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Abstract

Inference optimizations are routinely evaluated
by throughput alone, without verifying output
correctness. We conduct a forensic analysis
of batch speculative decoding and find that
several widely-used implementations silently
produce corrupted outputs (repetitive tokens,
<unk> symbols) while reporting competitive
speed; failures invisible to metrics like ROUGE.
We trace the root cause to the ragged tensor
problem: variable token acceptance desynchro-
nizes position IDs, attention masks, and KV-
cache across a batch. We formalize the syn-
chronization invariants (rectangular alignment
and position/KV-cache correspondence) that
valid contiguous batching must preserve and
show that maintaining them incurs superlin-
ear alignment overhead. EQSPEC enforces the
invariants without custom kernels; EXSPEC
schedules same-length sequences to bypass re-
alignment. On SpecBench across three model
families, EXSPEC reaches 3× throughput at
batch size 8. Our methods remove catas-
trophic synchronization failures but achieve
90.8–97.3% exact match against batch-size-1
non-speculative decoding. The residual mis-
matches are consistent with batch-dependent
floating-point effects.

1 Introduction

LLM inference optimizations are routinely evalu-
ated by throughput alone, with output correctness
assumed rather than verified. We argue that out-
put equivalence, the requirement that an optimized
system reproduce the same distribution as standard
decoding, should be a first-class evaluation crite-
rion. A system that produces garbage quickly is
not an improvement.

This paper conducts a forensic analysis
of batch speculative decoding using an
observe→diagnose→formalize→validate au-
dit protocol. Speculative decoding (Leviathan
et al., 2023; Chen et al., 2023) has a small draft

model propose tokens that a target model verifies
in parallel; its defining requirement is output
equivalence (Leviathan et al., 2023; Xia et al.,
2024). Extending speculation to batches raises
the ragged tensor problem: sequences accept
different numbers of draft tokens, desynchronizing
position IDs, attention masks, and KV-cache on
the standard contiguous layout.

Figure 1 shows that several widely-used imple-
mentations, BSP (Su et al., 2023) and DSD (Yan
et al., 2025), report competitive throughput while
producing repetitive tokens or <unk> symbols
under greedy decoding. These are fundamen-
tal correctness violations that metrics such as
ROUGE (Qian et al., 2024) can mask, raising a
reproducibility concern: published speedups may
not be comparable unless output equivalence is
verified. We use exact match and partial match
(fraction of tokens before first divergence) to detect
corruption and localize its cause: immediate diver-
gence indicates position-ID errors; gradual decay
reveals KV-cache drift.

We trace these failures to the ragged tensor
problem (Qian et al., 2024). For contiguous lay-
outs, we formalize rectangular alignment (I1) and
position/KV-cache correspondence (I2) as synchro-
nization conditions for algorithmic output equiva-
lence (Section 3.1). EQSPEC enforces them with-
out custom kernels. The invariants require realign-
ing the batch after every verification round; this
overhead grows superlinearly, reaching 40% at
batch size 8 (Section 3.2), a cost intrinsic to con-
tiguous layouts that explains why prior methods
either break equivalence or fail to scale. EXSPEC

groups same-length sequences to bypass realign-
ment, reaching 3× throughput at batch size 8 (Sec-
tion 4.3).

We instantiate this audit for batch speculative de-
coding: task-specific diagnostics, synchronization
invariants tied to the ragged-tensor problem, and
empirical validation. The invariants concern prop-
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BUT, Output Gibberish!

Method Generated Output

Prompt: "The weather today is"

Ground Truth not as bad as it was yesterday...

Spec-1 ✓ Matches ground truth
BSP ✗ not not not not not not not...
DSD ✗ 〈unk〉〈unk〉 The perfect time...

EQSPEC ✓ Matches ground truth
EXSPEC ✓ Matches ground truth

Figure 1: Batch speculative decoding on Vicuna-7B/68M: Existing methods achieve high throughput but violate the
fundamental requirement of output equivalence by producing corrupted outputs. EQSPEC and EXSPEC avoid
this catastrophic corruption while retaining competitive performance.

erties of tensor-batched inference (position track-
ing, mask alignment, cache synchronization) that
arise whenever sequences grow at different rates;
we validate them only for batch speculative decod-
ing. Our contributions:

• A forensic audit revealing that several batch
speculative decoding implementations pro-
duce corrupted outputs invisible to standard
metrics, with diagnostics that distinguish fail-
ure signatures and isolate root causes (Ap-
pendix A).

• A formal correctness specification: two syn-
chronization invariants for output equivalence,
enforced by EQSPEC without custom ker-
nels. Across three model families, our meth-
ods achieve 90.8–97.3% exact match against
batch-size-1 non-speculative decoding.

• A cost analysis and scheduling-based mit-
igation: realignment overhead grows super-
linearly under contiguous layouts; EXSPEC

groups same-length sequences to bypass it,
reaching 3× throughput at batch size 8.

2 Failure Modes and the Audit Protocol

Inference optimizations that modify batch-level ten-
sor state (position IDs, attention masks, KV-cache)
are prone to silent correctness failures. We orga-
nize our analysis as a four-stage audit: observe
divergence from a reference oracle under deter-
ministic decoding; diagnose via exact and partial
match, separating immediate position-ID failures
from gradual KV-cache drift; formalize the invari-
ants each failure violates (Section 3.1); validate
that enforcing them restores equivalence and quan-
tify the cost (Section 4).

We apply this to batch speculative decoding.
When sequences accept different numbers of draft

tokens, the resulting tensors become irregular: the
ragged-tensor problem (Figure 2). Approaches
divide by KV-cache layout (Table 1). Contigu-
ous layouts (Family A) maintain a rectangular
[batch, seq] tensor and must restore that shape after
every verification round. Variable-length layouts
(Family B) pack sequences into a flat buffer in-
dexed by cumulative lengths, dissolving the align-
ment requirement by construction; this is the route
taken by production systems (vLLM v1, SGLang).

Family A: contiguous layout. Four strategies
attempt to keep the rectangular tensor, each pro-
ducing a distinct failure signature. Masking reas-
signs position IDs for rejected tokens but leaves the
KV-cache desynchronized; BSP (Su et al., 2023)
and EAGLE’s experimental batch code1 (Li et al.,
2026) take this route and corrupt output (Figure 1).
Our partial-match diagnostic reveals BSP’s sig-
nature: initially correct output before KV-cache
drift triggers repetitive loops (gradual decay, not
immediate failure). Making masking correct re-
quires custom kernels (Qian et al., 2024). Roll-
back truncates all sequences to the batch-minimum
accepted length (Wolf et al., 2020; kamilakesbi,
2024): correct but discards verified tokens, with
waste growing until throughput collapses. Batch ex-
pansion (vLLM v0) duplicates each sequence into
K draft prefixes: correct but K× memory, dep-
recated due to OOM failures. Dynamic padding
realigns the batch via unpad–append–repad each
round; DSD (Yan et al., 2025) attempts it but desyn-
chronizes position IDs/KV-cache and samples the
bonus token from the draft model. Our diagnostic
shows near-zero partial match, indicating immedi-
ate divergence. Only dynamic padding is correct,
token-preserving, portable, and memory-bounded,

1https://github.com/SafeAILab/EAGLE/issues/250
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Figure 2: The ragged tensor problem in batch speculative decoding. Differing numbers of accepted draft tokens
across sequences in the same batch lead to ragged-shaped input IDs tensors and KV-cache that disrupt subsequent
batch operations.

