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Abstract

GPU spatial sharing can improve utilization as LLM work-

loads fluctuate across launches, but resource-driven kernel

reshaping can change floating-point reduction order and

output bits. We present Vitamin-E, a runtime that adapts

physical GPU allocation without rewriting the submitted

computation. Its parallel-structure invariant preserves kernel
binaries, launch structures, and application-required depen-

dencies. Immutable operation descriptors and logical comple-

tion tokens enable late binding of ready work to compatible,

pre-created Green Contexts. For fixed-structure determin-

istic workloads in an unchanged environment, Vitamin-E

preserves bitwise-identical outputs across eligible alloca-

tions. Across 1,000 operator trials and 100 fixed-state first-

token replays, Vitamin-E preserves bitwise equality; reshap-

ing changes the selected token in five replays. Separately,

Vitamin-E achieves 1.38–1.63× the geometric-mean aggre-

gate normalized training throughput of five baselines and

8.1–58.4% lower geometric-mean inference p99 latency in

mixed workloads. These results demonstrate that GPU spa-

tial elasticity can improve performance without sacrificing

bitwise determinism under the parallel-structure invariant.

Keywords

GPU spatial sharing, LLM systems, determinism, late binding

1 Introduction

LLM training and serving expose varying GPU demand:

compute alternates with communication and transfer, while

inference alternates between prefill, decode, and idle peri-

ods [4, 16, 22]. Spatial sharing can exploit complementary de-

mand if allocations follow these changes across launches [30].

MPS, MIG, and Green Contexts preserve submitted kernels

but bind resources at the process, instance, or context level,

limiting adaptation to changing per-launch demand [6, 7, 18].

Recent systems pursue finer-grained, kernel-level scheduling

to adapt resources dynamically [5, 15]. However, approaches

* Both authors contributed equally to this work.
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Figure 1: One prompt, one fixed state, 100 replays of the first gener-

ated token. Reshaping changes the selected token in five replays;

Vitamin-E preserves bitwise-identical logits and probabilities.

that reshape block sizes, grid dimensions, or work decompo-

sition can change floating-point reduction order [5, 15, 35].

Consequently, numerical outputs may depend on transient

resource availability and unrelated co-tenant activity.

For LLMs, small numerical differences can become visible

at the output. When leading logits are close, a perturbation

can change the greedy argmax even at temperature zero [12].

Figure 1 demonstrates this effect at one fixed decoding state.

Such sensitivity complicates debugging, failure reproduction,

regression testing, evaluation reproducibility, and rollout–

training consistency [17, 23]. Batch formation and sequence

length can also change the computation; here we isolate

resource-driven kernel reshaping during GPU spatial sharing,

holding the execution otherwise fixed.

Our key insight is that GPU execution decouples logi-

cal parallel structure from physical resource allocation. The

same kernel grid can execute on different numbers of SMs

by varying block placement and wave count, without chang-

ing its work decomposition. We formalize this separation

as the parallel-structure invariant: physical allocation may

vary, while the kernel binary, submitted parallel structure,

and application-required happens-before order remain un-

changed. For workloads that are already fixed-structure de-

terministic in an unchanged environment, preserving this

invariant guarantees bitwise-identical outputs across eligible
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allocations. This establishes a foundation for fine-grained

GPU elasticity without sacrificing determinism.

We realize this contract in Vitamin-E, a runtime that late-

binds ready operations to compatible Green Contexts. The

challenge is to preserve stream and event semantics across

changing contexts, safely reuse overlapping allocations, and

minimize coordination overhead. Immutable operation de-

scriptors and logical dependency tokens decouple application

execution from physical resources, while a pre-created hi-

erarchical context pool enables efficient and safe rebinding.

This separation allows scheduling policies to dynamically

assign available SM capacity to ready operations, adapting

to workload demand without modifying kernel structure or

required dependencies. By reducing resource waiting and re-

claiming idle capacity, Vitamin-E improves GPU utilization

and colocated workload performance.

