it covers the 87.5% assigned to the compressed GPU backend.

Model GPU Uncompressed size (GB) Storage saved (%) AVG latency (ms) P99 latency (ms) Thpt (GB/s)

Mixtral L40S 1.23 32.4 3.07 ± 0.14 3.13 ± 0.14 401.9 ± 0.8
Qwen3-Next L40S 0.81 32.1 2.03 ± 0.01 2.07 ± 0.02 396.5 ± 2.3
GLM-4.5 H20 0.94 32.5 2.17 ± 0.01 2.17 ± 0.01 435.4 ± 2.6

Table 4. (Exp#4) Per-layer expert materialization at output length 4,096 (mean ± std., ms). CPU Offloading and Decompression

report isolated PCIe-transfer and decompression time, respectively. E2E materialization spans load issuance to tensor readiness,

including queueing, streamwaits, and launch delay; Stall-free window spans issuance until tensor use; AVG stall is the remaining

wait, averaged across layers. For FluxMoE-H, C and D denote CPU- and compressed-GPU-backed layers, respectively.

Model Method Bcfg CPU Offloading Decompression E2E materialization Stall-free window AVG stall

GLM-4.5
FluxMoE 32 – 2.17 ± 0.01 2.17 ± 0.01 5.16 ± 0.43 < 0.01

FluxMoE 256 – 2.17 ± 0.01 2.17 ± 0.01 5.82 ± 1.15 < 0.01

Mixtral

FluxMoE 32 15.37 ± 5.00 3.12 ± 0.15 28.13 ± 1.62 21.19 ± 6.66 7.72 ± 4.97
FluxMoE-H 32 126.10 ± 12.54 3.50 ± 0.01 C: 200.74 ± 33.34

D: 3.51 ± 0.01
C: 100.30 ± 64.41
D: 13.46 ± 19.00 13.05 ± 36.27

FluxMoE 256 15.33 ± 4.95 3.13 ± 0.15 27.93 ± 1.53 21.50 ± 6.65 7.29 ± 4.79
FluxMoE-H 256 140.58 ± 12.12 3.51 ± 0.01 C: 204.00 ± 29.46

D: 3.52 ± 0.02
C: 105.27 ± 70.27
D: 13.66 ± 16.37 12.86 ± 37.18

models. We sweep CI over {8, 16, 32, 64} at AG=0.25 and AG

over {0.25, 0.5, 0.75, 1.0} at CI=16. All runs remain in the

down-projection stage: each reclamation offloads ⌈AG𝐿𝑟 ⌉
tensors per rank across pageable layers (𝐿𝑟 at AG=1.0); no

fused gate/up-projection tensor is selected.

Figure 7 shows that the default CI=16 and AG=0.25 remain

close to fixed residency while releasing 48.8 GB, 6.9 GB, and

1.9 GB of GPU memory for GLM-4.5, Qwen3-Next, and Mix-

tral, respectively, equal to 10.8%, 6.6%, and 3.1% of their com-

pressed routed-expert storage (Appendix B). H20’s higher

PCIe bandwidth permits more adjustments for GLM-4.5,

while Mixtral’s larger tensors quickly make loading limiting,

explaining its smaller release and lower sensitivity to CI and

AG. For GLM-4.5 and Qwen3-Next, all settings initially track

fixed residency while 𝐵act = 𝐵cfg. Once offloading begins, CI

values of 16, 32, and 64 remain close to the baseline, whereas

CI=8 releases 2.0× and 1.9× as much GPU memory as CI=16,

increasing PCIe traffic and reducing throughput. At CI=16,

larger AG lowers throughput by offloading more tensors per

adjustment; AG=0.25 remains closest to the baseline.

(Exp#6) Emulated runtime residency adaptation. As
vLLM fixes KV capacity at initialization, we emulate adap-

tation by splitting a workload with 𝐵cfg = 256 and output

length 4,096 across 41 engine launches. The first receives the

original prompts; later launches concatenate each prompt

with its accumulated output to reconstruct the growing KV

state. Each of the first 40 produces at least 256 × 100 new

tokens in aggregate; the final launch produces the remainder.