Family Strategy Correct Keeps all Portable Bounded mem.
(output-equiv.) tokens (std. kernels) (no K×)

A: contiguous

Masking ✗ ✓ ✗ ✓
Rollback ✓ ✗ ✓ ✓
Batch expansion ✓ ✓ ✓ ✗
Dynamic padding (ours) ✓ ✓ ✓ ✓

B: variable-length Flat / paged packing ✓ ✓ ✗ ✓

Table 1: Design space for the ragged-tensor problem, organized by KV-cache memory layout.

provided synchronization is done correctly, which
none of the implementations we tested achieves
(Appendix A).

Family B: variable-length layout. Continuous-
batching systems (vLLM v1, SGLang) store the
KV-cache in a flat buffer indexed by cumula-
tive lengths, so ragged acceptance never requires
repadding and I1 does not arise. Position consis-
tency (I2) is still required: rejected tokens must
be rolled back in both position IDs and the KV-
cache. This layout depends on paged-attention
kernels available only on CUDA/Triton; on other
accelerators (Ascend, Intel Gaudi, Apple Metal)
and for offline batch processing, the contiguous
family remains the only option. Family B is thus
the production default where its kernels exist; the
contiguous family, our focus, covers the remaining
hardware and workloads (Appendix F).

2.1 Output Equivalence as a Diagnostic
Criterion

At the algorithmic level, output equivalence re-
quires greedy decoding to produce the same token
sequence as standard autoregressive generation; for
temperature > 0, it requires preserving the target
distribution. Batched floating-point execution can
alter argmax decisions, so empirical exact match
diagnoses corruption but does not guarantee bit-
exact identity. We use greedy decoding because it
exposes synchronization errors more clearly than
stochastic sampling. BSP and DSD fail this diag-
nostic regardless of throughput (Figure 1).

Unpad-Append-Repad Process 
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Figure 3: EQSPEC synchronizes via unpad–append–
repad.

3 Correctness Specification and Cost

Having classified failure modes (Stage 1–2), we
now formalize the invariants correctness requires
and quantify their cost (Stage 3–4). EQSPEC speci-
fies and enforces the minimal synchronization in-
variants (Section 3.1); EXSPEC reduces their over-
head by grouping same-length sequences for which
realignment vanishes (Section 3.2).

3.1 EQSPEC: Formalizing the Correctness
Specification (Stage 3)

The diagnostic stage identified what fails; we now
formalize why—the invariants whose violation pro-
duces each observed failure signature.
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Rectangular Alignment. Let B denote the batch
size, and let sequence i have padding length pi,
content length ci, and ai newly accepted tokens
(including the bonus token) after verification round
t. A valid implementation must maintain:

∀i ∈ [1, B], p
(t)
i + c

(t)
i = L(t) (I1)

where L(t) is the padded sequence length at round
t.

Position and KV-Cache Correspondence. Po-
sition IDs must be derived consistently from the
attention mask:

posi[j] = max

(
0,

j∑

k=0

1[toki[k] ̸= pad]− 1

)

(I2)
which guarantees contiguous position IDs start-
ing from zero at the first content token, as re-
quired by RoPE (Su et al., 2024) and other position-
aware attention mechanisms. At each content po-
sition, the KV-cache entry must also be the target-
computed entry for the token at that logical position.
Continuous-batching systems (vLLM, SGLang)
sidestep I1 through variable-length packing (Fam-
ily B, Section 2), but I2 remains a prerequisite for
correctness regardless of batching strategy.

After batch verification, sequence i accepts ai
tokens, breaking rectangular alignment since ai
varies across sequences. To restore I1, the new
padding must satisfy:

∀i ∈ [1, B], p
(t+1)
i + c

(t)
i + ai = L(t+1) (1)

where L(t+1) = maxj(c
(t)
j + aj). This yields the

per-sequence padding offset:

δi = p
(t+1)
i − p

(t)
i =

(
L(t+1) − L(t)

)
− ai (2)

We prove that this update rule preserves rectangu-
lar alignment (I1) and the cache-correspondence
clause of I2 across all verification rounds (Theo-
rem B.1): because realignment relocates cached
entries rather than recomputing them, it introduces
no numerical drift. The position-ID clause of I2 is
enforced by recomputing position IDs after each
repadding operation. Together with target-model
bonus sampling, maintaining I1 and I2 is sufficient
for algorithmic output equivalence (Corollary B.2).

Algorithm 1 summarizes EQSPEC’s three-phase
loop.

Algorithm 1 EQSPEC: Minimalism Batch Spec
Require: Draft modelMd, Target modelMt, Prompts P ,

Max tokens T , Draft length K
Ensure: Generated sequences S
1: S, L← Tokenize(P) ▷ Left-pad batch to width L
2: KVCache← ∅
3: while until max new tokens do
4: Phase 1: Draft Generation
5: D ←Md.Generate(S,K)
6: Phase 2: Batch Verification
7: ▷ See Alg. 3 in Appendix for BatchVerify
8: A,B,KVCache ←

BatchVerify(Mt,S, D,KVCache)
9: ▷ See Figure 3 for illustration on index offset.

10: Phase 3: Realign by Offset δ
11: for each sequence i in batch do
12: S[i] ← S[i] ⊕ A[i] ⊕ B[i] ▷ Append accepted +

bonus; ai= |A[i]|+1
13: end for
14: L′ ← maxj(cj + aj) ▷ New batch width L(t+1)

15: δi ← (L′ − L)− ai ∀i ▷ Per-sequence offset, Eq. 2
16: S,KVCache, L ← Realign(S,KVCache, δ) ▷ Shift

padding & KV by δi; reset pos-IDs (I2)
17: end while
18: return S

Unpad-Append-Repad. Figure 3 illustrates the
realignment phase. The offset δi realigns all batch
state: token sequences receive fresh left padding,
attention masks are recomputed, position IDs are re-
calculated via I2, and KV-cache entries are shifted
by δi positions. The bonus token, sampled from the
target distribution after the forward pass completes
(Algorithm 3, Appendix D), lacks KV-cache entries
and must be included in the next forward pass.

3.2 EXSPEC: Quantifying and Reducing the
Cost of Correctness (Stage 3–4)

Alignment Overhead. Beyond the drafting and
verification costs (cdraft, cverify) of single-sequence
speculation (Leviathan et al., 2023), batched specu-
lation adds an alignment overhead coverhead(B) =
cpad(B) + ckv(B), absent from single-sequence
analysis, where cpad(B) covers unpad–append–
repad and ckv(B) KV-cache realignment. The rest
of this section quantifies it.