2 Parallel-Structure Invariance

Contract and invariant. For launch 𝑘 , let 𝐵𝑘 denote its

kernel binary, 𝐶𝑘 its submitted parallel structure (launch ge-

ometry and logical work decomposition), and 𝑃𝑘 its physical

allocation. Let 𝑋 include inputs, argument values, and initial

device-visible state, and let𝐻 denote the application-required

happens-before order. A workload is fixed-structure determin-
istic if executions with identical 𝑋 , {𝐵𝑘 }, {𝐶𝑘 }, and 𝐻 pro-

duce bitwise-identical outputs in a fixed hardware/software

environment. Our parallel-structure invariant requires 𝐵′
𝑘
=

𝐵𝑘 , 𝐶
′
𝑘
=𝐶𝑘 , and 𝐻

′ = 𝐻 , while allowing physical allocation

𝑃 ′
𝑘
to vary with 𝑋 and the environment unchanged. Such

adaptation may change block placement, wave count, ex-

ecution overlap, and completion time without modifying

the submitted computation. For fixed-structure determinis-

tic workloads, preserving this invariant guarantees bitwise

equality across eligible physical allocations.

Why reshaping matters. Resource-driven reshaping in-

stead replaces𝐶𝑘 with
˜︁𝐶𝑘 = 𝑔(𝐶𝑘 , 𝑅𝑘 ), where𝑅𝑘 denotes tran-

sient resource state. For example, 𝜇Share changes block sizes,

while LithOS decomposes kernels into execution atoms [5,

15]. Floating-point addition is non-associative: for some

𝑎, 𝑏, 𝑐 , (𝑎⊕𝑏) ⊕𝑐 ≠ 𝑎⊕ (𝑏⊕𝑐) [10]. Repartitioning a reduction
or Split-K GEMM can therefore alter the accumulation tree

and output bits. Not every transformation changes the result,

but resource-dependent reshaping can make numerical out-

puts depend on transient resource availability and co-tenant

activity. Figure 2 illustrates this distinction.

Scope and limitations. The guarantee preserves existing

determinism; it does not make arbitrary GPU programs

deterministic. Data races, order-sensitive atomics, clock-

dependent code, and nondeterministic library routines can

violate the premise [17, 21, 33]. Changes in architecture,
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Figure 2: Output drift over 1,000 matched-input trials. Reshaping

changes reduction and Split-K GEMM outputs; allocation-only re-

binding preserves every output bit.

compiler, algorithm, or precision are also outside the con-

tract [3, 31]. The invariant governs changes in physical allo-

cation, not application-defined computation; reproducibility

across application configurations may require complemen-

tary algorithms or serving-layer controls [1, 32]. Finally,

allocation changes must remain compatible with the orig-

inal launch, including any special residency requirements.

Appendix A formalizes the contract.

3 The Vitamin-E Runtime

Immutable logical execution. A virtual context (vCtx)
maintains application-visible streams, events, synchroniza-

tion state, and immutable operation descriptors indepen-

dently of physical allocation. Each kernel descriptor captures

entry point, launch-time argument values, grid and block

dimensions, dynamic shared-memory size, and launch at-

tributes. Arguments are copied by value, including pointer

values; the application remains responsible for the lifetime

and synchronization of referenced memory. Memory copies

and memsets are represented similarly to preserve their de-

pendencies. Scheduling policies may select where operations

execute but cannot modify their descriptors or dependencies.

Dependencies across physical contexts. Each operation

produces a completion token and captures its predecessors.

A logical stream forms a token chain regardless of which

backend stream executes each operation. An event record

creates a generation tied to the recording stream’s comple-

tion point; a wait captures the visible generation, preventing

re-recording from retargeting waits. Default-stream depen-

dencies are represented explicitly rather than inherited from

backend streams. Only operations with completed predeces-

sors enter the ready queue (Figure 3). This prevents rebinding

from violating dependencies or occupying scarce allocations

with work that cannot yet execute. Appendix B details event

generations and default-stream semantics.

Allocation reuse and preparation. A physical context

(pCtx) combines a Green Context, nonblocking backend

2
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Figure 3: Immutable operations and logical dependencies are sepa-

rated from replaceable physical contexts. The dispatcher validates

each proposed binding before submission.
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Figure 4: Physical-context transitions. Reuse of overlapping alloca-

tions waits for outstanding work to drain.

streams, and work-queue state [18]. To avoid context cre-

ation at dispatch time, Vitamin-E maintains a bounded hier-

archy of pre-created allocations. Leaves represent minimum

allocation units, while internal nodes cover unions of their

descendants; complementary contexts expose remaining SMs

without enumerating arbitrary subsets. Overlapping alloca-

tions cannot hold leases simultaneously. A pCtx transitions

among idle, leased, draining, and reserved states (Figure 4).