The first launch maximizes expert residency after reserv-

ing other runtime state and enough KV cache to prefill one

request. Before each subsequent launch, the planner uses the

preceding launch’s measurements to adjust residency: it first

makes uncompressed layers pageable, potentially several

at once since each launch spans multiple control intervals,

and then offloads tensors with AG=0.25 once all layers are

pageable. These transitions reverse as KV pressure falls.

We concatenate decoding iterations across launches. To

summarize performance, we compute aggregate throughput
as the total output tokens divided by the sum of the initial

launch’s prefill time and all decoding times, excluding recon-

struction prefills and relaunch overhead. The baseline uses

FluxMoE’s configuration from §6.1 in one launch; replay-

ing the configuration across 41 launches changes aggregate

throughput by less than 5% across models.

Figure 8 shows that the planner initially achieves higher

per-iteration throughput than fixed residency on all three

models by keeping more expert weights uncompressed and

GPU-resident. As KV pressure grows, paging and offload-

ing expand KV capacity at the cost of loading overhead; the

final throughput drop reflects request completion. For GLM-

4.5 and Qwen3-Next, reclaimed memory reduces request

suspension and sustains a larger 𝐵act, allowing completion

in fewer iterations. For Mixtral, the planner requires more

iterations and has a smaller 𝐵act than fixed residency, but

maintains higher per-iteration throughput through most of

decoding. Under this multi-launch emulation, adaptive resi-

dency improves aggregate throughput over fixed residency

by 20.9%, 16.9%, and 42.7% for GLM-4.5, Qwen3-Next, and

Mixtral, respectively. Because a dynamic-KV runtime would

incur unmodeled in-run resizing and reconfiguration over-

head, these gains are an optimistic estimate of the potential

benefit of integrating a resizable KV allocator.
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Figure 7. (Exp#5) Residency planner sensitivity. From left

to right: GLM-4.5, Qwen3-Next, and Mixtral.
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Figure 8. (Exp#6) Emulated runtime residency adaptation.

From left to right: GLM-4.5, Qwen3-Next, and Mixtral.

6.5 Online Serving Performance
We next test whether FluxMoE also reduces latency under

asynchronous arrivals and varying online load.

(Exp#7) Online serving performance.We use the same

ShareGPT prompts [3] as in offline evaluation, but keep

their original response lengths. Following prior evaluations

[13, 22, 44, 51], wemodel request arrivals as a Poisson process

and evaluate FluxMoE at 5, 10, 20, and 40 req/s, reporting

10 req/s here and the others in Appendix B. Each run uses

10 warm-up and 1,000 measured requests. We set vLLM’s

concurrency limit, max_num_seqs, to 256 tomatch the largest

offline 𝐵cfg, or 512 to increase KV pressure. The realized 𝐵act

is bounded by this limit, the batch supported by KV capacity,

and the number of ready requests. At 10 req/s, all systems

saturate at limit 256; at 512, only FluxMoE on GLM-4.5 and

Qwen3-Next remains unsaturated.

Figure 9 shows the E2E-latency CDFs. Across all three

models, FluxMoE outperforms KTransformers because it

avoids CPU expert computation and result merging. For

GLM-4.5 at a concurrency limit of 256, FluxMoE’s P50 is 4.6%

above vLLM’s since vLLM’s resident weights incur no ma-

terialization. Raising the concurrency limit from 256 to 512

allows FluxMoE to exploit its larger KV capacity and sustain

a larger 𝐵act than vLLM. The resulting batching benefit out-

weighs materialization, lowering P50 by 67.3% versus vLLM

and 24.9% versus vLLM-O. The latter frees KV memory but

still incurs whole-layer PCIe prefetching. FluxMoE avoids

manually switching between vLLM’s weight-resident mode
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Figure 9. (Exp#7) Online serving performance at 10 req/s.

From left to right: GLM-4.5, Qwen3-Next, and Mixtral.

and vLLM-O’s offloading mode as online conditions change.