Theorem 3.1 (Alignment Overhead under Con-
tiguous Layout). Restoring rectangular alignment
(Invariant I1) each round pads every sequence up
to the batch’s longest acceptance MB = maxi ai,
so the per-round realignment work is the total
gap

∑B
i=1(MB − ai). With acceptances ai ∈

[0,K] drawn i.i.d. with mean µ, where K is the
per-round draft budget, this work has expecta-
tion B (E[MB] − µ). Since E[MB] rises with
B, it grows strictly faster than linearly over the
batch sizes of interest, reaching the linear rate
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Cross Batch Schedualing Process 
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Figure 4: EXSPEC pools ragged sequences by length,
avoiding realignment; only unmatched sequences need
syncing, turning fixed overhead into optional cost.

(K − µ)B only as E[MB] → K. The alignment
cost coverhead(B) scales with this work.

This cost is a property of the contiguous lay-
out that variable-length layouts (Family B) avoid;
within it, the KV-cache dominates, since its rank-4
tensors (batch × heads × sequence × dimension)
are reallocated on every padding change while cdraft
and cverify stay stable under GPU parallelism. The
alignment overhead also grows with variance in ac-
ceptances across sequences; Section 4.3 confirms
this empirically. This explains the pattern the au-
dit’s diagnostic stage surfaced: prior methods ei-
ther skip synchronization (breaking equivalence) or
pay the full superlinear cost (failing to scale)—no
middle ground under contiguous layouts.

However, the speedup analysis reveals a key in-
sight: when all sequences accept the same number
of tokens, δi = 0 and realignment overhead van-
ishes (Corollary B.4). Rather than accelerating
these operations, EXSPEC sidesteps them through
scheduling.

Cross-Batch Scheduling. EXSPEC differs from
EQSPEC in how it manages sequence lifecycles.
Rather than maintaining fixed batches that require
realignment after every verification, we introduce
a SequencePool that holds sequences individually
in their ragged states. This enables three optimiza-
tions: (i) sequences that complete (reach EOS) are
immediately removed, avoiding wasted computa-
tion; (ii) lazy realignment defers synchronization
until strictly necessary; and (iii) dynamic batch
formation over a sliding window of W > B se-
quences greatly increases the chance of finding

same-length groups.
Figure 4 illustrates the flow. After verification,

ragged sequences return directly to the pool with-
out realignment. The scheduler scans the active
window and attempts to form batches of identi-
cal length. Same-length sequences concatenate
directly (no padding adjustments, no position-ID
recomputation, no KV-cache realignment), bypass-
ing coverhead(B) entirely. Only when same-length
grouping fails do we fall back to unpad–append–
repad. Combined with prompt-length sorting,
grouping rates approach unity for similar work-
loads, turning constant realignment into the rare
case. The complete procedure is detailed in Algo-
rithm 2 (Appendix C).

4 Experimental Validation

We validate the diagnostics and the correctness
specification along two dimensions conflated in
prior work: output equivalence and throughput.

4.1 Experimental Setup

Models. To test robustness across architec-
tures, we evaluate three target–draft pairs:
Vicuna-7B/68M (Zheng et al., 2023a), Qwen3-
8B/0.6B (Yang et al., 2025), and GLM-4-
9B/0.6B (GLM et al., 2024). Unless otherwise
noted, experiments use NVIDIA A100 80GB
GPUs, PyTorch 2.7, HuggingFace Transformers
4.51.3, five draft tokens per speculation round, and
greedy decoding for determinism.

Evaluation and Datasets. We use
SpecBench (Xia et al., 2024), a widely adopted
benchmark for speculative decoding research.
We also use Multi30k (Elliott et al., 2016) for a
controlled EXSPEC study that contrasts random
sampling with an identical-length subset, isolating
sequence-length diversity as the driver of grouping
rate. For the main evaluation, we measure:
(1) Throughput: tokens/s across batch sizes;
and (2) Output Equivalence: exact-match rate
(full-sequence equivalence with non-speculative
decoding) and partial-match rate (fraction of
tokens matching until the first divergence). The
partial-match metric helps localize failure modes.
Early divergence typically indicates position-ID or
KV-cache misalignment.

Batch Speculative Decoding Compared. Fol-
lowing our failure-mode taxonomy (Section 2),
we evaluate: (1) Masking approaches: BSP (Su

10435



et al., 2023) attempts masking with adaptive spec-
ulation but suffers position-ID inconsistencies
(BASS (Qian et al., 2024) also follows this ap-
proach but requires custom CUDA kernels, limit-
ing generality); (2) Dynamic-padding approaches:
DSD (Yan et al., 2025) explores padding but mis-
handles the KV-cache, while EQSPEC implements
correct synchronization and EXSPEC adds cross-
batch scheduling; (3) Reference baselines: Spec-
1 (batch-size-1 speculation from Hugging Face
Transformers), which does not support batch spec-
ulative decoding2. Production systems (vLLM,
SGLang; see also Sections 2 and 3.1) employ
continuous batching with paged attention, which
sidesteps the ragged tensor problem through differ-
ent architectural choices. SGLang supports only
EAGLE-family drafters; vLLM v1 serves as a nu-
merical control in Section 4.2, while broader vLLM
and SGLang results remain in Appendix F. No ex-
isting implementation uses rollback due to its in-
herent wastefulness.

4.2 Validating the Diagnostics (Stage 1–2)
The first two audit stages ask: do our diagnostics
detect failures standard metrics miss, and do the
signatures localize root causes? ROUGE (Qian
et al., 2024) is unsuitable as a correctness oracle:
corrupted repetitive text can still score reasonably.

Table 2 validates the diagnostics on two fronts.
First, the metrics detect: DSD and BSP show catas-
trophic degradation invisible to ROUGE. Second,
they distinguish root causes. DSD’s near-zero
scores on both metrics indicate immediate position-
ID misalignment (failure from the first token). BSP
shows higher partial match (up to 39.7%) but low
exact match: gradual decay as KV-cache drift mis-
directs attention, triggering repetition. These com-
plementary signatures (immediate vs. gradual) map
to the bug taxonomy (Table 3): DSD suffers from
batch-independent errors compounded by synchro-
nization failures; BSP accumulates KV-cache drift
from position-ID desynchronization.

Enforcing the invariants removes the catas-
trophic failure signatures, but our methods achieve
90.8–97.3% exact match against the batch-size-1
non-speculative oracle rather than bit-exact iden-
tity (Table 2). The remaining divergence is con-
sistent with batch-dependent floating-point effects
and argmax tie-breaking (He and Lab, 2025; Gond
et al., 2026; Liu et al., 2026); Table 4 shows that

2https://github.com/huggingface/transformers/
issues/32165

even non-speculative batched decoding can diverge
from a batch-size-1 anchor.

vLLM v1 numerical control. Table 4 shows that
non-speculative batched decoding also diverges
from the batch-size-1 anchor when batch-invariant
kernels are unavailable, separating numerical diver-
gence from speculative-decoding synchronization.
Because this vLLM configuration differs from our
main setup, we treat it as a control rather than a
matched performance comparison.