Reclamation closes admission to conflicting allocations and

waits for outstanding kernels to drain, without preemption,

before transferring leases. Reservation protects recurring

latency-critical work, while lookahead begins draining con-

flicting contexts before a known predecessor completes. The

hierarchy tracks conflicting leases without rebuilding con-

texts at each scheduling decision. Appendix C illustrates

reservation and lookahead.

Compatibility and enforcement. A policy selects a ready

operation and a candidate allocation. Eligibility requires that

the backend can execute the unchanged descriptor with valid

code and memory access, supported launch attributes, and

sufficient resources for its launch constraints. Immediately

before submission, the dispatcher rechecks eligibility, readi-

ness, the admission gate, and lease non-overlap. A rejected

proposal leaves the operation unchanged for another deci-

sion. Specialized CUDA APIs require explicit modeling of

context-local state and synchronization (Appendix D).

Prototype. The prototype comprises approximately 6K lines

of C++ and 1K lines of CUDA. An LD_PRELOAD library inter-

cepts launches, memory operations, stream/event operations,

and synchronization. A daemon manages scheduling deci-

sions and context leases, while clients retain CUDA handles

and submit operations through local Green Contexts. Clients

and the daemon exchange compact records through preal-

located shared-memory rings; client threads submit work

and poll completion events in batches. CUDA Graph replay

is disabled: supporting it requires preserving captured node

descriptors and dependencies during rebinding.

4 Evaluation

Experimental setup. End-to-end colocation experiments

use H20 GPUs; determinism, policy, and overhead experi-

ments use an H200. The decoding test uses SGLang with

Llama 3.1 and deterministic execution enabled [11, 20, 34].

CUDA Graph replay is disabled in all compared decoding

and trace-driven serving configurations. We evaluate bitwise

equality in operator tests and fixed-state decoding replays,

and assess performance separately in colocated-training and

mixed-workload experiments. Colocated-training baselines

include temporal sharing, MPS, MIG, Orion, and Salus [25,

30]. Mixed-workload comparisons additionally include our

reproduction of LithOS’s published atomization logic, which

may omit optimizations from the original system [5]. For

mixed workloads, we report both foreground inference la-

tency and background training throughput to distinguish

sharing gains from co-tenant starvation.

Numerical preservation. Exclusive fixed-structure runs

are bitwise identical, establishing the premise before adapta-

tion. In 1,000 matched-input trials of a reduction and Split-K

GEMM, reshaping repartitions work while Vitamin-E varies

only physical allocation under matched interference. Re-

shaping produces drift; Vitamin-E preserves every output

bit (Figure 2). For the token-level test, we fix one prompt and

replay the state for its first generated token 100 times with

temperature-zero greedy decoding. We compare LM-head

logits, softmax probabilities, and the selected token. Reshap-

ing changes the selected token in five replays; Vitamin-E

preserves bitwise-identical logits and probabilities with no

flips (Figure 1). The fixed-state replays demonstrate token

sensitivity to reshaping at this state.

Sharing performance. The eight training pairs span dense

training, LoRA, QLoRA with CPU offload, and distributed

Qwenworkloads [8, 14, 26, 29]. Vitamin-E achieves the high-

est aggregate normalized throughput in all pairs (Figure 5),
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with geometric-mean gains of 1.38–1.63× over the five base-

lines. Gains over the strongest baseline are 1.08–1.11× for

dense single-GPU pairs and reach 1.84× when transfer or

communication exposes more slack. This pattern is consis-

tent with reclaiming idle capacity across launches; preserv-

ing structure does not itself make an individual kernel faster.

In four pairings of ResNet or BERT training with Llama 3

or GPT-J inference (Figure 6) [9, 13, 27], Vitamin-E has the

lowest inference p99 latency and highest or tied-highest back-

ground throughput. Geometric-mean results across work-

loads show 8.1–58.4% lower p99 latency and 1.05–1.36× the

background throughput of the compared systems. Reserva-

tion and selective reclamation are designed to reduce infer-

ence waiting while retaining background progress.

Policy flexibility. On Azure, LongBench, and BurstGPT

traces [2, 24, 28], TPOT-First reduces time-per-output-token

(TPOT) SLO violations by 21.2%, 23.4%, and 46.1% relative

to the throughput-oriented policy. The policies use offline

profiles of recurring launches across the pool’s allocation

sizes. The throughput-oriented policy first favors concur-

rency, then assigns additional SMs where they yield greater

normalized progress. TPOT-First reserves decode capacity

and prepares a wider allocation when a predicted deadline

is at risk. Both policies preserve the same descriptors and

dependencies. On BurstGPT, time-to-first-token (TTFT) vio-

lations rise from 4.33% to 6.37%: reserving decode capacity

can delay prefills. This demonstrates mechanism–policy sep-

aration: scheduling policies can pursue different performance

objectives without violating the parallel-structure invariant.

