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Abstract
In LLM inference, the same prompt often returns different
outputs across different runs. At the system level, this non-
determinism arises from floating-point non-associativity in-
teracting with dynamic batching and GPU kernels whose
reduction orders vary with batch size. A straightforward way
to eliminate nondeterminism is to disable dynamic batch-
ing, but doing so severely degrades throughput. Another ap-
proach is to make the kernels batch-invariant; however, this
tightly couples determinism to kernel design, requires new
implementations, and imposes fixed overheads regardless of
how much of the workload actually requires determinism.
Inspired by self-speculative decoding, we present LLM-

42 — a scheduling-based approach to enable determinism
in LLM inference. Our key observation is that a given se-
quence of tokens is likely to emit the same next token across
multiple runs, even with dynamic batching. Moreover, most
GPU kernels use the same reduction schedules for all in-
puts of a given shape. Leveraging these insights, LLM-42
decodes tokens using a nondeterministic fast path and en-
forces determinism through a verify-rollback protocol. The
verifier replays fast path tokens under a fixed batch size to
obtain a deterministic reference output, commits tokens that
match the reference, and rolls back those that do not. LLM-42
reuses many existing kernels unchanged and incurs over-
head only proportional to the fraction of traffic that requires
determinism.
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1 Introduction
Inference with large languagemodels (LLMs) does not meet a
basic system expectation: identical inputs do not reliably pro-
duce identical outputs, even with fixed decoding parameters,
seeds, and hardware [15, 25, 48, 56]. Such nondeterminism
undermines reproducibility [13, 48], complicates debugging
and integration testing [53], and introduces variance into
downstream pipelines such as reinforcement learning and
evaluation [60]. In user-facing applications, nondetermin-
istic outputs can also degrade user experience. As a result,
there is a growing demand for determinism in LLM serving
systems [14, 39, 45, 53] but a satisfactory solution to achieve
it remains elusive.
He et al. [25] showed that, at the system level, nondeter-

minism in LLM inference stems from the non-associativity of
floating-point arithmetic1. This effect manifests in practice
because most of the core LLM operators—including matrix
multiplications, attention, normalization and communica-
tion—rely on reduction operations, and GPU kernels for
these operators choose different reduction schedules to max-
imize performance at different batch sizes. Hence, a token
when computed under different batch sizes can produce nu-
merically different results. The same study also proposed
batch-invariant computation as a means to eliminate nonde-
terminism. In this approach, a kernel processes each input
token using a single, universal reduction strategy indepen-
dent of batching. Popular LLM serving systems such as vLLM
and SGLang have recently adopted this approach [45, 54].

While batch-invariant computation guarantees determin-
ism, we find that it is fundamentally over-constraining. En-
forcing a fixed reduction strategy for every token—regardless
of model phase or batch geometry—strips GPU kernels of the
very parallelism they are built to exploit. For example, the
batch-invariant GEMM kernels provided by He et al. do not
use the split-K strategy that is otherwise commonly used to
accelerate GEMMs at low batch sizes [27, 38]. Furthermore,
most GPU kernels are not batch-invariant to begin with, so
insisting on batch-invariant execution effectively demands
new kernel implementations, increasing engineering and
maintenance overhead. Finally, batch-invariant execution
makes determinism the default for all requests, even when
determinism is undesirable or even harmful [29, 31, 59].

1Nondeterminism also comes from differences in sampling strategies (e.g.,
greedy vs top-k). Our goal is to ensure that output is deterministic for
fixed sampling hyper-parameters; different hyper-parameters can result in
different output and this behavior is intentional.
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Figure 1. Overview of LLM-42.

In this paper, we introduce an alternate approach, named
LLM-42, to enable determinism in LLM inference. We define
a run as a model execution on the GPU that takes an input
and produces a sequence of output tokens. Our approach
is inspired by the following observations. First, if two runs
of a request have generated the same sequence of output
tokens through step 𝑡 , they are likely to generate the same
next token at step 𝑡 + 1. However, if they produce different
tokens, autoregressive decoding amplifies this initial diver-
gence, causing subsequent tokens to increasingly diverge.
Second, many GPU kernels use the same reduction schedule
for all elements of a batch and, importantly, use the same
schedule across batches with the same shape. Consequently,
executing the same tokens with a fixed batch size provides a
deterministic reference.
Using these observations and leveraging ideas from self-

speculative decoding [43, 61], LLM-42 achieves determin-
ism through a scheduling-based approach. Similar to self-
speculative decoding, LLM-42 uses the same model for both
speculation and verification. However, unlike self-speculative
decoding which uses different execution paths for specula-
tion and verification, LLM-42 uses the same model execu-
tion path but switches between nondeterministic execution
for speculation and fixed-batch, deterministic execution for
verification. Table 1 highlights the key differences between
LLM-42 and self-speculative decoding.

By decoupling determinism from token generation, LLM-
42 enables determinism to be enforced selectively, preserving
the natural variability and creativity of LLM outputs where
appropriate. This separation also helps performance: the fast
path can use whatever batch sizes and reduction schedules
are most efficient, prefill computation can follow a differ-
ent reduction strategy than decode, and verification can be
skipped entirely for requests that do not need determinism.

Efficient verification and infrequent rollbacks are central
to the overall performance of LLM-42. Achieving both in-
volves a trade-off governed by the verification window size,
i.e., the number of tokens verified together. Smaller windows

Self-Speculative Decoding LLM-42

Fast path generates tokens using
some form of approximation

No approximation; speculation may only
have floating-point rounding errors

Low acceptance rate and limited
speculation depth (2-8 tokens)

High acceptance rate and hence longer
speculation (32-64 tokens)

All requests go through specula-
tion and verification

Only specific requests tagged as determin-
istic

Table 1. Self-Speculative Decoding vs. LLM-42.

incur high verification overhead since their computation is
largely memory-bound but require less recomputation due
to reduced verification failures. In contrast, larger windows
incur lower verification cost due to being compute-bound,
but increase recomputation cost by triggering longer roll-
backs on mismatches. To balance this trade-off, we introduce
grouped verification (§4.3): instead of verifying a large win-
dow of a single request, we verify smaller fixed-size windows
of multiple requests together. This design achieves the best
of both: low rollback cost of small windows and high verifi-
cation efficiency of large windows.
We implement LLM-42 in SGLang and evaluate it with

Llama-3-8B and Llama-3-70B models on H100 GPUs. Overall,
our key contributions are as follows:
• We highlight performance and engineering challenges of
achieving determinism via batch-invariant computation.

• We present LLM-42: an approach that enables determinism
in LLM inference by framing it as a scheduling problem.

• We show that LLM-42 retains near-peak performance (typ-
ically within 10% of optimal) when deterministic traffic is
low, whereas SGLang incurs up to 52% overhead to enforce
determinism.