From a reproducibility perspective, these results
underscore that published throughput numbers for
batch speculative decoding should not be taken
at face value without accompanying correctness
verification. BSP and DSD reported competitive
throughput in their respective publications, yet our
audit reveals near-zero output equivalence: the mea-
sured tokens/s, while real, correspond to corrupted
outputs rather than valid generation. We provide
additional analysis of production systems (vLLM,
SGLang) in Appendix F.

4.3 Validating the Cost Analysis (Stage 4)

Five studies validate the cost predictions from
the formalization stage: batch scaling efficiency,
alignment overhead growth, sequence diversity
as bottleneck, mechanistic profiling, and latency–
throughput tradeoff.

Batch scaling efficiency. Figure 5(a) normalizes
each method’s throughput to its own BS=1 base-
line, isolating batch-level scaling from absolute
performance. The No-Ragged-Scaling reference
line is non-speculative decoding normalized the
same way. EXSPEC initially exceeds this reference
because speculation converts memory-bound gener-
ation into compute-bound verification that benefits
more from GPU parallelism; at larger batch sizes,
alignment overhead dominates and the advantage
inverts. The key finding: valid batch speculative
decoding need not sacrifice scaling efficiency up
to BS=8, whereas prior methods either produce
corrupted outputs or fail to scale.

Alignment overhead growth. Figure 5(b) quan-
tifies realignment costs via two metrics: percentage
of total time spent on alignment (OH%) and per-
round alignment time (OH/|Spec|). Overhead rises
from ∼ 13% at BS=1 to nearly 40% at BS=32,
with per-round costs increasing even more. This
matches our prediction that cpad(B)+ckv(B) grows
superlinearly with B. This is a structural cost of the
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Method
Vicuna Qwen3 GLM4

Batch 1 Batch 4 Batch 1 Batch 4 Batch 1 Batch 4
E P E P E P E P E P E P

Non-Spec-Batch – – 53.8 98.2 – – 92.9 96.5 – – 93.3 97.2
Spec-1 97.1 98.4 – – 94.6 97.2 – – 96.0 98.0 – –
EQSPEC 97.3 98.6 92.1 98.6 94.6 96.9 92.3 95.7 96.7 98.1 96.5 98.3
EXSPEC 97.3 98.6 90.8 97.6 94.6 96.9 95.0 97.1 96.7 98.1 95.2 97.7
DSD 0.0 8.1 0.0 2.2 0.2 2.2 0.0 0.6 0.0 1.0 0.0 0.8
BSP 1.9 39.7 0.2 31.3 3.5 19.9 2.1 12.6 1.0 15.3 0.6 8.1

Table 2: Output equivalence of speculative-decoding implementations, measured by exact (E) and partial (P) match
against batch-size-1 non-speculative decoding. EQSPEC and EXSPEC do not achieve bit-exact identity; DSD and
BSP exhibit near-zero exact match.
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Figure 5: Decomposing batch speculative decoding performance. (a) Batch scaling efficiency: each method’s
throughput normalized to its own BS=1 baseline, isolating scaling behavior from absolute performance. The
No-Ragged-Scaling line shows measured autoregressive decoding throughput (not a theoretical bound), serving
as a reference for how standard batching scales without ragged tensor overhead. (b) Alignment overhead grows
superlinearly with batch size, consuming up to 38% of inference time, validating that coverhead(B) dominates at
scale. (c) Cross-batch grouping rates on Multi30k for random vs. uniform-length sequences, showing that length
homogeneity transforms grouping effectiveness.

contiguous layout: the very operations required to
maintain the invariants (unpad–append–repad and
KV-cache realignment) become increasingly expen-
sive as sequence lengths diverge. The superlinear
growth is not an implementation inefficiency but
a property of maintaining synchronization under
contiguous layouts (Theorem 3.1), which helps ex-
plain why prior methods either break equivalence
(skipping the expensive synchronization) or fail to
scale (paying the full cost).

Grouping rate × sequence-length distribution.
Figure 5(c) probes whether cross-batch schedul-
ing limits are algorithmic or circumstantial via
Multi30k. Comparing random sampling to an All-
Mean subset with identical lengths isolates the
bottleneck: sequence diversity, not the method.
Random sampling shows grouping rates collaps-
ing with batch size, whereas the All-Mean con-
figuration maintains high grouping effectiveness
even at moderate scales, substantially reducing
coverhead(B). This contrast suggests that length-
based bucketing or dynamic sorting can push real
workloads toward the ideal. Production traces are

length-heterogeneous (Bai et al., 2026), and group-
ing similar-length requests is an established and
effective serving technique (Zheng et al., 2023b;
Bai et al., 2026); EXSPEC applies this principle
under the synchronization invariants.

Overhead Anatomy. Table 5 shows EXSPEC

achieves 64% higher throughput by cutting veri-
fication calls by one-third and halving alignment
overhead through same-length grouping. The trade-
off is memory locality: dynamic batching scatters
KV-cache entries, making each verification slower,
but fewer total operations wins.

Latency–throughput tradeoff. Simulating on-
line serving with dynamic arrivals from shuffled
multi-turn SpecBench conversations, Table 6 re-
veals two operating points. EXSPEC’s grouping
raises throughput but delays early requests un-
til matching partners arrive, inflating tail latency,
worst at small batch sizes where throughput is
low; EQSPEC realigns every round for stable, pre-
dictable tail latency. The tradeoff is deployment-
driven: EXSPEC for offline throughput, EQSPEC
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Bug Category Specific Issue System BS=1 BS>1

Batch-independent
implementation errors

Bonus token sampled from draft model instead of
target model

DSD ✓ ✓

KV-cache contains rejected tokens; position IDs
auto-calculated incorrectly

BSP ✓ ✓

Ragged tensor
synchronization
(batch-specific)

Unaligned KV-cache across sequences with different
accepted lengths

DSD, BSP ✗ ✓

Position ID desynchronization across ragged se-
quences

BSP ✗ ✓

Table 3: Taxonomy of implementation errors in batch speculative decoding. Batch-independent errors corrupt
outputs at any batch size and could be fixed with careful code review. Ragged tensor synchronization errors are
batch-specific and represent the core challenge this paper addresses.

GPU Batch-inv. Non-spec Spec
BS>1 BS= 1 BS>1

H100 on 80/80 80/80 80/80
off 66/80 80/80 62/80

A100 on 62/80 58/80 56/80
off 58/80 61/80 63/80

Table 4: vLLM v1 numerical control (Qwen3-4B/0.6B,
K=3, 80 MT-Bench prompts, greedy): exact matches
against the non-speculative BS=1 output.