For Mixtral, where vLLM cannot fit, FluxMoE lowers P50

by 18.7% (24.1%) over FluxMoE-H at limit 256 (512). Since

both provide the same KV capacity, FluxMoE’s gain comes

from bandwidth-balanced allocation, which reduces mate-

rialization overhead. Across 5, 20, and 40 req/s, FluxMoE

has the lowest P50 in all three models with a limit of 512,

matching the same trend observed at 10 req/s (Appendix B).

7 Related Work
MoE expert offloading. Earlier dense-model systems place

parameters across GPU, CPU, and NVMe to run models be-

yond GPU capacity [29, 32]. In MoE models, loading experts

from lower-tier memory creates massive PCIe traffic and

makes bandwidth a throughput bottleneck [6, 21, 39]. MoE

systems instead offload experts through four approaches: (i)

CPU-GPU co-inference systems execute expert computation

on both devices [7, 21, 49] or pipeline computation with

weight transfers [6]; (ii) Prediction-based methods exploit

request histories [39, 45], cross-layer routing signals [11], or

learned predictors [14] to cache and prefetch experts; some

further combine prediction with adaptive gating [48] or task-

aware residency [33]; (iii) Model-level approaches modify

routing to reveal future expert choices [18] or fine-tune it to

concentrate expert demand into a smaller working set [30];

and (iv) Batched-inference methods improve cache reuse

and overlap expert loading through priority-based expert

caching [23] or expert-aware multi-batch scheduling [10].

FluxMoE keeps expert computation on GPUs and preserves

routing, avoiding CPU expert-compute, output-merge, and

prediction-miss overheads. Using the fixed layer order, Flux-

MoE materializes next-layer experts from compressed GPU

memory and host DRAM concurrently, reducing PCIe stalls

while freeing GPU memory for the KV cache.

KV-cache management in LLMs. KV-cache management

follows two lines of work. The first optimizes cache layout

and reuse within GPU memory to reduce fragmentation and

redundant storage [22, 42, 43, 47]; the second moves KV
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state across devices and storage tiers to expand capacity or

support disaggregated serving [25, 28, 50]. All assume model

weights are persistent GPU-resident state; FluxMoE breaks

this assumption by making experts dynamic and evictable,

freeing memory for the KV cache these systems manage.

8 Conclusion
FluxMoE is an MoE serving system that decouples experts

from persistent GPU residency via expert paging. It employs

PagedTensor, a two-tier memory hierarchy, and a budget-

aware residency planner. Experiments on NVIDIA GPUs

show that FluxMoE achieves up to 7.2× vLLM’s throughput

and 79.0% lower TPOT for GLM-4.5, and 4.3× the throughput
of KTransformers for Mixtral-8×7B-Instruct, when vLLM

cannot fit, without measurable model-quality loss.
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(b) Per-layer average fractions across iterations

Figure 10.Active-expert fractions during decoding for GLM-

4.5 [34] (left) and Qwen3-Next-80B-A3B-Instruct [40] (right).

This appendix provides analyses and evaluation details

omitted from the paper. We first characterize large-batch

expert activation and the bit-level compressibility of MoE

expert weights (Appendix A), then supplement our experi-

ments with additional results (Appendix B), and finally verify

that FluxMoE preserves model quality (Appendix C).

A Additional Analysis
Large-batch expert activation. To quantify expert activa-

tion at large batch sizes, we run vLLM [22] with the model

and prompt configurations in §6.1 and profile the fraction of

routed experts activated at configured batch sizes of 32, 64,

128, and 256. We select GLM-4.5 [34] and Qwen3-Next-80B-

A3B-Instruct [40] since they combine large routed-expert

pools (160 and 512 experts per layer, respectively) with sparse

per-token routing (top-8 and top-10, respectively). For every

decoding iteration and MoE layer, we record the number

of distinct routed experts selected by the scheduled tokens.

Shared experts are excluded from both the counts and pool

sizes. Since KV capacity may prevent the system from pro-

cessing the full configured batch, we measure activation

only in decoding iterations whose scheduled sequence count

reaches at least 90% of the run’s maximum. Each retained

layer–iteration pair forms one sample, whose active-expert

fraction is the distinct routed-expert count divided by that

layer’s routed-expert count.