2 Background and Motivation
This section introduces LLMs, explains the source of non-
determinism in LLM inference and quantifies the cost of
batch-invariant computation based deterministic inference.

2.1 Large Language Models
Transformer-based LLMs compose a stack of identical de-
coder blocks, each containing a self-attention module, a feed-
forward network, normalization layers and communication
primitives (Figure 2). The hidden state of every token flows
through these blocks sequentially, but within each block
the computation is highly parallel: attention performs ma-
trix multiplications over the key–value (KV) cache, FFNs
apply two large GEMMs surrounding a nonlinearity, and
normalization applies a per-token reduction over the hid-
den dimension. Inference happens in two phases, namely
prefill and decode. Prefill processes prompt tokens in paral-
lel, generating KV cache for all input tokens. This phase is
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Figure 2. High-level architecture of LLMs.

dominated by large parallel computation. Decode is autore-
gressive: each step consumes the most recent token, updates
the KV cache with a single new key and value, and produces
the next output token; decode phase is memory bound. In
each forward pass, the LLM produces logits and the sampler
converts logits into output tokens.

2.2 Nondeterminism in LLM Inference
In finite precision, arithmetic operations such as accumula-
tion are non-associative, i.e., (𝑎+𝑏)+𝑐 ≠ 𝑎+(𝑏+𝑐). Nondeter-
minism in LLM inference stems from this non-associativity
when combined with dynamic batching, a standard technique
to achieve high throughput inference [11, 32, 55]. With dy-
namic batching, the same request gets co-located with dif-
ferent sets of requests across different runs. Further, GPU
kernels adapt their parallelization—and consequently their
reduction—strategies based on the input sizes. As a result,
the same logical operation can be evaluated with different
floating-point accumulation orders depending on its current
batch, leading to inconsistent numerical results.
Reductions are common in LLM inference, appearing in

matrix multiplications (GEMMs), attention, normalization
and collective communication such as AllReduce. GEMM
is the most common and time consuming operator. High-
performance GEMM implementations on GPUs use hierar-
chical tiling and parallel reductions to improve occupancy
and memory reuse. A common optimization is split-K par-
allelism [38], where the reduction dimension is partitioned
across multiple thread blocks. Each block computes a partial
result, which is then combined via an additional reduction
step. Whether split-K is used—and how many splits are cho-
sen—depends on the shape of input matrices. These choices
determine the reduction tree used for computation and, con-
sequently, its output, as shown in Figure 3. Similarly, atten-
tion kernels split work across the KV dimension to increase
SM utilization [20, 21], followed by a reduction to combine
partial results. Normalization operators reduce across fea-
ture dimensions. As inference progresses, batch-dependent
reduction choices in these operators introduce small numer-
ical drifts that propagate across kernels, layers and decoding
steps, eventually influencing output tokens even when the
sampling hyper-parameters are fixed.

2.3 Defeating Nondeterminism
He et al. introduced a new approach named batch-invariant
computation to enable deterministic LLM inference [25]. In

𝐴0 𝐴1 𝐴2 𝐴3 ×
𝐵0
𝐵1
𝐵2
𝐵3

= 𝐶

𝐴0∗𝐵0 𝐴1∗𝐵1
+ 𝐴2∗𝐵2

+ 𝐴3∗𝐵3
+ = 𝐶

(a)Without split-K.

𝐴0 𝐴1 𝐴2 𝐴3 ×
𝐵0
𝐵1

𝐵2
𝐵3

= 𝐶

𝐴0∗𝐵0 𝐴1∗𝐵1 𝐴2∗𝐵2 𝐴3∗𝐵3
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(b)With split-K.

Figure 3. GEMM kernels compute dot products using stan-
dard accumulation or split-K parallelization. While split-K
increases parallelism, it alters the reduction tree based on K.

this approach, a GPU kernel is constrained to use a single,
universal reduction strategy for all tokens, eliminating batch-
dependent reductions. For example, batch-invariant GEMM
kernels can be implemented by disabling dynamic split-K.
Both SGLang and vLLM use this approach [45, 53, 54]: these
systems either deploy the batch-invariant kernels provided
by He et al. [35] or implement new kernels [44, 51].
Batch-invariant computation achieves determinism, but

it is challenging to adopt this approach in real LLM serv-
ing systems. By enforcing a universal reduction strategy
across all executions, it couples determinism to kernel de-
sign and sacrifices performance. It also turns determinism
into a fixed tax paid by every request: dynamic batching
aggregates requests, but batch-invariant kernels eliminate
the very optimizations—such as split-K and shape-aware
tiling—that make batching effective in the first place. Worse,
because most kernels are not batch-invariant, adopting this
approach requires maintaining a parallel kernel stack solely
for determinism, compounding system complexity.

Figure 4 compares the throughput of cuBLAS-based non-
batch-invariant GEMM kernels against two sets of batch-
invariant kernels: Triton-based kernels developed by He
et al. [35] and CUDA-based DeepGEMM kernels [8]. Both
these kernels are used in SGLang. The matrix dimensions
correspond to the QKV projection operation of the Llama-
3-70B. On our H100 GPUs, cuBLAS kernels reach up to 801
TFLOPS, whereas the batch-invariant Triton kernel peaks at
533 TFLOPS, with a max slowdown of up to 7.21×. This gap
arises because this Triton-based batch-invariant implementa-
tion does not use split-K or exploit newer hardware features
such as Tensor Memory Accelerators [2] or advanced tech-
niques like warp specialization [46]. DeepGEMM kernels are
much faster than Triton kernels, reaching up to 785 TFLOPS,
but, in most cases, are still significantly slower than cuBLAS
kernels. In particular, at low batch sizes and higher TP dimen-
sions that benefit from split-K, DeepGEMM kernels incur
slowdown of up to 2.78× compared to cuBLAS.

We also compared three implementations of Fused RMSNorm–
Residual Addition: a Python-based version that SGLang uses
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Figure 4. Slowdown of batch-invariant GEMM kernels com-
pared to cuBLAS GEMM kernels (model: Llama-3-70B, oper-
ator: QKV projection).

in deterministic mode [7], a Triton-based batch-invariant ker-
nel based on an implementation by He et al. [6], and a fused
non-batch-invariant CUDA kernel from SGLang-Default im-
plementation [10]. The Python version is up to 7× slower
due to unfused operations and inefficient memory usage.
The Triton kernel is faster than PyTorch kernel but still up
to 50% slower than the fused CUDA implementation. Rely-
ing on such slower operators significantly degrades overall
inference performance as shown below.
End-to-end throughput. Figure 5 measures token genera-
tion throughput (tokens/s) under three scenarios for Llama-
3-70B. On the left, 8 requests run on a nondeterministic
server, achieving 1495 tokens/s. On the right, one new re-
quest enters the system, increasing batch size to 9; in the non-
deterministic configuration, throughput increases to 1775
tokens/s. In SGLang, determinism is a property of the server
configuration: all requests execute either in deterministic or
nondeterministic mode.When the server is configured for de-
terminism, it uses slower batch-invariant kernels, resulting
in a throughput of 1192 tokens/s—33% lower than the nonde-
terministic configuration. This slowdown affects all requests,
regardless of whether individual requests require determin-
ism. LLM-42 enables selective determinism, avoiding this
global trade-off. When one out of nine requests requires de-
terminism, it achieves a decode throughput of 1733 tokens/s,
which is 37% higher than SGLang-deterministic and within
3% of SGLang-nondeterministic.