Method TPS |Spec| ms/V V% D% OH%

EQSPEC 95.6 1469 24.9 44.9 27.4 27.7
EXSPEC 156.4 952 29.1 55.9 29.5 14.6

Table 5: Overhead anatomy of batch speculation meth-
ods. V%=verification, D%=draft, OH%=overhead. De-
spite slower per-verification time, EXSPEC achieves
higher throughput by reducing verification calls and
alignment overhead.

for latency-sensitive serving.

5 Related Work

Speculative Decoding and Batch Extension.
Speculative decoding verifies draft tokens in par-
allel, either sequentially (Xia et al., 2023; Santilli
et al., 2023; Yang et al., 2023; Hooper et al., 2023;
Zhang et al., 2024; Fu et al., 2024) or via tree struc-
tures (Miao et al., 2024; Spector and Re, 2023; Sun
et al., 2023; He et al., 2024; Cai et al., 2024; Li
et al., 2024b,a, 2026; Tang et al., 2025). Exact
variants preserve the target distribution; approxi-
mate schemes (Kim et al., 2023; Zhong et al., 2025)
trade exactness for speed. We assume lossless veri-
fication so that any deviation signals a bug. Recent
work parallelizes multiple drafts per request (Stew-
art et al., 2024; Lee et al., 2024) but still verifies
independently. Extending speculation to a batch
of requests introduces the ragged tensor problem:
when sequences accept different numbers of draft

BS Method Tok/s P90 P99

1 EQSPEC 15.20 12.96 16.53
EXSPEC 15.78 8.32 9.42

2 EQSPEC 26.70 14.78 19.06
EXSPEC 30.54 114.89 134.03

4 EQSPEC 46.11 16.23 19.13
EXSPEC 52.44 53.21 70.35

8 EQSPEC 76.03 19.23 22.50
EXSPEC 77.54 19.13 33.93

Table 6: Latency–throughput tradeoff under simu-
lated online serving with heterogeneous request lengths.
Throughput in tokens/s; P90/P99 are the 90th/99th-
percentile request-completion latency (s). EXSPEC
maximizes throughput while EQSPEC keeps tail latency
stable; setup and full breakdown in Appendix E.

tokens, the resulting variable-length tensors break
GPU-friendly rectangular operations (Qian et al.,
2024). Existing approaches face fundamental limi-
tations detailed in Section 2. Position ID/masking
approaches like BSP (Su et al., 2023) suffer from
position ID inconsistencies across iterations. Dy-
namic padding approaches reveal critical imple-
mentation errors: DSD (Yan et al., 2025) samples
bonus tokens from the draft model’s distribution
rather than the target model’s, violating output
equivalence. This error compounds with improper
KV-cache handling, producing corrupted outputs:
BSP generates repetitive tokens, DSD produces
<unk> symbols. BASS (Qian et al., 2024) sidesteps
these issues through custom CUDA kernels but
sacrifices portability. Production systems (vLLM,
SGLang) avoid the problem through a different
memory layout, continuous batching with variable-
length and paged attention, rather than the synchro-
nization we study (Appendix F). To our knowledge,
no prior work formalizes the synchronization invari-
ants that correctness requires; failures have been
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observed but not systematically analyzed.

Correctness Verification and Reproducibility
in LLM Inference. Verifying the correctness
of inference optimizations remains underexplored.
Liu et al. (2026) report large gaps between
theoretical and measured speculative-decoding
speedup on vLLM and note output-length variation
across batch sizes, attributing it to numerical non-
determinism without further diagnosis; He and Lab
(2025) characterize floating-point non-determinism
without addressing algorithmic correctness. Our di-
agnostic metrics separate this numerical noise from
the synchronization failures we identify, drawing
on fault-localization ideas from software engineer-
ing (spectrum-based localization (Jones and Har-
rold, 2005; Abreu et al., 2007) and delta debug-
ging (Zeller and Hildebrandt, 2002)) that localize
root causes from observable failure patterns.

6 Conclusion

Throughput without correctness verification is un-
reliable. Our forensic audit of batch speculative
decoding followed four stages: observe corrupted
outputs in published implementations invisible to
ROUGE; diagnose via exact/partial match, distin-
guishing immediate position-ID failures from grad-
ual KV-cache drift; formalize the synchronization
invariants whose violation produces each signa-
ture, proving superlinear realignment cost under
contiguous layouts; validate that enforcing the in-
variants removes catastrophic synchronization fail-
ures without bit-exact identity (90.8–97.3% exact
match), while EXSPEC cuts the cost via same-
length scheduling (3× throughput at batch size
8). For practitioners: verify I1/I2 under greedy
decoding; use exact match to detect corruption and
partial match to localize it (high partial / low exact
⇒ cache drift; both low⇒ position-ID errors). We
hope the audit approach transfers to other tensor-
batched settings, though validated here only for
batch speculative decoding.

Limitations

Our case study is limited to the contiguous KV-
cache setting; we do not integrate EQSPEC or
EXSPEC into continuous-batching systems such
as vLLM or SGLang, whose variable-length and
paged-attention layouts avoid the ragged-tensor
problem by construction (Section 2). Within our
case study, the advantage is confined to mod-
erate batch sizes, since realignment overhead

grows superlinearly and EXSPEC’s gains depend
on sequence-length homogeneity that heteroge-
neous workloads erode, while absolute speedup
is bounded by draft-model quality. EXSPEC fur-
ther trades tail latency for throughput: delaying
requests to form same-length groups suits offline,
throughput-oriented batch processing, whereas
EQSPEC realigns each round and offers stable per-
request latency for latency-sensitive online serving.
We do not achieve bit-exact identity with batch-
size-1 non-speculative decoding (90.8–97.3% ex-
act match); residual mismatches are consistent with
batch-dependent floating-point effects.
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A Bug Taxonomy in Prior
Implementations

We categorize the implementation errors found
in prior batch speculative decoding systems by
whether they manifest at batch size 1 (Table 3).

Batch-independent errors. The first category
consists of relatively straightforward implementa-
tion mistakes: sampling from the wrong distribu-
tion or failing to exclude rejected tokens. While
these corrupt outputs at any batch size, they could
be fixed with careful code review. DSD incorrectly
samples the bonus token from the draft model’s
distribution rather than the target model’s, violat-
ing the fundamental output equivalence guaran-
tee of speculative decoding. BSP’s KV-cache re-
tains rejected tokens and relies on framework auto-
calculation for position IDs, which produces incor-
rect values when padding patterns change.

Batch-specific synchronization errors. The sec-
ond category represents the core contribution of
this paper: errors that only manifest when batch
size exceeds one. These arise from the ragged
tensor problem: when sequences accept different
numbers of draft tokens, maintaining synchronized
position IDs, attention masks, and KV-cache state
across the batch becomes non-trivial. Our synchro-
nization invariants (I1, I2) in Section 3 formalize
exactly what must be preserved, and our EQSPEC

algorithm provides the first correct implementation.
This taxonomy clarifies that while prior imple-

mentations suffer from multiple bug types, our con-
tribution specifically addresses the batch-specific
synchronization challenge that has no analog in
single-sequence speculative decoding.