Figure 10(a) pools these samples’ active-expert fractions

across layers and iterations, reporting their average and stan-

dard deviation. The average active-expert fraction rises with

configured batch size, reaching nearly 100% for GLM-4.5 [34]

and over 70% for Qwen3-Next-80B-A3B-Instruct [40] at a

configured batch size of 256 since larger scheduled batches

generate more routing decisions. GLM-4.5 has a higher frac-

tion since each GLM-4.5 token selects 5% of its expert pool,

whereas each Qwen3-Next-80B-A3B-Instruct token selects

about 2%. For Qwen3-Next-80B-A3B-Instruct, the fraction
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(a) Experts of Layer 0 in Mixtral-8×7B-Instruct [20]
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(b) Experts of Layer 20 in Qwen3-Next-80B-A3B-Instruct [40]

Figure 11. Exponent and mantissa distribution analysis of

MoE expert weights.

plateaus as the configured batch size increases from 128 to

256 since limited KV capacity prevents more sequences from

being scheduled. Figure 10(b) instead averages the samples’

active-expert fractions across retained iterations separately

for each layer. The active-expert fraction increases in nearly

all layers rather than only a few outliers since a larger sched-

uled batch supplies more routing decisions to every layer.

These results motivate layer-wise expert streaming: large

batches activate most experts within each layer, shifting the

memory-saving opportunity from expert-level caching to

cross-layer memory reuse.

Expert-weight compressibility. To characterize the com-

pressibility of MoE expert weights, we profile the BFloat16

routed-expert weights of Mixtral-8×7B-Instruct [20] and
Qwen3-Next-80B-A3B-Instruct [40] across their MoE layers.

We separate the weights into exponent and mantissa fields

and compute their empirical distributions across experts.

Figure 11 presents one representative layer from each

model. The exponent bits (8 bits in BFloat16) are highly con-

centrated within a narrow range of magnitudes, exhibiting

a sharp probability peak and correspondingly low entropy.

In contrast, the mantissa fields (7 bits) are nearly uniformly

distributed, suggesting limited compression gains from their

empirical symbol frequencies. This contrast in field-level

entropy is consistent across the profiled models and layers.

Note that prior studies [9, 15, 16, 46] have also identified

the distinct entropy patterns in mantissas and exponents in

traditional dense models. Our profiling targets the sparse

computing paradigm in MoE and confirms that MoE expert

weights show a highly compressible exponent structure.

B Additional Evaluation Results
We supplement §6 with four sets of results: (i) offline and

online performance under TP-only FluxMoE execution (Fig-

ures 12 and 13); (ii) intermediate-batch materialization mea-
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Figure 12. Offline performance of FluxMoE and FluxMoE-TP.
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Figure 12. Offline performance of FluxMoE and FluxMoE-

TP (continued).

surements for Exp#4 (Table 5); (iii) planner-sensitivity data

for Exp#5 (Table 6); and (iv) online serving results at addi-

tional request rates for Exp#7 (Figure 14).

FluxMoE-TP offline and online performance. Because
KTransformers [7] does not support EP, we implement a

TP-only variant, FluxMoE-TP, retaining the mechanisms in

§4. We evaluate it offline and online with the same GPU

deployments and residency configurations as FluxMoE, using
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Figure 13. Online performance of FluxMoE and FluxMoE-

TP. From left to right: GLM-4.5, Qwen3-Next, and Mixtral.

TP degrees of 8, 4, and 2 for GLM-4.5, Qwen3-Next, and

Mixtral, respectively.

We reuse FluxMoE’s offline results from Exp#1 and Exp#2

(Figures 4 and 5) and its online serving results from Exp#7

(Figure 9). Figures 12 and 13 compare them with FluxMoE-

TP. In offline evaluations, FluxMoE-TP stays within 3.9% of

FluxMoE in throughput and 2.6% in average TPOT. Across

all evaluated model-workload settings, FluxMoE-TP reduces

FluxMoE’s mean TTFT by at most 14.9%. For online serving

evaluations, FluxMoE-TP’s P50 and P95 E2E latencies differ

from FluxMoE’s by at most 4.8% and 3.8%, respectively, on

GLM-4.5 and Qwen3-Next. On Mixtral, FluxMoE-TP reduces

P50 by 13.6% (14.4%) and P95 by 12.0% (6.7%) at concurrency

limit 256 (512). The similar offline and online performance
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Table 5. (Exp#4) Additional expert-materialization results at 𝐵cfg ∈ {64, 128} and at output length 4,096 (mean ± std., ms). CPU