Overall, these results show that batch-invariant execution
incurs a substantial performance penalty.While it may be fea-
sible to further improve the performance of batch-invariant
kernels, doing so requires continued model- and hardware-
specific kernel development, as in the case of DeepGEMM
kernels that have been written in CUDA to improve upon
Triton kernels. This engineering and maintenance burden
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Figure 5. Decode throughput under different scenarios.

makes the approach difficult to sustain in practice. This is
likely why deterministic inference is largely confined to de-
bugging and verification today, rather than being deployed
for real-world LLM serving.

2.4 Speculative Decoding
Speculative decoding [33, 34, 37] accelerates autoregressive
LLM inference by first generating a sequence of candidate
tokens using a lightweight draft model, and then verifying
these candidates in parallel using the target model. Tokens
that match the target model’s predictions are accepted, while
mismatches trigger rollback and regeneration from the point
of divergence. In this scheme, generating draft tokens is
cheap and verifying multiple tokens in parallel is efficient.
Hence speculative decoding improves throughput without
changing the final output distribution. Self-speculative de-
coding [22, 43, 57, 61] extends this idea by using the target
model itself as the draft model, typically by skipping layers
or performing early exits during drafting, thereby eliminat-
ing the need for a separate auxiliary model while retaining
most of the performance benefits. Speculative decoding has
emerged as one of the most effective approaches for acceler-
ating LLM inference and we show that the same structure
can be repurposed to enable determinism.

3 Observations
In this section, we distill a set of concrete observations about
nondeterminism, GPU kernels and LLM use-cases. These
observations expose why batch-invariant computation is
too restrictive and motivate reasoning about determinism
at the level of reduction schedules rather than individual
operations.

Observation-1 (O1). If two runs of a request have gen-
erated the same sequence of output tokens through step 𝑡 ,
they are likely to generate the same next token at step 𝑡+1.
However, if they produce different tokens, autoregressive
decoding amplifies this divergence over subsequent steps.

This is because tokens become inconsistent only when
floating-point drift is large enough to change the token
picked by the sampler—e.g., by changing the relative or-
dering or acceptance of high-probability candidates under
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Figure 6. CDF of the first and second consistent spans under
dynamic batching.

the decoder’s sampling policy (e.g., greedy or stochastic sam-
pling). In practice, such boundary-crossing events are rare, as
numerical drift typically perturbs logits only slightly. How-
ever, autoregressive decoding amplifies even a single such
deviation: once a token differs, all subsequent tokens may
diverge. Since a single request typically produces hundreds
to thousands of output tokens, two sequence-level outputs
can look dramatically different even if the initial divergence
is caused by a single token flip.

We demonstrate this phenomenon empirically using Llama-
3-8B and Llama-3-70B models on the ShareGPT dataset. We
first execute 256 requests with batch size one—i.e., without
dynamic batching—to obtain reference (“ground-truth”) out-
put tokens. We then re-run the same requests under dynamic
batching at a load of 6 queries per second and compare each
request’s output against its reference. In both runs, we fix
the per-request output length to 512 tokens.
We quantify divergence using two metrics: the first con-

sistent span of a request denotes the number of initial output
tokens that are identical across the two runs, while the sec-
ond consistent spanmeasures the number of matching tokens
between the first and second inconsistent token positions.
Figure 6 shows the CDF of the length of consistent spans. In
the common case, the first consistent span covers 10s-100s
of initial tokens, with some requests having all 512 tokens
in the first consistent span. However, once a token diverges,
the sequences rarely re-align: the second consistent span is
at most one for 80% requests, indicating that after the first
mismatch, subsequent tokens are highly likely to differ from
the reference execution.

Observation-2 (O2). GPU kernels used by LLMs are gen-
erally position-invariant: a token’s output is independent
of its position within the batch as long as it is computed
with a fixed batch size.

Position-invariance arises from two natural properties of
GPU kernels: (1) all elements within a batch share a common
reduction schedule, and (2) this schedule depends only on
the batch size and is identical across all inputs of that size.
GEMM kernels provide a simple example. For an input

matrix 𝐴 ∈ R𝑀×𝐾 , a GEMM kernel computes all 𝑀 output
elements using the same reduction order 𝑅. Further, this

Figure 7. Position-invariant kernels produce the same out-
put for a given input element irrespective of its position in
the batch, as long as the total batch size is fixed. In this ex-
ample, 𝑇 ′

1 ==𝑇 ′′
1 if the kernel is position-invariant.

reduction order 𝑅 is fixed for all matrices of size𝑀 ×𝐾 . As a
result, under a fixed batch size, the output for each element
depends only on its inputs and not on its position, satisfying
position-invariance.2 Figure 7 illustrates this property for
a position-invariant kernel, while Table 2 summarizes the
invariance properties of common LLM operators.

Ring-basedAllReduce is neither batch-invariant nor position-
invariant, as it reduces different chunks of a tensor in differ-
ent orders around the ring (not all tokens of a batch share a
common reduction schedule).

Additionally, the unquantized fusedMoE kernel (Triton) [9]
with variable tokens per expert is not guaranteed to be batch-
invariant: it selects the kernel configurations based on the
total number of tokens 𝑀 in the batch, including BLOCK_K,
so a different 𝑀 can have different configurations and po-
tentially different reduction order. For example, it sums over
𝐾 in tiles of BLOCK_K, so a different𝑀 can regroup the sum.
Using one fixed kernel tile configuration for all batch sizes
removes this source of batch dependence, as vLLM does in
its batch-invariant mode [53]. The unquantized fused MoE
kernel is nonetheless position-invariant: the tile configura-
tion, including BLOCK_K, is constant per launch for a fixed
total number of tokens𝑀 , with no split-𝐾 and no atomics,
so every token sums over 𝐾 identically, and sorting tokens
by expert only determines which tile a token lands in. Per-
expert token counts vary with the batch, but the tile sizes are
determined by the total token count, so position-invariance
holds and LLM-42 reuses the kernel unmodified.

Observation-3 (O3). Position-consistent reductions are
sufficient for determinism: a given token position must
go through the same reduction schedule across all runs
of a given request; reduction schedules for different token
positions within or across sequences can be different.