B Proof of Synchronization Invariants

Theorem B.1 (EQSPEC: Preservation of Align-
ment and Cache Correspondence). Given a batch
of size B, let p(t)i and c

(t)
i denote the padding and

content lengths of sequence i at verification step t,
and let realignment apply the offset δi of Eq. (2) as
a relocation: a value-preserving move of cached
entries, with rejected entries dropped. If at step t

(i) the alignment invariant p(t)i + c
(t)
i = L(t) holds

for all i ∈ [1, B], and (ii) the cache clause of I2
holds, so every content position stores the key/value
the target model computed for its token, then the
EQSPEC update rule guarantees both properties
at step t + 1. The position-ID clause of I2 is re-
stored directly by recomputing position IDs from
the attention mask after repadding.

Proof. We prove this by induction on the verifica-
tion step t.

Base Case (t = 0): At initialization, all se-
quences are left-padded to the maximum prompt
length L(0). Thus, ∀i, p(0)i + c

(0)
i = L(0). The in-

variant holds. At t = 0 the cache holds only the
prompt entries from the initial target forward pass,
which are correct by construction, so (ii) holds as
well.

Inductive Step: Assume the invariant holds at
step t. During verification, sequence i accepts ai
new tokens. The new content length becomes:

c
(t+1)
i = c

(t)
i + ai (3)

The new target batch length is determined by the
longest updated sequence:

L(t+1) = max
j∈[1,B]

(c
(t)
j + aj) (4)

The EQSPEC algorithm calculates the padding off-
set δi as defined in Eq. (2):

δi = (L(t+1) − L(t))− ai (5)

The new padding length is updated as p
(t+1)
i =

p
(t)
i + δi. We verify the invariant at t+ 1 by substi-

tuting these terms:

p
(t+1)
i + c

(t+1)
i = (p

(t)
i + δi) + (c

(t)
i + ai)

= p
(t)
i + (L(t+1) − L(t) − ai)

+ c
(t)
i + ai

= (p
(t)
i + c

(t)
i )− L(t) + L(t+1)
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By the inductive hypothesis, p(t)i + c
(t)
i = L(t).

Substituting this yields:

= L(t) − L(t) + L(t+1)

= L(t+1)

Thus, ∀i, p(t+1)
i +c

(t+1)
i = L(t+1). The rectangular

alignment is preserved.
Cache clause of I2. EQSPEC realignment is

a relocation: it moves each retained entry to the
offset induced by δi without recomputation, drops
the entries of rejected draft tokens, and keeps the
entries the target produced for accepted tokens dur-
ing verification. Relocation leaves stored values
unchanged, so each retained entry still equals the
target-computed value from the round in which its
token was processed; by the inductive hypothesis
this is the value required at t + 1. This round’s
accepted tokens take their entries directly from the
verification pass, and rejected tokens contribute
none. Hence every content position holds the cor-
rect key/value at t + 1. (The bonus token car-
ries no entry until the next forward pass; see Ap-
pendix D.)

Corollary B.2 (Output Equivalence under Exact
Arithmetic). If a batched run maintains I1 and I2
at every round and samples each bonus token from
the target model, then under exact arithmetic and
a deterministic policy each sequence produces the
same tokens as standard per-sequence decoding.

Proof. At each round the target reads, for every
sequence, the reference positions and keys/values
(I2) within a rectangular batch (I1). Under identical
arithmetic, it therefore computes the same logits as
standard decoding. A deterministic policy then se-
lects the same accepted tokens and the same bonus
token. Induction over rounds yields identical token
sequences.

Finite-precision batched kernels may alter
argmax decisions; Section 4.2 and Table 4 eval-
uate this numerical divergence separately.

Corollary B.3 (Zero Overhead for Single Se-
quence). For batch size B = 1, no padding ad-
justment is required.

Proof. When B = 1, the batch consists of a sin-
gle sequence with content length c

(t)
1 . We can

set padding p
(t)
1 = 0 without loss of general-

ity, satisfying the alignment invariant naturally as

L(t) = c
(t)
1 . Given acceptance a1, the new length

is L(t+1) = c
(t)
1 + a1. Substituting into Eq. (2):

δ1 = (L(t+1) − L(t))− a1

= (c
(t)
1 + a1 − c

(t)
1 )− a1 = 0

(6)

Since δ1 = 0, no unpad-append-repad or KV-cache
shifting is required.

Corollary B.4 (EXSPEC: Zero Overhead for Uni-
form Acceptance). If all sequences in a batch ac-
cept the same number of tokens k ≥ 1, no padding
realignment is required (δi = 0 for all i), regard-
less of their initial padding or content lengths.

Proof. Let any sequence i have arbitrary padding
p
(t)
i and content c(t)i . The batch length at step t is

defined as L(t) = maxj(p
(t)
j +c

(t)
j ). Recall that the

invariant p(t)j + c
(t)
j = L(t) holds for all sequences.

If every sequence accepts an identical number
of tokens ai = k, then the new content length is
c
(t+1)
i = c

(t)
i + k. The new batch length becomes:

L(t+1) = max
j

(p
(t)
j + c

(t+1)
j )

= max
j

(p
(t)
j + c

(t)
j + k)

= (max
j

(p
(t)
j + c

(t)
j )) + k

= L(t) + k

The realignment offset δi is calculated as:

δi = (L(t+1) − L(t))− ai

= ((L(t) + k)− L(t))− k

= k − k

= 0

Since δi = 0, the existing padding structure is pre-
served exactly. No memory reallocation or shifting
is required, even if the sequences started with dif-
ferent amounts of padding.

Proof of Theorem 3.1. Write C(B) =∑B
i=1(MB − ai) for the per-round realign-

ment work. By linearity of expectation,
E[C(B)] = B (E[MB] − µ). Adding a se-
quence can only raise the running maximum,
so E[MB+1] ≥ E[MB], with strict inequality
whenever acceptances are non-degenerate; the
per-sequence cost E[MB] − µ is therefore
increasing in B, and the total B (E[MB] − µ) is
superadditive (it grows strictly faster than linearly).
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Algorithm 2 EXSPEC: Cross-Batch Scheduling
Require: Draft and Target modelMd,Mt, Prompts P , Win-

dow size W , Batch size B
Ensure: Generated sequences S
1: Pool← InitSequencePool(P)
2: ▷ Tokenize and optionally sort by length
3: Window← RefillWindow(Pool,W )
4: while Pool.hasActive() do
5: Phase 1: Lazy Realignment
6: B,mask,KV← GetBatch(Window, B)
7: ▷ Try same-length concatenation
8: ▷ Fallback to Unpad-Repad Realignment
9: Phase 2: Draft Generation

10: D ←Md.Generate(B,mask,K)
11: Phase 3: Batch Verification
12: ▷ See Alg. 3 in Appendix for BatchVerify
13: A,B,KV← BatchVerify(Mt,B, D,KV)
14: Phase 4: Write-Back and Window Refill
15: for i ∈ B do
16: Pool[i]← Pool[i]⊕A[i]⊕B[i]
17: Pool.KV[i]← KV[i]
18: if isComplete(Pool[i]) then Pool.deactivate(i)
19: end for
20: Window← RefillWindow(Pool,W )
21: end while
22: return Pool.sequences

Because acceptances are capped at K and some
sequence attains K with positive probability,
P (MB < K) = [1 − P (ai = K)]B → 0, so
E[MB]→ K and the per-sequence cost saturates
at K − µ.