Runtime overhead. For BF16 GEMM with 𝑀 = 512,

𝐾 = 8192, and 𝑁 = 28672, p95 end-to-end latency is 404 𝜇s

natively, 2,069 𝜇s with on-demand context creation, 432 𝜇s

with a flat pre-created pool, and 407 𝜇s with the hierarchical

pool. This comparison isolates pooling choices within the

Green Context backend. The 0.7% overhead is specific to this

GEMM; shorter kernels may incur higher relative overhead.

At the largest pool configuration, the hierarchy uses 1,163

MiB of GPU memory and 318 MiB of host RSS, compared

with 2,533 MiB and 552 MiB for MPS-Pool, which provisions

a separate MPS context for each supported resource share.

Figure 10 details latency and pool memory costs.

5 Discussion and Conclusion

Our numerical evaluation covers operators and one fixed

decoding state, while sharing performance is evaluated

separately under the parallel-structure invariant. The ben-

efits of late binding depend on exploitable idle capacity

across launches, with greater opportunities in transfer-

and communication-heavy workloads. Dynamic MoE ex-

pert routing requires targeted validation, while fused or

persistent kernels offer fewer opportunities to adjust SM

allocations between launches.

Vitamin-E improves throughput and tail latency through

fine-grained GPU spatial sharing while preserving the sub-

mitted computation. By decoupling logical execution from

physical allocation, Vitamin-E enables flexible scheduling
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under the parallel-structure invariant. These results demon-

strate that GPU spatial elasticity need not sacrifice bitwise

determinism for fixed-structure deterministic workloads.
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Figure 7: Logical dependency tracking across physical contexts: (a)

stream-local ordering and (b) cross-stream event dependencies.

A Formal Execution Contract

Represent an execution by

𝐸 = (E, 𝑋, {𝐵𝑘 }, {𝐶𝑘 }, 𝐻, 𝑃),
where E is the hardware/software environment, 𝑋 the in-

puts and initial device-visible state, 𝐵𝑘 the kernel binary, 𝐶𝑘

the submitted parallel structure, 𝐻 the application-required

happens-before order, and 𝑃 = {𝑃𝑘 } the physical allocations.
Let 𝐸′ differ from 𝐸 only in its admissible allocation sequence

𝑃 ′ = {𝑃 ′
𝑘
}, and let 𝐹 (𝐸) denote the application-visible output.

A workload is fixed-structure deterministic if 𝐹 (𝐸) = 𝐹 (𝐸′)
bitwise for all such admissible allocation sequences. With

𝑋 and E fixed, Vitamin-E must preserve {𝐵𝑘 }, {𝐶𝑘 }, and 𝐻
when selecting 𝑃 ′.

Immutable descriptors preserve kernel binaries, parallel

structures, and captured argument values, while logical pre-

decessor tokens preserve application-required dependencies.

The application remains responsible for memory lifetimes

and synchronization of referenced data. Physical schedul-

ing may serialize operations incomparable in 𝐻 , but this

does not alter the required dependency relation. Thus, for

fixed-structure deterministic workloads, admissible physical

rebinding preserves bitwise-identical outputs.

B Dependency Semantics

For operations O, the virtual context represents application-

required ordering as

𝐻 = (O, 𝐸stream∪𝐸event∪𝐸default), 𝑜𝑖 ≺𝐻 𝑜 𝑗 ⇐⇒ 𝑜𝑖 {𝐻 𝑜 𝑗 .

This graph is acyclic for a well-formed execution. Each op-

eration snapshots its predecessor tokens at submission and

becomes ready only after all are satisfied. Figure 7 illustrates

how these tokens preserve stream-local ordering across phys-

ical contexts (a) and event-induced dependencies between

streams (b).

Event re-recording. Suppose stream 𝑠1 records event 𝑒 after

operation 𝑎, and 𝑠2 then issues a wait on 𝑒 before operation 𝑏.