Numerical differences in the output of a token arise from
differences in how its own floating-point reductions are per-
formed, not from the numerical values of other co-batched
tokens. While batching affects how computations are sched-
uled, the computation for a given token position is func-
tionally independent (we discuss some exceptions in §4.4).

2Note that such guarantees do not hold for kernels that implement reduc-
tions via atomic operations. Fortunately, kernels used in the LLM forward
pass do not use atomic reductions [25].
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Category Operator Invariant

Batch Position

Matmul CuBLAS GEMM ✗ ✓
Fused MoE (Triton) ✗ ✓

Attention FlashAttention-3‡ ✓ ✓

Communication
Multimem-based AllReduce∗ ✓ ✓
Ring-based AllReduce ✗ ✗
Tree-based AllReduce★ ✓ ✓

Normalization RMSNorm† ✗ ✓

Fused RMSNorm + Residual† ✗ ✓

Table 2. Invariance properties of common inference opera-
tors (‡num_splits=1, ∗CUDA 13.0+, ★specific NCCL settings,
†vLLM/SGLang defaults).

Interactions across tokens occur only indirectly through ex-
ecution choices—such as which partial sums are reduced to-
gether—not through direct data dependencies. Consequently,
as long as a token position is always reduced using the same
strategy, its output remains consistent.

The key difference between batch-invariant and position-
invariant computation lies in the scope at which consistency
is enforced. Batch-invariance effectively imposes a single
global reduction strategy, preventing the system from adapt-
ing kernel configurations to different batch sizes. In contrast,
position-invariance enforces consistency at the level of to-
ken positions rather than across all batch sizes. This allows
different batch sizes to be optimized independently. This
approach is also easier to deploy since many kernels already
support position-consistent reductions.

Observation-4 (O4). Current systems take an all-or-
nothing approach: they either enforce determinism for
every request or disable it entirely. Such a design is not a
good fit for LLM inference.

This is because many LLM workloads neither require bit-
wise reproducibility nor benefit from it. In fact, controlled
stochasticity is often desirable as it enhances output diversity
and creativity of LLMs [29, 31, 59]. In contrast, requests
such as evaluation runs, safety audits, or regression testing
require bit-level reproducibility. Enforcing determinism on
all requests is an overkill.
It is worth highlighting that this all-or-nothing behav-

ior stems from the batch-invariant approach itself that ties
determinism to kernel design. Since all co-batched tokens
go through the same set of kernels, determinism becomes
a global property of the system rather than being selective.
While one could run different requests through separate de-
terministic and nondeterministic kernels, doing so would
fragment batches, complicate scheduling and hurt efficiency.

4 LLM-42
Since nondeterminism in LLM inference comes from dy-
namic batching, disabling it would make inference deter-
ministic. However, dynamic batching is arguably the most
powerful performance optimization for LLM inference [12,
32, 55, 63]. Therefore, our goal is to enable determinism in the
presence of dynamic batching. In this section, we introduce
LLM-42, a speculative decoding-inspired, scheduler-driven
approach to achieve this goal.

4.1 Overall Design
LLM-42 exploits the observations presented in §3 as follows:
Leveraging O1 for scheduling-based determinism. To-
kens decoded from a consistent state are mostly consis-
tent. Based on this observation, we re-purpose speculative-
decoding style mechanism to enable determinism via a de-
code–verify–rollback (DVR) protocol. DVR optimistically
decodes tokens using the fast path and delegates determinis-
tic enforcement to a separate verifier. Only tokens approved
by the verifier are returned to the user, while the few that
fail verification are discarded and recomputed. The key is
to ensure that the verifier’s output itself is consistent. We
leverage O2 to achieve this.
Leveraging O2 for position-consistent reductions. To
compute position-consistent reductions, we always verify a
fixed𝑇 number of tokens. If fewer than𝑇 tokens are available
(e.g., at the end of a sequence), we pad with dummy tokens.
Leveraging O3 for performance. Position-consistent re-
ductions are sufficient for determinism. This observation lets
us compute prefill and decode phases of a request using dif-
ferent reduction schedules. Because prefill is highly parallel
even within a single request, it can be made deterministic
simply by avoiding arbitrary batching of prefill tokens and
eliminating the need for a verifier. The verifier is required
only for the tokens generated by the decode phase.
Leveraging O4 for selective determinism: LLM-42 de-
couples determinism from token generation. This makes
selective determinism straightforward: only requests that
require deterministic inference incur verification. We ex-
pose this control via a new API flag is_deterministic ∈
{True, False} that allows users to explicitly request deter-
minism on a per-request basis; default is False.

4.2 Decode-verify-rollback (DVR)
DVR adopts a deferred approach to enforce determinism:
it decodes tokens optimistically using a high-throughput,
nondeterministic execution path, and then identifies and
corrects any inconsistencies through verification and tar-
geted recomputation. It ensures consistency in both logits
and output tokens.

Figure 8 illustrates how DVR operates, assuming a verifi-
cation window size of four tokens. The blue request requires
deterministic output and its first output token𝑇0 is produced
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Figure 8. An example of decode-verify-rollback. After generating a fixed number of tokens through regular decoding, LLM-42
verifies them in parallel via a separate forward pass. (a) all the tokens generated in the decode phase pass verification; LLM-42
accepts all these tokens along with the new verifier-generated token (𝑇4). (b) some tokens do not match between decode and
verification; LLM-42 accepts only the initial matching tokens (𝑇 ′

1 ) and the following verifier-generated token (𝑇2); all other
tokens are recomputed. In both cases, the verifier replaces the KV cache entries generated by the decode phase with its own.

by prefill that avoids arbitrary inter-request batching and
is therefore deterministic. LLM-42 then generates candidate
tokens 𝑇 ′

1 , 𝑇 ′
2 , and 𝑇 ′

3 using fast path with dynamic batching,
where gray requests may be batched arbitrarily. The first
input to the verifier should be consistent (in this case, 𝑇0 is
consistent since it comes from the prefill phase). The verifier
replays these four tokens𝑇0 and𝑇 ′

1–𝑇 ′
3 as input and produces

output tokens𝑇1–𝑇4. Verification has two possible outcomes:
(1) all tokens pass verification, or (2) one or more tokens fail
verification. We explain these two cases below.

Case-1: Verification succeeds. In the common case, ver-
ification reproduces the same tokens that the preceding
decode iterations generated. For example, in Figure 8 (a),
𝑇1 =𝑇 ′

1 , 𝑇2 =𝑇 ′
2 and 𝑇3 =𝑇 ′

3 . In this case, LLM-42 accepts all
these tokens; in addition, it also accepts the token𝑇4 since𝑇4
was generated by the verifier itself from a consistent state.