C EXSPEC: Cross-Batch Scheduling
Algorithm

Algorithm 2 gives the complete EXSPEC proce-
dure summarized in Section 3.2. It maintains a
SequencePool of active sequences and, over a slid-
ing window of width W > B, forms batches of
identical length that concatenate without realign-
ment, falling back to the unpad–append–repad path
of EQSPEC only when same-length grouping fails.

D BatchVerify Algorithm Details

Algorithm 3 implements batch verification through
a single forward pass over all draft tokens. On
the first iteration, the input concatenates the full
sequences with their draft tokens (X ← S ⊕ D)
to build the initial KV-cache; subsequent iterations
process only the draft tokens since prior context
is cached. The target model produces logits for
all positions, from which we extract predicted to-
kens via argmax. Mismatch detection is vector-
ized: we compare predicted tokens against draft
tokens and identify the first disagreement position
j per sequence. The accepted tokens A[i] consist

of all draft tokens up to (but not including) the first
mismatch, while the bonus token B[i] is sampled
from the target model’s distribution at the mismatch
position. Critically, this must come from the tar-
get model, not the draft model, to preserve output
equivalence. Note that because bonus token sam-
pling occurs after the forward pass completes, the
bonus token lacks KV-cache entries and must be
included in the next forward pass.

An alternative approach, previously employed
by vLLM’s v0 engine, sidesteps variable accep-
tance lengths through batch expansion: rather than
handling ragged outputs, each sequence is dupli-
cated K times with progressively longer draft pre-
fixes (e.g., [t1], [t1, t2], [t1, t2, t3]), all verified in
one pass, keeping only the longest correct prefix
per sequence. While this maintains rectangular ten-
sors, it incurs K× memory and compute overhead,
resources wasted when early tokens are rejected.
This approach was deprecated in vLLM v1 due to
GPU memory overflow at scale and incompatibil-
ity with CUDA graphs. Our BatchVerify instead
accepts the ragged output directly and delegates
synchronization to the subsequent unpad-append-
repad phase (Section 3.1), avoiding the multiplica-
tive overhead of batch expansion.

E Latency-Throughput Tradeoff in
Online Serving

To evaluate performance under realistic online serv-
ing conditions, we conducted experiments simulat-
ing dynamic request arrivals using full multi-turn
conversations from SpecBench. We shuffled con-
versation turns to maximize length diversity and
inserted new turns into the next available batch,
measuring both throughput (tokens/s) and request
completion latency (s) at P50/P90/P99 percentiles.
Table 6 compares EQSPEC against EXSPEC across
batch sizes 1, 2, 4, and 8.

Both methods achieve positive speedups un-
der heterogeneous multi-turn workloads, with
EXSPEC obtaining 2–14% higher throughput than
EQSPEC through cross-batch grouping of same-
length sequences. However, EXSPEC suffers 1.5–
7.7× worse P90/P99 latencies because delaying
early requests until same-length partners arrive
causes head-of-line blocking. The penalty peaks at
batch size 2 (P99 134s) and recedes as batch size
grows (34s at batch size 8), since larger batches sus-
tain the throughput (30.5 to 77.5 tokens/s) needed
to drain the request queue. In contrast, EQSPEC
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maintains predictable tail latency with P99 un-
der 23 seconds across all batch sizes, making it
suitable for latency-sensitive online serving where
service-level objectives must be met. These re-
sults demonstrate that the choice between EQSPEC

and EXSPEC depends on deployment requirements:
EQSPEC provides stable, predictable latency for in-
teractive applications, while EXSPEC maximizes
throughput for offline batch processing where indi-
vidual request latency is less critical. By offering
both algorithms with explicit algorithmic correct-
ness guarantees, our work enables practitioners to
match their batch speculation strategy to their spe-
cific operational constraints.

F Continuous Batching Systems

Scope

Continuous-batching systems (vLLM,
SGLang) address raggedness through
memory layout rather than synchroniza-
tion: variable-length packing with paged
attention stores sequences in a flat buffer,
so Invariant I1 never arises (Family B,
Section 2). We report two regimes of
vLLM: the v0 engine used in our main
comparison (Table 7), and vLLM v1, which
added external-draft speculative decoding
in January 2026 (Table 4). vLLM v1 is
output-equivalent on H100, confirming that
the varlen/paged layout is correct where
its kernels are available; the divergences
reported below reflect numerical precision
and feature scope.

Architectural differences. Static batching pro-
cesses a fixed batch of B sequences together, re-
quiring rectangular tensor alignment (Invariant I1)
and facing the ragged tensor synchronization chal-
lenge when sequences accept different numbers of
draft tokens. Continuous batching systems (e.g.,
vLLM, SGLang) process requests using variable-
length packing, sidestepping I1, but still require
scatter-gather across requests and rollback both
position-ID and KV-cache for rejected tokens, a
one-dimensional analog of alignment. Critically,
I2 remains a prerequisite for algorithmic correct-
ness regardless of batching strategy. When we
ran our main comparison, neither engine exposed
external-draft speculative decoding through contin-
uous batching; vLLM v1 has since added it (Ta-

Algorithm 3 BatchVerify: Single Forward Pass
Require: Target modelMt, Sequences S, Draft tokens D,

KV cache
Ensure: Accepted tokens A, Bonus tokens B
1: if first iteration then
2: X ← S ⊕D
3: else
4: X ← D
5: end if
6: logits,KVCache←Mt(X ,KVCache)
7: pred_tokens← argmax(logits, dim=vocab)
8: ▷ Vectorized first mismatch detection
9: matches← (pred_tokens = D)

10: J ← argmax(¬matches, dim=seq)
11: ▷ Ragged shape acceptance, no vectorization
12: for each sequence i in batch do
13: A[i]← D[i][: j]
14: ▷ Get bonus token from first mismatch
15: bonus_logit← logits[i, |S[i]|+ j]
16: B[i]← argmax(bonus_logit)
17: end for
18: return A,B,KV Cache

ble 4).