Offloading and Decompression report isolated PCIe-transfer and decompression time, respectively. E2E materialization spans

load issuance to tensor readiness, including queueing, stream waits, and launch delay; Stall-free window spans issuance until

tensor use; AVG stall is the remaining wait, averaged across layers. For FluxMoE-H, C and D denote CPU- and compressed-

GPU-backed layers, respectively.

Model Method Bcfg CPU Offloading Decompression E2E materialization Stall-free window AVG stall

GLM-4.5
FluxMoE 64 – 2.17 ± 0.01 2.17 ± 0.01 5.37 ± 0.54 < 0.01

FluxMoE 128 – 2.17 ± 0.01 2.17 ± 0.01 5.68 ± 0.90 < 0.01

Mixtral

FluxMoE 64 15.28 ± 4.97 3.13 ± 0.15 27.84 ± 1.66 21.64 ± 6.50 7.17 ± 4.76
FluxMoE-H 64 155.02 ± 16.82 3.51 ± 0.02 C: 207.96 ± 27.75

D: 3.51 ± 0.02
C: 106.50 ± 75.59
D: 12.65 ± 13.77 13.00 ± 39.19

FluxMoE 128 15.30 ± 4.91 3.13 ± 0.15 28.08 ± 1.49 20.86 ± 6.68 7.85 ± 4.93
FluxMoE-H 128 146.10 ± 13.41 3.51 ± 0.01 C: 206.70 ± 29.06

D: 3.52 ± 0.02
C: 106.37 ± 72.60
D: 13.31 ± 15.69 13.05 ± 38.17

Table 6. (Exp#5) Released down-projection tensors and GPU memory across all GPUs. Each cell reports released storage /

total compressed down-projection storage; fused gate/up-projection tensors remain untouched.

Setting
GLM-4.5 Qwen3-Next Mixtral

Tensors
(released/total)

Memory (GB)
(released/total)

Tensors
(released/total)

Memory (GB)
(released/total)

Tensors
(released/total)

Memory (GB)
(released/total)

All-compressed 0/14,240 0/151.2 0/24,576 0/35.0 0/256 0/20.3

AG=0.25 CI=8 9,200/14,240 97.7/151.2 9,216/24,576 13.1/35.0 42/256 3.3/20.3
AG=0.25 CI=16 4,600/14,240 48.8/151.2 4,864/24,576 6.9/35.0 24/256 1.9/20.3
AG=0.25 CI=32 2,320/14,240 24.6/151.2 2,432/24,576 3.5/35.0 18/256 1.4/20.3
AG=0.25 CI=64 1,200/14,240 12.7/151.2 1,280/24,576 1.8/35.0 14/256 1.1/20.3

CI=16 AG=0.25 4,600/14,240 48.8/151.2 4,864/24,576 6.9/35.0 24/256 1.9/20.3
CI=16 AG=0.50 9,200/14,240 97.7/151.2 9,216/24,576 13.1/35.0 40/256 3.2/20.3
CI=16 AG=0.75 9,960/14,240 105.7/151.2 9,600/24,576 13.7/35.0 54/256 4.3/20.3
CI=16 AG=1.00 11,680/14,240 124.0/151.2 9,728/24,576 13.8/35.0 72/256 5.7/20.3

of FluxMoE and FluxMoE-TP shows that FluxMoE’s gains

over KTransformers do not come from enabling EP.

(Exp#4) Materialization across batch sizes. Table 5 ex-
tends the per-layer materialization breakdown in Table 4 to

the intermediate 𝐵cfg = 64 and 128 settings, omitted from the

main paper for space. At both intermediate batches, GLM-4.5

exposes less than 0.01ms of average stall, consistent with

the 𝐵cfg = 32 and 256 results shown in Table 4. Across all

four batches, GLM-4.5’s E2E materialization remains 2.17ms,

while Mixtral’s varies by at most 1.1%, showing that increas-

ing batch size does not systematically slow materialization.