Case-2: Verification fails. Occasionally, a verification
pass disagrees with one or more decoded tokens, e.g., only𝑇 ′

1
matches with the verifier’s output in Figure 8 (b). In this case,
LLM-42 commits the output only up to the last matching
token (𝑇 ′

1 ); all subsequent tokens (𝑇 ′
2 and 𝑇 ′

3 ) are rejected.
The verifier-generated token that appears immediately after
the last matching position (𝑇2) is also accepted and the KV
cache is truncated at this position. The next decode iteration
resumes from this repaired, consistent state, at the cost of
recomputation for the failed tokens.

Making KV cache consistent. During the decode phase,
the KV cache is populated by fast path iterations that ex-
ecute under dynamic batching. Consequently, even when
token verification succeeds, the KV cache corresponding to
the verified window may still be inconsistent, since it was
produced by nondeterministic execution. This inconsistency
could affect tokens generated in future iterations even if
tokens in the current window pass through the verifier. To

prevent this, we overwrite the KV cache entries produced
during decoding with those generated by the verifier. This
way, both the emitted tokens and the KV cache state are
consistent for subsequent iterations.

Guaranteed forward progress. Note that each verifica-
tion pass produces at least one new consistent output token
as shown in Figure 8. As a result, DVR guarantees forward
progress even in contrived worst-case scenarios that might
trigger rollbacks for every optimistically generated token.
We have not observed any such scenario in our experiments.

Overall, DVR mirrors the structure of self-speculative de-
coding, but differs in several important ways as discussed in
Table 1. Under DVR, decoded tokens result from a faithful
execution of the model’s forward pass, with deviations aris-
ing only from the floating-point rounding errors. In contrast,
self-speculative execution techniques generate candidate to-
kens using modified forward computations e.g., by pruning
attention/context [16, 23]. Because these approximations
change the computation itself, errors compound quickly and
hence speculation depth is typically limited to a few (2-8)
tokens [16, 23, 34, 37]. In contrast, leveraging O1, DVR can
safely speculate over longer (32-64) token sequences.

4.3 Grouped Verification
The efficiency of DVR depends on the size of verification win-
dow and involves a trade-off: smaller verification windows
incur higher verification cost due to low compute inefficiency.
At the same time, smaller windows require lower recompu-
tation. In contrast, larger windows reduce verification cost
at the expense of increased recomputation. We empirically
characterize this trade-off by profiling these costs for Llama-
3-8B and Llama-3-70B. We measure per-token verification
cost based on the latency of verification forward pass. To
quantify the recomputation cost, we execute 2048 requests
from the ShareGPT dataset in an online setting at 12 queries
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Figure 9. Verification (top) and recompute cost (bottom).

per second. For each verification window size, we measure
the total number of tokens decoded versus the number of
consistent tokens; the difference between the two denotes
recomputation overhead.

Figure 9 (top) shows per-token verification cost as a func-
tion of verification window size. For smaller windows, the
verification pass is memory-bound: each token performs
very little computation, resulting in low arithmetic intensity
and poor hardware utilization [11]. Consequently, the veri-
fication cost per-token is high—up to 0.6ms for Llama-3-8B
and 2.7ms for Llama-3-70B. The cost is higher for Llama-
3-70B because it is running on 8 GPUs which results in
smaller computation per-GPU. As the verification window
increases, the kernel transitions to being compute-bound,
and the per-token cost drops sharply, reaching 0.025ms for
Llama-3-8B and 0.06ms for Llama-3-70B at a window size of
1024, signifying a reduction of 23× for Llama-3-8B and 29×
for Llama-3-70B.
Figure 9 (bottom) reports the total recomputation over-

head. As expected, larger verification windows lead to higher
recomputation: when a mismatch is detected, all tokens fol-
lowing the first mismatched position must be recomputed.
This effect is clearly visible in the figure. For Llama-3-8B,
the recomputation overhead is only 3.8% at a window size
of 16, but rises sharply to 102% at a window size of 1024—ef-
fectively doubling the number of decoded tokens. A similar
trend holds for Llama-3-70B, where the overhead increases
from 3% at window size 16 to 88% at window size 1024.

To address this inherent trade-off between verification ef-
ficiency and recomputation, we propose grouped verification.
Rather than verifying a large window for a single request
(e.g., 512 tokens), we verify small, fixed-size windows across
multiple requests in a single pass (e.g., 16 requests with 32 to-
kens each). This approach preserves the rollback efficiency of

small windows for each request while retaining the through-
put benefits of batched verification.

4.4 Operator-specific Discussion
This section highlights a few subtle sources of inconsistency
in commonly used operators. We do not introduce new tech-
niques here; instead, we adopt established approaches to
achieve determinism and summarize them for completeness.

Attention. Attention involves reductions along multi-
ple steps: reductions along the sequence dimension (e.g.,
in FlashDecoding-style sequence parallelism [21]) and re-
ductions inside the softmax normalization step. To make it
consistent, we use the FlashAttention-3 kernel with a fixed
KV split tile size (4096, similar to SGLang). This is slightly
suboptimal in some cases, but its effect is limited to ver-
ification passes - a small fraction of total forward passes
(see Table 4). Hence, the end-to-end impact is also negligible.

Communication collectives. Classical ring-based AllRe-
duce reduces tokens in different orders depending on their
position in the batch. We use multimem-based AllReduce, in-
troduced in CUDA 13.0, that is already batch-invariant [52].

Sampling. We adopt the sampler from SGLang. When
temperature is zero, it selects the token with the highest logit
(argmax) and if there are multiple maximal values then it
returns the index of the first maximal value. For non-greedy
sampling, we use SGLang’s multinomial_with_seed func-
tion with a fixed seed, ensuring that the same input–seed
pair always produces the same sample [45].

Overall, achieving determinism in LLM-42 requires reim-
plementing an operator only if the existing implementation is
not position-invariant under fixed input shapes. LLM-42 also
requires deterministic implementations of sampling com-
ponents (e.g., sampler, top-k), but these are reused across
models and incur only a one-time cost. In contrast, the dom-
inant performance and engineering effort in LLM systems
lies in optimizing GEMM, communication, and attention ker-
nels—components that LLM-42 reuses without modification
along with RMSNorm and FusedMoE kernels.

5 Evaluation
Our evaluation answers the following questions:
• How does LLM-42 compare against SGLang’s determinis-
tic and nondeterministic modes?

• How does LLM-42 perform for different mix of determin-
istic and nondeterministic traffic?

• How do configuration parameters affect the performance
of grouped verification in LLM-42?

Models and environment:We evaluate twomodels: Llama-
3-8B [3] and Llama-3-70B [4] in BF16. Llama-3-8B has 32
query heads, 8 KV heads, and 32 layers. Llama-3-70B has
64 query heads, 8 KV heads and 80 layers. The system has
eight NVIDIA H100 GPUs, all connected via NVLink. Each
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Dataset Type Mean Median Std. Dev.