Systems evaluated. For informational compar-
ison, we evaluated: vLLM (Kwon et al., 2023)
(which subsumes TETRIS (Wu et al., 2025) and
TurboSpec (Liu et al., 2025) as vLLM forks) and
SGLang-EAGLE (Zheng et al., 2024; Li et al.,
2024a, 2026). We used the vLLM v0 engine,
the only version supporting external-draft specu-
lative decoding when we ran these experiments;
v1 added a varlen replacement in January 2026
(Table 4). SGLang is compatible only with the
EAGLE family; we compare Vicuna-7B/EAGLE2
and Qwen3-8B/EAGLE3 (no available weights for
GLM-4). We further tested SGLang-EAGLE-
Deterministic (SGLang Team, 2025), which en-
ables deterministic execution to reduce numerical
variance.

Throughput observations. Figure 6 shows
throughput characteristics of production frame-
works. These systems use continuous batching
with dynamically varying effective batch sizes,
so the x-axis is a “maximum batch size” rather
than the fixed batch size of our experiments.
The observed patterns (vLLM’s speculative decod-
ing underperforming its baseline at high concur-
rency, SGLang+EAGLE being slower than non-
speculative generation) reflect the challenges of in-
tegrating speculation with continuous batching. In-
dependent evaluation by Liu et al. (2026) confirms
these challenges: they report EAGLE speedup
degrading from 1.73× to 1.21× as batch size
scales from 1 to 128, with verification consum-

10445



ing 42–95% of execution time. vLLM’s v0 en-
gine used batch expansion, deprecated in v1 (vllm-
project/vllm#17984) due to K× memory overhead.

Accuracy observations. Table 7 shows accuracy
metrics for vLLM and SGLang. Both systems are
accurate on Vicuna but degrade on Qwen3, sug-
gesting model-specific sensitivities to position en-
coding or numerical precision. SGLang-EAGLE-
Deterministic (SGLang Team, 2025) helps disam-
biguate the cause: the improvement from 69.8% to
85.0% on Vicuna confirms that most divergences
stem from floating-point non-determinism (He and
Lab, 2025) rather than algorithmic bugs. Concur-
rent work by Liu et al. (2026) reaches similar con-
clusions using output length correlation, though
our exact and partial match metrics provide finer-
grained verification by distinguishing complete se-
quence match from partial divergence. Note that
SGLang only supports EAGLE-family drafters, not
external draft models.

The vLLM v1 batch-invariant-kernel results are
reported in Section 4.2.

Architectural implications. The contrast be-
tween batch expansion and our approach illustrates
two strategies for handling ragged tensors: resource
duplication versus explicit synchronization. Batch
expansion maintains rectangular tensors by dupli-
cating work, trading K× memory for implementa-
tion simplicity. Our unpad-append-repad approach
instead accepts raggedness and pays synchroniza-
tion costs only when sequences diverge. Integrating
this synchronization-based approach with continu-
ous batching and paged attention remains an open
problem for production deployment.
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Figure 6: Speculative decoding lags non-speculative
baselines, with larger batches further degrading through-
put.

G Discussion

Batch parallelism and per-sequence speculative
decoding represent two orthogonal acceleration
strategies that should, in principle, multiply to-
gether: batching exploits GPU parallelism across
sequences while speculation reduces sequential to-
ken dependencies within each sequence. However,
when combining these techniques in practice, the
ragged tensor problem emerges as a fundamental
obstacle that breaks this multiplicative relationship.
Different sequences accept different numbers of
draft tokens, desynchronizing position IDs, atten-
tion masks, and KV-cache state across the batch. A
correctly implemented batch speculative decoding,
as we provide through EQSPEC and EXSPEC, pre-
serves the multiplicative gains but incurs a realign-
ment cost that consumes up to 40% of computation.
Our work establishes the synchronization invari-
ants required for algorithmic correctness, quantifies
their cost under contiguous layouts, and demon-
strates through cross-batch scheduling that intelli-
gent system design can mitigate, though not elim-
inate, the overhead of maintaining output equiva-
lence at scale.

H Reproducibility Statement

We provide our complete implementation in the
Supplementary Material, including all hyperpa-
rameters, experimental configurations, and model
specifications detailed in Section 4. Our output
equivalence verification framework using exact and
partial match metrics enables deterministic valida-
tion of both our results and future implementations.
All experiments use publicly available models and
datasets for reproducibility.

Model Configurations. We evaluate three target-
draft model pairs: Vicuna-7B (lmsys/vicuna-7b-
v1.3) with a 68M draft model (double7/vicuna-
68m), Qwen3-8B (Qwen/Qwen3-8B) with Qwen3-
0.6B (Qwen/Qwen3-0.6B), and GLM-4-9B (zai-
org/GLM-4-9B-0414) with a 0.6B draft model
(jukofyork/GLM-4.5-DRAFT-0.6B-v3.0). All
models were loaded in FP16 precision with greedy
decoding (temperature=0, top_p=1.0) to ensure de-
terministic outputs. We use five draft tokens per
speculation round across all experiments unless
otherwise specified.

Production Systems Configuration. We eval-
uated two production inference systems for com-
parison: vLLM version 0.9.1 and SGLang com-
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Method Vicuna Qwen3 GLM4
E P E P E P

vLLM + Spec 96.9 98.0 65.6 78.5 72.7 84.5
SGLang + EAGLE 69.8 79.5 47.7 65.4 – –
SGLang + EAGLE + Det 85.0 90.0 50.6 69.5 – –

Table 7: Correctness of continuous batching systems. Exact match (E) and partial match (P) scores compared
against each system’s own non-speculative mode.

mit c4e314f (the deterministic decoding had not
merged to the stable version when we ran these
experiments, so we compiled it from source). For
vLLM, we used the V0 engine with speculative
decoding enabled, as the V1 engine did not yet sup-
port draft-model speculative decoding3 (added in
January 2026; see Table 4). For SGLang, we used
EAGLE-based speculation with model-specific
draft models: yuhuili/EAGLE-Vicuna-7B-v1.3
for Vicuna-7B and Tengyunw/qwen3_8b_eagle3
for Qwen3-8B. GLM-4 was not evaluated with
SGLang due to the unavailability of compatible
EAGLE draft models. We tested both standard
SGLang inference and SGLang with determinis-
tic mode enabled (SGLang Team, 2025) to isolate
floating-point non-determinism from algorithmic
correctness issues.

I Disclose on LLM Usage

We used Large Language Models as assistive tools
in preparing this manuscript: GPT-5 and Claude
Opus 4.1 for polishing writing (grammar correc-
tion and sentence restructuring), generating con-
ceptual diagram illustrations, and writing unit tests;
NVIDIA/Parakeet-TDT-0.6B-v3 for voice input
transcription. LLMs were not used for research
ideation, experimental design, data analysis, or sci-
entific conclusions. All core algorithmic imple-
mentations and scientific contributions are solely
from the authors. We take full responsibility for all
content in this paper.

3https://github.com/vllm-project/vllm/issues/
21797
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