The wait captures generation 𝑒 (1) , whose token represents

completion through 𝑎. If 𝑠1 subsequently records 𝑒 after oper-

ation 𝑐 , this creates 𝑒 (2) ; it does not replace the predecessor of
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Figure 8: Reservation avoids resource waiting for recurring latency-

critical work; lookahead starts reclaiming a wider allocation before

anticipated work becomes ready.

the already issued wait. Thus 𝑏 depends on 𝑎, without acquir-

ing a new dependency on 𝑐 merely because the event handle

was reused [19]. Event synchronization observes the selected

generation; stream synchronization waits on the captured

stream tail, and device synchronization waits on the relevant

stream tails. Queries inspect the logical completion state.

Default streams. The logical dependency graph must retain

the application’s CUDA stream mode. For legacy default-

stream behavior, a default-stream operation depends on

earlier work in the relevant blocking streams; subsequent

blocking-stream work depends on the default-stream tail.

Nonblocking streams are exempt from these implicit edges.

A per-thread default stream behaves as a regular thread-local

stream, without legacy cross-stream ordering, except when

interacting with an explicitly used legacy default stream.

These are application-level edges: choosing nonblocking

backend streams must neither remove required edges nor

introduce legacy ordering where the application did not re-

quest it. For example, launches 𝑎 in a blocking stream, 𝑏 in

the legacy default stream, and 𝑐 back in the blocking stream

require 𝑎 ≺𝐻 𝑏 ≺𝐻 𝑐 , regardless of their physical contexts.

C Reservation and Lookahead

Reservation and lookahead address different sources of wait-

ing (Figure 8). A standing reservation gives recurring latency-

critical work an allocation without first draining admitted

background kernels. Lookahead uses a known predecessor

or an advisory to begin reclaiming a wider allocation be-

fore an operation becomes ready. If reclamation finishes late,

dispatch selects another eligible allocation or waits for the

requested capacity.

D Rebinding Scope

Eligibility requirements. Table 1 summarizes the repre-

sentation and rebinding requirements of each operation cat-

egory. Cooperative and residency-sensitive kernels require

additional validation against the original launch’s execution

constraints.

8
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Table 1: Logical representation and rebinding requirements by operation category.

Category Representation and requirement

Kernel launch Immutable entry, arguments, geometry, shared memory, and attributes; candidate allocation must satisfy

the original launch requirements.

Copy / memset Immutable transfer or fill parameters; preserve memory validity, ordering, and API synchronization

semantics.

Stream / event Logical stream tails and event generations preserve application ordering across backend handles.

Sync / query Observe logical completion state at the required stream, event, or device scope.

CUDA Graph replay Disabled in the prototype; support requires preserving captured descriptors and dependencies.

Other CUDA APIs Require explicit modeling of state, lifetimes, and synchronization before rebinding.
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Figure 9: Policy comparison on Azure, LongBench, and Burst-

GPT. TPOT-First reduces TPOT SLO violations, with a workload-

dependent TTFT tradeoff.
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Figure 10: Runtime overhead on H200. (a) End-to-end latency for

BF16 GEMM, (𝑀,𝐾, 𝑁 ) = (512, 8192, 28672). (b) GPU memory and

host RSS of the hierarchical pool and MPS-Pool.

API-specific handling. Rebinding APIs with context-local

state or specialized synchronization requires explicit model-

ing of their state, lifetimes, and ordering semantics.

E Additional Evaluation

Numerical protocol. The operator tests use matched inputs

and fixed-structure reference executions; reshaping changes

grid partitioning or work decomposition, while Vitamin-E

changes only physical allocation under matched interference.

For decoding, each trial replays the same first-generated-

token state of one fixed prompt, comparing LM-head logits,

softmax probabilities, and token identity.

Policy tradeoffs. Figure 9 details TTFT, TPOT, and SLO

violations under the two scheduling policies on Azure, Long-

Bench, and BurstGPT. The BurstGPT TTFT increase reflects

contention for capacity between reserved decode work and

prefills.

Context-management overhead. Figure 10(a) compares

native execution, on-demand context creation, and two pre-

created pool designs for the same BF16 GEMM on H200. The

reported end-to-end latency includes interception, queue

communication, policy execution, submission, and comple-

tion polling; these components are not timed independently.

Figure 10(b) reports GPU and host memory consumption

across pool configurations, including the MPS-Pool baseline.

9


	Abstract
	1 Introduction
	2 Parallel-Structure Invariance
	3 The Vitamin-E Runtime
	4 Evaluation
	5 Discussion and Conclusion
	References
	A Formal Execution Contract
	B Dependency Semantics
	C Reservation and Lookahead
	D Rebinding Scope
	E Additional Evaluation