At 𝐵cfg = 64 and 128, FluxMoE reduces Mixtral’s average

stall by 39.8–44.8% relative to FluxMoE-H, consistent with

the stall reductions at 𝐵cfg = 32 and 256 in Table 4.

(Exp#5) Tensor release acrossCI andAG settings.Table 6
reports released tensor counts and storage volumes for all CI

and AG settings, extending the default CI=16 and AG=0.25

results in §6.4. All runs stop before exhausting the down-

projection tensors, so these results cover only the planner’s

first tensor-level stage; no fused gate/up-projection tensor is

offloaded. At CI=16 and AG=0.25, the planner releases 4,600,

4,864, and 24 down-projection tensors for GLM-4.5, Qwen3-

Next, and Mixtral, respectively. This frees 48.8 GB, 6.9 GB,

and 1.9 GB of GPU memory, equivalent to 32.3%, 19.7%, and

9.4% of their compressed down-projection storage. Relative

to each model’s total compressed routed-expert storage, the

released fractions are 10.8%, 6.6%, and 3.1%, respectively. The

released fractions differ acrossmodels since the planner stops

offloading when additional loading would delay inference,

rather than always targeting a fixed release fraction. GLM-4.5

permits more adjustments since H20 provides higher PCIe

bandwidth. For Mixtral, 𝐿𝑟 = 4, so each of the 12 AG=0.25

adjustments offloads one down-projection tensor per GPU

rank, releasing 24 tensors across two ranks.

At AG=0.25, increasing CI from 8 to 64 reduces released

GPUmemory by 87.0%, 86.3%, and 66.7% for GLM-4.5, Qwen3-

Next, and Mixtral, respectively. Released GPU memory de-

creases across all three models since a larger CI invokes the

planner less often, allowing fewer reclamation steps before

the workload completes.
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Figure 14. (Exp#7) Online performance at 5 requests/s (left) and 20 requests/s (right). For each panel, from left to right:

GLM-4.5, Qwen3-Next, and Mixtral.
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Figure 14. (Exp#7) Online performance at 40 requests/s.

From left to right: GLM-4.5, Qwen3-Next, and Mixtral.

At CI=16, increasing AG from 0.25 to 1.0 raises the released

fraction of compressed down-projection storage from 32.3%

to 82.0% for GLM-4.5, 19.7% to 39.4% for Qwen3-Next, and

9.4% to 28.1% for Mixtral. The total released tensor count

does not scale linearly with AG: a larger AG offloads more

tensors per reclamation but also increases materialization

demand, causing the planner to trigger fewer reclamations

before completion. For GLM-4.5 and Qwen3-Next, increasing

AG from 0.25 to 0.5 doubles the per-step tensor count. Since

the number of adjustments changes little, the total released

tensor count nearly doubles. Above AG=0.5, larger per-step

releases increase materialization time and cause the planner

to stop offloading earlier, so total release grows more slowly.

Mixtral’s released fraction grows nearly linearly with AG.

Each compressed tensor in Mixtral is large, so increasing AG

substantially increases the memory released per adjustment,

while the number of adjustments decreases only from 12 at

AG=0.25 to 9 at AG=1.0.

(Exp#7) Online serving at additional request rates. We

report all three models at 10 requests/s in §6.5; Figure 14

extends the evaluation to 5, 20, and 40 requests/s to cover

lighter and heavier loads. At 5 requests/s, FluxMoE on GLM-

4.5 is saturated at a concurrency limit of 256 but unsaturated

at 512. On Qwen3-Next, both FluxMoE and vLLM are unsatu-

rated under both limits. All remaining settings are saturated.

