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Abstract

Autoregressive video generation repeatedly invokes a large target model over long
rollouts, incurring substantial computational cost. Speculative approaches reduce
this cost by assigning most blocks to a smaller drafter and invoking the target only
on selected blocks. Existing methods rely on online perceptual routing to select
target blocks, yet we find that per-block scoring provides no statistically significant
quality improvement over random acceptance at matched rates. Controlled place-
ment ablations further demonstrate that evenly spaced target blocks outperform
router-selected and random placements at fixed compute, while minimizing the
longest uninterrupted draft run. Based on this principle, we present SpecAR, a
training-free mixed-rollout decoder that predetermines evenly spaced target anchors
before generation without learned routers, auxiliary reward models, or runtime
scoring overhead. Evaluated on Krea Realtime 14B and Helios 14B, SpecAR
achieves up to 10.54× speedup over target-only generation and 1.84× over
SDVG, while matching or exceeding SDVG across all evaluated operating points
on VisionReward and Restricted VBench Quality-6 and retaining up to 99.7% of
target-only quality. Project page: https://statite.ai/specar/

1 Introduction

Autoregressive video models (Huang et al., 2025a) generate video sequentially in blocks, conditioning
each new block on the preceding generation. Producing long rollouts requires repeated execution
of a large target model, making inference computationally expensive. Speculative video generation
reduces this cost by delegating most blocks to a smaller drafter while reserving target-model compu-
tation for selected positions along the rollout. This reduces the frequency of expensive target-model
evaluations, but leaves the allocation of a limited target-generation budget as a central design problem.

Existing speculative video methods, such as SDVG (Hu & Zhang, 2026), use online image-quality
scores to decide when to invoke the target model. This routing incurs substantial scoring overhead
yet yields no statistically significant quality gain over random block selection at a matched target
budget. The underlying limitation is that quality degradation arises from cumulative trajectory
drift across consecutive draft blocks, which individual block scores fail to capture. Online routing
therefore permits long uninterrupted draft runs in which errors compound, making the spacing of
target interventions essential to controlling drift.

Generation quality depends on both the number and placement of target blocks. At a fixed target
budget, quality degrades as the longest uninterrupted draft run increases across placement strategies,
linking generation quality to the spacing of target interventions (Appendix C.5). Increasing the target
budget, however, does not consistently improve quality: it improves results on Krea Realtime and
Helios but reduces quality on MAGI-1 (Appendix D). Target-budget selection must therefore account
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for the relative quality of the two models, while target-block placement must control how long the
drafter runs without intervention.

These observations establish two distinct decisions: how many blocks the target should generate and
where those blocks should be placed. The budget depends on the relative generation quality of the
target and drafter. For a given budget, evenly spaced target blocks minimize the longest uninterrupted
draft run under the rollout constraints, by a short counting argument (Appendix B). Target positions
can therefore be determined before generation, eliminating the need for online scoring.

We introduce SpecAR, a training-free mixed-rollout decoder that implements this principle through a
predetermined, evenly distributed schedule. Given a rollout horizon of H blocks and a target budget
of k, SpecAR assigns exactly k blocks to the target model, with the remaining H−k blocks generated
by the drafter. Target positions are fixed before generation and spaced as evenly as possible across the
rollout, minimizing the longest uninterrupted draft run for the specified budget. Unlike methods that
select target blocks through online quality assessment, SpecAR requires no learned router, auxiliary
reward model, or per-block scoring. By separating target-budget selection from block placement,
SpecAR provides explicit control over target computation without introducing additional selection
overhead.

We evaluate SpecAR on two target–drafter pairs in which the target sets the quality ceiling: Krea
Realtime 14B (Millon & Krea AI, 2025) with a Self-Forcing 1.3B drafter, and Helios 14B (Yuan
et al., 2026) with its distilled 14B drafter. Across the evaluated target budgets, SpecAR achieves
2.04–2.67× and 4.37–10.54× speedups over target-only generation, respectively, while running
faster than SDVG at each corresponding operating point with no loss in quality. On Krea Realtime,
SpecAR retains up to 99.7% of target-only Restricted VBench Quality-6, and on Helios its quality
rises with the target budget. A negative case study on MAGI-1 24B with its 4.5B drafter (Appendix
D) shows quality falling as the target budget grows. These results demonstrate the efficiency of fixed
target-block scheduling while highlighting the dependence of generation quality on target-budget
allocation.

This paper makes the following contributions:

• We demonstrate that balanced target placement outperforms online perceptual routing and
random placement under matched target budgets, establishing target-block scheduling as an
important design dimension for autoregressive video generation.