ShareGPT Input Length 304 136 491
Output Length 192 118 212

ArXiv Input Length 7017 6435 3479
Test Split Output Length 198 191 74

Table 3. Datasets and their input/output context lengths.

GPU has 80GB high-bandwidth memory and 132 SMs. The
host CPU has 112 physical cores and 2TB of DRAM. We run
Llama-3-8B on a single GPU (TP-1) and Llama-3-70B with
tensor-parallelism across all GPUs (TP-8).
Workloads: For real workloads, we use popular datasets
of ShareGPT [1] and ArXiv [19] whose characteristics are
summarized in Table 3. In addition, we use synthetic work-
loads with varying input and output context lengths e.g.,
(4K, 1K) denotes a synthetic prompt of 4K input and 1K out-
put tokens. To evaluate LLM-42 under different workload
conditions, we vary the fraction of requests that require de-
terminism between 2%, 5%, 10%, 20%, 50%, and 100%. Higher
deterministic ratios are included for stress testing; we expect
that only a small fraction (typically <10%) of requests will
require determinism in practical deployments. Finally, note
that deterministic ratio applies only to LLM-42; approaches
based on batch-invariant computation support only global
determinism. All experiments run 2048 requests.
Baselines: We implement LLM-42 in SGLang (v0.5.6) and
use it as our primary baseline. We compare against two
deterministic variants of SGLang: SGLang-det-triton uses
Triton-based batch-invariant kernels [35] and SGLang-det-
deepgemm uses DeepGEMM kernels [8]. To understand the
upper limit on performance, we also compare with the nonde-
terministic version of SGLang referred to as SGLang-nondet.
All experiments in §5.1 and §5.2 set LLM-42’s per-request
verification window size to 32 and number of requests per
verification pass to 16, informed by our observations (§4.3)
and ablation study; §5.3 evaluates the effect of varying these
parameters separately. We validated SGLang’s and LLM-42’s
determinism empirically by evaluating 90K requests at vari-
ous load conditions and ensuring that each prompt produces
the same output across all runs.

To show that the overhead of determinism is not unique to
SGLang, we also present some results for vLLM (v0.18.0) in
both deterministic and nondeterministic modes referred to
as vLLM-det and vLLM-nondet. We find that for distributed
inference in deterministic mode, vLLM uses inefficient tree-
based NCCL AllReduce implementation with static configu-
rations (1 thread, 1 channel). This implementation achieves
10 − 20× lower bandwidth than default NCCL AllReduce
for Llama-3-70B model (TP-8), causing unacceptable perfor-
mance loss. For fairer benchmarking, we modify vLLM-det

Workload 2% 5% 10% 20% 50% 100%

ShareGPT 2.8% 6.5% 10.3% 16.0% 22.8% 25.9%
ArXiv 2.4% 3.3% 4.9% 14.8% 30.8% 35.0%
(1K,1K) 3.1% 4.0% 5.5% 8.4% 13.0% 19.2%
(1K,256) 3.1% 4.2% 5.8% 8.8% 13.6% 19.9%
(4K,1K) 2.9% 3.2% 4.2% 7.6% 14.9% 23.7%
(4K,4K) 3.0% 3.0% 3.1% 5.7% 11.2% 17.6%

Table 4. Verification passes as a percentage of total forward
passes for Llama-3-70B (TP-8). Columns show fraction of
traffic that requires determinism.

to use multi-mem based AllReduce and refer to it as vLLM-
det-multimem.
Metrics: In offline inference, we evaluate throughput as the
number of tokens processed per second. For online inference,
we evaluate end-to-end request execution latency and time-
to-first-token (TTFT).

5.1 Offline Inference
We evaluate six workload configurations: two real traces
(ArXiv and ShareGPT) and four synthetic workloads with
varying input and output lengths. To capture the efficacy of
LLM-42 on longer decoding horizons, we evaluate workload
with up to 4K output tokens per-request. Figure 10 reports
throughput; we summarize the key observations below.
SGLang. First, kernel choice matters for smaller models: on
Llama-3-8B, SGLang-det-deepgemm is consistently faster
than SGLang-det-triton, though both remain slower than
nondeterministic execution (up to 18% and 51%); this advan-
tage largely disappears for Llama-3-70B, where increased
parallelism makes operations leaner and both deterministic
variants perform significantly below the nondeterministic
baseline (up to 45% and 52%). Second, the relative cost of
determinism decreases with longer contexts, as attention
dominates runtime and bottleneck shifts to memory band-
width rather than compute. Finally, SGLang does not support
selective determinism; deterministic execution is enforced
globally—so even a small fraction of requests requiring de-
terminism causes global slowdown.
vLLM. vLLM shows a similar determinism penalty as SGLang,
consistently falling behind its nondeterministic baseline. The
gap is especially pronounced for Llama-3-70B, where its de-
fault AllReduce kernel introduces significant communication
overheads under deterministic execution. It degrades the end-
to-end serving throughput by more than 80% in most cases.
Enabling multi-mem AllReduce removes much of this com-
munication bottleneck, but a noticeable gap of up to 28% still
remains compared to vLLM-nondet.
LLM-42. LLM-42 closely tracks nondeterministic perfor-
mance when deterministic traffic is low: at 0–10% deter-
ministic traffic, its throughput is typically within 5–10% of
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Figure 10. Throughput in offline inference. SGLang has only two modes: all requests run in either deterministic or nonde-
terministic mode whereas LLM-42 supports selective determinism (% values in the legend reflect the fraction of traffic that
requires deterministic output).

SGLang-nondet across both models, and remains close even
at 20%. The overhead is mainly due to verification passes: at
low deterministic traffic, LLM-42 requires only 3–9% more
forward passes than SGLang, but this increases with higher
deterministic traffic to up to 35% (see Table 4). LLM-42’s
throughput degrades gradually as the deterministic fraction
increases, with a more visible drop at 50% and the largest
gap at 100%, consistent with its selective determinism. Even
at 50% deterministic traffic, LLM-42 remains comparable to
or better than SGLang-det-deepgemm in most workloads.
One exception is ShareGPT, where LLM-42 is slower, espe-
cially at higher deterministic ratios. This workload contains
many short prefills; since LLM-42 does not batch prefills of
deterministic requests, it frequently executes them at low
efficiency. This effect diminishes as context lengths increase.
Further, LLM-42’s performance trend is stable even for work-
loads with very long outputs such as (4K, 4K) workload.
Takeaway. LLM-42 bridges the gap between deterministic
and nondeterministic execution. At up to 20% deterministic
traffic, it delivers roughly 1.2–1.5× higher throughput than
SGLang-det-deepgemm across most workloads, with larger
gains for biggermodels. The gap narrows as the deterministic
fraction approaches 100%, but LLM-42 remains competitive
in most cases. LLM-42 is also robust in long output scenarios.