At 5 requests/s, FluxMoE’s P95 latency on Qwen3-Next is

66.0% and 30.5% higher than vLLM’s at limits of 256 and 512,

respectively. In these runs, 𝐵act is limited by ready requests

rather than KV capacity, so FluxMoE gains no batching ben-

efit to offset its materialization overhead. For GLM-4.5 at a

concurrency limit of 256, FluxMoE’s P95 is 39.0% higher than

vLLM’s. The reason is that the 256 limit prevents FluxMoE

from using its additional KV capacity to increase 𝐵act, but

it still incurs per-layer materialization overhead. At a limit

of 512, FluxMoE’s P95 is 33.7% lower than vLLM’s. Raising

the limit from 256 to 512 allows FluxMoE to exploit its ad-

ditional KV capacity, sustain a larger 𝐵act than vLLM, and

reduce queueing. For Mixtral, FluxMoE lowers P95 relative

to FluxMoE-H by 27.5% and 22.4% at limits of 256 and 512,

respectively, since bandwidth-balanced backends reduce ma-

terialization overhead under the same offload budget.

At 20 and 40 requests/s, every system saturates for all three

models under both concurrency limits. FluxMoE achieves

the lowest P50 in every case. For instance, at a concurrency

limit of 256 and 20 requests/s, FluxMoE reduces P50 by 15.5%

over vLLM on GLM-4.5, 8.7% over vLLM on Qwen3-Next,

and 26.8% over FluxMoE-H on Mixtral. At 40 requests/s, the

corresponding reductions are 8.6%, 6.8%, and 25.5%, respec-

tively. For GLM-4.5 and Qwen3-Next, additional KV capacity

supports larger 𝐵act than vLLM. For Mixtral, FluxMoE’s gains

over FluxMoE-H instead reflect lower materialization over-

head at the same KV capacity.

Overall, these additional request rates contextualize the 10

requests/s results in §6.5: extra KV capacity benefits serving

when it can increase 𝐵act; limited request availability or a

restrictive concurrency limit can leave that capacity unused

while materialization overhead remains.
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Table 7. (Exp#8) Perplexity evaluation of the three models on the WikiText-2-Raw-v1 [26] test split.

Model Tokenizer Scored
tokens

Number of
windows TP/EP

Perplexity

vLLM FluxMoE |𝚫|

GLM-4.5 PreTrainedTokenizerFast 289,722 563 8/8 3.6497 3.6497 0.0000

Qwen3-Next Qwen2Tokenizer 299,077 582 4/4 5.2456 5.2456 0.0000

Mixtral LlamaTokenizerFast 334,659 651 4/4 3.6976 3.6976 0.0000

C Model-Quality Evaluation
We evaluate whether FluxMoE’s dynamic materialization

and lossless compression affect model quality.

(Exp#8) Perplexity evaluation. Following prior work on

LLM compression [12, 24], we use perplexity on the complete

test split of WikiText-2-Raw-v1 [26] to evaluate whether

FluxMoE preserves the model quality of weight-resident

vLLM [22]. We evaluate the same three MoE models used

in our performance experiments: GLM-4.5, Qwen3-Next,

and Mixtral. For each model, both systems use the same

checkpoint, tokenizer, TP/EP configuration, and evaluation

inputs. ForMixtral, we use TP/EP degrees of 4/4 since weight-

resident vLLM [22] runs out of GPU memory at a TP degree

of 2 on L40S; TP=4 allows both systems to complete the

perplexity comparison using the same checkpoint. To con-

struct the evaluation input, we concatenate all text entries

in the test split using double-newline separators and tok-

enize the resulting text as a single continuous sequence with

each model’s native tokenizer. We do not add beginning-of-

sequence (BOS) or end-of-sequence (EOS) tokens. We use a

sliding context window of 2,048 tokens with a stride of 512

tokens. Overlapping tokens provide context only; for each

window, we score only the newly introduced tokens. We

process each window independently with a batch size of one,

without cross-window KV cache reuse or prefix caching.

Table 7 compares the perplexity obtained by vLLM and

FluxMoE. Since each model uses its native tokenizer, the

sameWikiText-2 input produces different numbers of scored

tokens and sliding windows. vLLM and FluxMoE achieve

identical perplexities for all three models: 3.6497 for GLM-4.5,

5.2456 for Qwen3-Next, and 3.6976 for Mixtral, demonstrat-

ing that FluxMoE’s dynamic expert materialization and loss-

less decompression introduce no measurable model-quality

loss relative to vLLM at the reported precision.
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