• We introduce SpecAR, a training-free mixed-rollout decoder that evenly distributes target
blocks, minimizing the longest uninterrupted draft run without online scoring or auxiliary
reward models.
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Figure 1: Speedup over target-only generation for SpecAR at each target budget k and for SDVG
at the corresponding operating point (threshold selected using held-out prompts to approximate
SpecAR’s draft fraction; SDVG’s realized acceptance differs, see Table 1), on two target–drafter
pairs; each panel has its own axis. SpecAR is 2.04–2.67× faster than the target on Krea Realtime and
4.37–10.54× on Helios, and faster than SDVG at every budget. Full results in Table 1 and Table 2.
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• We demonstrate quality–latency improvements across Krea Realtime and Helios. SpecAR
achieves 2.04–2.67× and 4.37–10.54× speedups over target-only generation, respectively,
while outperforming SDVG in latency and matching or exceeding its evaluated quality
metrics. A MAGI-1 case study further reveals the importance of target-budget selection.

2 Related Work

2.1 Speculative Decoding

Speculative decoding accelerates autoregressive generation by using a smaller model to propose
future outputs and a larger target model to verify them. In language models, this verification is
defined over a shared discrete vocabulary, allowing proposed tokens to be evaluated directly against
the target distribution. Early methods preserve the target distribution through modified rejection
sampling (Leviathan et al., 2023; Chen et al., 2023), while later work improves proposal quality or
reduces serialization in the draft–verify loop. Medusa (Cai et al., 2024) predicts multiple future tokens
with auxiliary heads, EAGLE (Li et al., 2024) and EAGLE-3 (Li et al., 2025) construct stronger
drafters from target-model features, DFlash (Chen et al., 2026) uses block-diffusion drafting, and
Speculative Speculative Decoding (Kumar et al., 2026) overlaps drafting with verification. Despite
these differences, they operate in the same basic regime: the proposal consists of discrete tokens for
which the target model provides a tractable token-level distribution. SpecAR addresses a different
setting. In block-autoregressive video diffusion, each autoregressive step produces a continuous video
block, so the token-level verification mechanism used in language-model speculative decoding is not
directly available.

2.2 Speculative Decoding for Visual Autoregressive Models

Speculative decoding has also been extended to visual autoregressive models that generate discrete
visual tokens. LANTERN (Jang et al., 2025) and GSD (So et al., 2025) relax token-level verification
to account for redundancy among visually similar tokens, while SJD (Teng et al., 2025) and SCD
(So et al., 2026) use Jacobi-style decoding without a separately trained drafter; SCD additionally
demonstrates large speedups on token-autoregressive video generation. VVS (Dong et al., 2026)
reduces target evaluations by skipping verification on a scheduled subset of steps. Despite these
differences, all of these methods retain a discrete token sequence for which target probabilities
are available, allowing verification to be exact, relaxed, or selectively skipped. The discrete-token
verification framework does not extend directly to continuous video blocks. In block-autoregressive
video generation, target allocation instead determines which model generates each committed block
of the evolving trajectory.

2.3 Speculative Decoding for Block-Autoregressive Video

Block-autoregressive video diffusion generates a continuous latent block at each autoregressive step,
as in Self-Forcing (Huang et al., 2025a) and Wan-style models (Team Wan et al., 2025). Unlike
discrete-token generation, these models do not expose a tractable target probability for each generated
block, so standard token-level acceptance tests cannot be applied directly. SDVG (Hu & Zhang,
2026) addresses this by generating candidate blocks with a smaller drafter and using an auxiliary
perceptual model to decide online whether each candidate should be retained or regenerated by
the target. SpecAR changes this allocation mechanism. The target budget and target positions are
fixed before generation, eliminating content-dependent routing and its associated scoring cost. This
allocation also differs from methods such as T-Stitch (Pan et al., 2025), which switch between small
and large models across denoising timesteps within a single sample. SpecAR instead allocates the
target across autoregressive blocks, so the choice of model determines which blocks are committed to
the trajectory and therefore condition subsequent generation.

3 Method

SpecAR replaces online target-block selection with a fixed, balanced schedule determined before
generation. Given a rollout horizon and a target-generation budget, it distributes target blocks across
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the sequence while using the drafter for the remaining blocks. This section describes the mixed-rollout
execution, the scheduling rule, and the resulting bound on uninterrupted draft runs.

Decode block j, for j = 0, …, H−1 (shown: j = 4, with 4 ∈ 𝒜k)

Committed mixed context

0 1 2 3

KV cache of blocks 0…j−1

Drafter
small, runs only if j ∉ 𝒜k

Target
large, runs only if j ∈ 𝒜k

if j ∉ 𝒜k

if j ∈ 𝒜k

draft xj

target xj

𝒜k

commit

append to context: all later blocks condition on it, whichever model made it

target-generated block

drafter-generated block

SpecAR fixes 𝒜kfrom (H, k)

alone, so where the target runs

is known before the first frame;

nothing is scored at runtime.

Figure 2: SpecAR decoding. The target schedule Ak is fixed from H and k before generation, with
block 0 always assigned to the target. At each step j, the schedule dispatches generation to the target
if j ∈ Ak and to the drafter otherwise. The committed block is appended to the mixed context, so
every later block, from either model, conditions on it.