5.2 Online Inference
Figure 11 shows the CDF of end-to-end latency under increas-
ing load for both Llama-3-8B (top) and Llama-3-70B (bottom).
The workload contains a mix of short context (ShareGPT),
long context (ArXiv) and reasoning requests (generating
up to 2K tokens each). We compare against SGLang-nondet

and the faster deterministic baseline, SGLang-det-deepgemm.
Furthermore, we run these experiments at load near the
serving capacity of the baseline: below this range GPUs are
heavily underutilized, while above it TTFT becomes unac-
ceptably high. Therefore, evaluating lower or higher QPS is
not particularly meaningful.
SGLang-det-deepgemm exhibits a clear rightward shift

with a heavy tail, indicating substantially higher median and
tail latencies than SGLang-nondet. This gap appears even for
the 8B model: at QPS=4, it reaches 10.5s (P50) and 107s (P99),
compared to 4.60s and 52.6s for SGLang-nondet, and widens
further at higher load. The effect is more pronounced for the
70B model, where at QPS=4, SGLang-det-deepgemm reaches
189.5s (P50) and 685.0s (P99), while SGLang-nondet remains
much lower. Overall, SGLang-nondet provides a practical
lower bound, while deterministic execution incurs a large
and growing penalty.

LLM-42 bridges this gap: it closely tracks SGLang-nondet
when deterministic traffic is small, and degrades smoothly
as the fraction increases. For the 8B model at QPS=5, LLM-
42 achieves 11.9s (P50) and 109.7s (P99) at 2% deterministic
traffic—close to SGLang-nondet and well below SGLang-
det-deepgemm at the tail. Even at 20%, LLM-42 maintains
a P99 of 128.7s versus 146.4s of SGLang-det-deepgemm. At
higher fractions (e.g., 50%), LLM-42 begins to exceed the
deterministic baseline on 8B, indicating earlier saturation.

For the 70B model, however, LLM-42 consistently outper-
forms SGLang-det-deepgemm across all traffic mixes. Even
at 100% deterministic traffic, LLM-42 achieves 134.1s (P50)
and 554.4s (P99), compared to 189.5s and 685.0s for SGLang-
det-deepgemm, showing better performance at larger scales.
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Figure 11. CDF of request end-to-end latency in online inference with varying load.
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Figure 12. Impact of determinism on TTFT.

We observed similar trends in TTFT latency. At QPS=5.25
for Llama-3-8B, the median TTFT of SGLang-nondet and
SGLang-det is 2.6 seconds and 22.7 seconds whereas LLM-
42’s median TTFT varies from 3.4 seconds at 2% to 64.9
seconds at 100% deterministic ratios. At QPS=4 for Llama-3-
70B, the median TTFT of SGLang-nondet and SGLang-det
is 0.84 seconds and 112 seconds whereas LLM-42’s median
TTFT varies from 0.94 seconds at 2% to 64.4 seconds at 100%
deterministic ratios.

Figure 12 reports P99 TTFT normalized to SGLang-nondet
and reflects a similar trend. For the 8B model, LLM-42 incurs
modest increase in tail TTFT at low deterministic fractions
(1.67× at 2%, 2.04× at 10%), remaining far below SGLang-det-
deepgemm (4.53×) as long as deterministic traffic in less than
20%. At higher fractions, TTFT increases sharply (e.g., 10.4×
at 100%), reflecting that the load exceeded LLM-42’s serving
capacity in this case but LLM-42 still outperforms SGLang-
det-deepgemm at low deterministic traffic. Higher TTFT in
deterministic settings is mostly due to higher scheduling
delays. For Llama-3-70B, LLM-42 achieves much lower TTFT
that SGLang-det-deepgemm in all cases whereas SGLang-
det-deepgemm increases TTFT by up to 70×.
Takeaway. Determinism in SGLang comes with a substan-
tial latency penalty, especially at high load. LLM-42 removes
most of this gap: it stays close to SGLang-nondet at low deter-
ministic fractions and significantly outperforms SGLang-det-
deepgemm across a wide range of settings, while degrading
gracefully as the fraction of deterministic traffic increases.

5.3 Ablation Study
Grouped verification reduces both verification and recompu-
tation cost in LLM-42. It is governed by (1) the per-request
verification window size and (2) the number of requests ver-
ified together. We ablate both on ShareGPT by varying the
window size from 16 to 1024 tokens and the group size from
1 to 64 requests, restricting both to powers of two for sim-
plicity (though any positive integer is valid). All requests
are deterministic. Figure 13 shows recompute cost of the
left-side heatmaps and total throughput normalized to the
best LLM-42 configuration on the right-side heatmaps.
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Figure 13. The effect of different verification strategies on
recompute cost (left) and throughput (right).

Without grouping (batch size 1; first rows in the heatmaps),
throughput is non-monotonic in window size. The small-
est window of 16 tokens requires minimum rollbacks (2-
4%), yet achieves only 0.16× and 0.12× of peak LLM-42
throughput due to frequent, inefficient verification passes.
Increasing the window size initially helps but overly large
windows hurt: 8B model peaks at window 256 (0.57× of
global peak) and 70B model at 512 (0.56×), dropping to 0.39×
and 0.41× at window size of 1024. This reflects the veri-
fication–recomputation trade-off: small windows increase
verification overhead, while large windows amplify recom-
putation (up to 8.23% for 8B model and 102% for 70B model).
Grouped verification substantially improves throughput

without inflating recomputation (all rows above the first).
Even batching four requests significantly increases through-
put e.g., it reaches up to 0.84× and 0.85× of peak throughput
for 8B and 70B models, respectively, with further gains as
batching increases. Multiple configurations are near-optimal:
for Llama-3-8B, (window size 16, num requests 32) and (win-
dow size 32, num requests 16) both achieve near-peak through-
put, and for Llama-3-70B, five configurations lie within 2%
of the peak throughput.
Takeaway. LLM-42’s performance is not highly sensitive to
the exact choice of parameters: as long as the per-request
window is not excessively large (to avoid recomputation
blow-up) and the total number of verified tokens per step is
not too small (to avoid under-utilization), a broad range of
configurations can yield similar performance.

5.4 Mixture-of-experts Models
When we evaluated SGLang deterministic baselines (both
SGLang-det-triton and SGLang-det-deepgemm) onMoEmod-
els, we found that these implementations are not determin-
istic! Figure 14 quantifies SGLang’s nondeterminism with a
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Figure 14.MoE model evaluation on Qwen3-30B-A3B.

benchmark wherein we ran 10K requests at different load
on Qwen3-30B-A3B [5, 50] deployed with TP-4. It shows
that SGLang-det-deepgemm produces non-unique samples
for many requests across different runs (we obtained similar
results for SGLang-det-triton). In contrast, LLM-42 is deter-
ministic; each request produces a unique sample at all loads.
LLM-42’s performance trend is consistent with those seen
in other models: it operates at 0.96× and 0.89× the through-
put of SGLang-nondet at 2% and 5% deterministic traffic for
ArXiv, with performance degrading slowly as the fraction
of deterministic traffic increases. Importantly, these results
suggest that by reducing kernel-level constraints, LLM-42
makes it easier to achieve determinism for different models.

6 Discussion
In this section, we briefly discuss some alternative approaches
to LLM-42, the challenges inherent to these approaches, and
a recently proposed method for improving the efficiency of
verified speculation in LLM-42.

6.1 Deterministic Record and Replay
Since variations in batch size are the primary cause of nonde-
terminism, one could consider logging batch sizes and then
replaying the exact batch sizes during different runs of the
same request. While this method would achieve determin-
ism, it is not clear how a logging-based deterministic replay
scheme could be deployed efficiently. Such a system would
require logging (1) the prompt, (2) the model’s temperature
setting, and (3) the batch sizes used by the model to han-
dle the prompt. The key issue is with item (3) – we need to
log the batch sizes not only to handle the input prompt but
also each of the thousands of output-token iterations (each
of which can have a unique batch size because of iterative
scheduling!) and then replay that exact setting to recreate
the deterministic response. However, replaying a fixed batch
size at each iteration fundamentally conflicts with dynamic
batching that adds/removes requests dynamically in each it-
eration. If the recorded batch size is higher than the in-flight
batch size, it would require padding, wasting compute. On
the contrary, if the recorded batch size is lower, then one
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or more in-flight requests would need to be deferred, pre-
empted, or migrated. Managing these scenarios will likely
add significant complexity to a serving system.

6.2 Split Deterministic and Nondeterministic Traffic
LLM-42 enables a single replica to serve deterministic and
nondeterministic traffic. An alternate approach is to disag-
gregate the two types of traffic and serve each from separate
GPU pools. While splitting GPUs this way is feasible, it may
cause inefficiencies. Consider a cloud provider serving tens
or hundreds of models. There would be a few head models
that serve a large fraction of overall traffic and many tail
models that each serve a modest amount of traffic. For tail
models that are served by few replicas, provisioning another
replica just to handle a fraction of the model’s requests will
result in poor utilization and may not make economic sense.
In contrast, LLM-42 can easily absorb the deterministic load
for these models within the existing replicas.

Assuming the separate pools are optimally provisioned, let
𝑝 denote the fraction of deterministic requests, and let𝑇𝑛 and
𝑇𝑑 denote the throughput of SGLang-nondet and SGLang-
det, respectively. The expected service time for a randomly
selected request is

𝑝

𝑇𝑑
+ 1 − 𝑝

𝑇𝑛
. (1)

Hence, the aggregate throughput of the partitioned de-
ployment is

𝑇Sep (𝑝) =
(
𝑝

𝑇𝑑
+ 1 − 𝑝

𝑇𝑛

)−1
. (2)

which is the weighted harmonic mean of 𝑇𝑑 and 𝑇𝑛 . LLM-
42 should be deployed whenever its throughput exceeds
that of the separate-pool approach, i.e.,𝑇LLM-42 (𝑝) > 𝑇Sep (𝑝).
Based on our experiments, this condition generally holds
for 𝑝 < 0.5, suggesting that LLM-42 is preferable unless the
majority of traffic is deterministic.

6.3 Efficient Opportunistic Verification
LLM-42’s throughput drops significantly when majority of
the traffic is deterministic due to its always-on verifier. How-
ever, this cost is not fundamental. Recent work Margin-
Gate [18] shows that this overhead can be reduced by 2.23×
on Llama-3.1-8B and 1.99× on Qwen2.5-14B through op-
portunistic verification. The key observation is that batch-
induced token flips occur almost exclusively at decode steps
with a very small top-1/top-2 logit margin; however, to con-
servatively capture these rare flips, MarginGate marks a
larger set of low-margin steps for verification. While only
0.3–1.3% of decode steps actually experience a flip, a conser-
vative margin threshold identifies roughly 15–19% of steps
as potentially vulnerable, allowing verification to be skipped
on the remaining high-margin steps. With this optimization,
LLM-42’s verifier need not run on every step.

7 Related Works
Recent advances in LLM inference systems have focused on
optimizing throughput, latency, and resource utilization [11,
28, 30, 32, 41, 49, 55, 63]. Orca [55] pioneered continuous
batching, enabling low-latency serving by dynamically sched-
uling requests at the granularity of individual iterations.
vLLM [32] introduced PagedAttention, a memory manage-
ment abstraction that allows higher batch sizes and reuse
of KV cache across requests, dramatically improving sys-
tem throughput. Sarathi-Serve [11] further improved the
throughput–latency trade-off through chunked prefills to bet-
ter exploit GPU parallelism. DistServe [63] and Splitwise [40]
proposed disaggregated inference architectures that separate
prefill and decode workloads across specialized servers, mit-
igating interference. Additionally, compute–communication
overlap techniques such as Comet [58], FlashOverlap [26],
TileLink [62], TokenWeave [24], Syncopate [42], etc., hide
communication latency in distributed LLM inference by over-
lapping it with computation, improving both latency and
throughput. Complementary lines of work such as specula-
tive decoding [17, 33, 36] and FlexGen [47] pursue orthogo-
nal optimizations by reducing the number of autoregressive
steps or offloading memory to CPU DRAM and SSDs. While
these systems improve performance, they leave the trade-offs
between determinism and efficiency unexplored.
Enabling determinism in LLMs is drawing increasing at-

tention [18, 64]. Song et al. [48] argued that nondeterminism
can distort evaluation results, calling for reproducibility-
aware benchmarking. Yuan et al. [56] linked reproducibility
failures to mixed-precision arithmetic and fused kernel in-
consistencies, showing their impact on multi-step reasoning
accuracy. Rainbird AI [13] emphasized deterministic infer-
ence as a requirement for traceability and compliance in
enterprise settings and safety-critical domains.

Recent work by Zhang et al. [60] proposes tensor-parallel
invariant kernels that eliminate training–inferencemismatch
by ensuring bitwise deterministic results across different ten-
sor parallel sizes for LLM inference. We find that Multimem-
based communication kernels are already usable for deter-
ministic inference in multi-GPU settings.

8 Conclusion
Enabling determinism in LLM inference is tedious today. Ex-
isting systems achieve determinism through batch-invariant
computation—an approach that requires rewriting GPU ker-
nels at a time when both hardware and model architectures
are evolving rapidly. Moreover, batch-invariant kernels im-
pose a global performance penalty, even on requests that
do not require determinism. We present LLM-42, a simpler
alternative that minimizes the need for new kernel imple-
mentations while supporting selective determinism.
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