3.1 Mixed-Rollout Decoding

Consider an autoregressive video generator that produces a sequence of H latent video blocks using a
large target model and a smaller drafter. A target-generation budget k specifies how many blocks are
generated by the target, with the remaining H − k blocks generated by the drafter. Because the target
schedule Ak is fixed before generation begins, each block j ∈ {0, . . . ,H − 1} is dispatched directly
to its assigned model: at anchor positions (j ∈ Ak) the target generates and commits the block, and
at all remaining positions (j /∈ Ak) the drafter generates and commits it. Both models condition
on the previously committed context, so every block influences subsequent generation regardless
of which model produced it, and target anchors continue from the current mixed rollout rather than
reconstructing a separate target-only trajectory. The choice of target positions therefore determines
how target and draft outputs are interleaved, and different placements can produce different rollouts
even when the target budget is unchanged. Within a run of consecutive drafted blocks, each block
conditions on blocks the drafter has just committed, so drafter errors carry forward through the run.
A target block does not restore the target-only trajectory, but the run that follows it starts from context
that includes target output. Placement therefore sets how many drafted blocks can follow one another,
the quantity bounded in Section 3.3.

3.2 Balanced Target-Block Placement

SpecAR determines target positions using only the rollout horizon H and target budget k. The initial
block is always generated by the target, and the remaining k − 1 target blocks are distributed as
evenly as possible across the sequence. For 1 ≤ k ≤ H , the target schedule is defined as

Ak =

{⌊
jH

k
+

1

2

⌋ ∣∣∣∣ j = 0, . . . , k − 1

}
.

Blocks whose indices belong to Ak commit the target output; all other blocks commit the drafter
output. For example, with H = 36 and k = 7, SpecAR assigns target blocks at positions
0, 5, 10, 15, 21, 26, and 31, limiting the longest uninterrupted draft run to five blocks.

Because the schedule depends only on H and k, all target positions are known before generation
begins. SpecAR therefore requires no learned router, auxiliary reward model, or online quality
scoring to determine where target computation is allocated.
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3.3 Bounded Draft Runs

For a fixed target budget, different placement strategies produce draft runs of different lengths.
Concentrating target blocks near the beginning of a rollout can leave a long sequence generated
exclusively by the drafter, whereas balanced placement distributes these draft runs more uniformly.

SpecAR minimizes the longest uninterrupted draft run among schedules containing k target blocks
with the initial block fixed to the target. Its balanced schedule achieves

Lmax(Ak) =

⌈
H

k

⌉
− 1.

To see this, the H − k drafted blocks are partitioned into k runs following the target anchors. No
placement can make the longest run shorter than ⌈(H − k)/k⌉, and the balanced schedule attains this
bound. For instance, with H = 18 and k = 2, placing both target blocks at the beginning leaves a
draft run of 16 blocks, whereas placing them at positions 0 and 9 reduces the longest run to eight
blocks. Appendix B writes out this counting argument for every H and k.

This bound characterizes the structure of the schedule rather than guaranteeing generation quality.
Section 4.5 and Appendix C.5 compare balanced placement with random, concentrated and router-
selected schedules at the same target budget; in each comparison the balanced schedule, which has
the shortest longest run, scores highest.

4 Evaluation

4.1 Experimental Setup

Models and architectures. We evaluate SpecAR on two streaming block-autoregressive video
diffusion models, which commit and decode each block before generating the next; this is the setting
speculative video generation targets, and we do not evaluate non-streaming autoregressive generators.
The first pairs Krea Realtime 14B (Millon & Krea AI, 2025), a Wan2.1-T2V-14B model adapted for
causal block-autoregressive generation through Self Forcing, with the released Self-Forcing 1.3B
DMD drafter (Huang et al., 2025b). The second pairs Helios-Base 14B (Yuan et al., 2026) with
Helios-Distilled 14B, a distilled few-step variant of the same model. Helios is a chunk-autoregressive
diffusion transformer fine-tuned from Wan2.1-T2V-14B that generates 33-frame chunks conditioned
on a multi-scale window of previous chunks and a first-frame anchor; the target denoises each chunk
with 50 steps and classifier-free guidance, while the drafter uses six steps over three pyramid stages
without guidance. Both pairs use their original checkpoints without additional training. A third pair,
MAGI-1 24B with MAGI-1 4.5B, is reported as a negative case study in Appendix D.

Platforms and implementation. Krea Realtime and Helios experiments run on a single NVIDIA
H100 80GB GPU. All configurations use BF16 precision and FlashAttention-3 (Shah et al., 2024).
Krea Realtime uses lazy target KV caching, avoiding eager construction of target KV state for
drafter-generated blocks. SpecAR directly dispatches each block to its assigned model according to

0 5 10 15 20 25 30 35

k = 2
2 target blocks

longest draft run = 17

k = 5
5 target blocks

longest draft run = 7

k = 7
7 target blocks

longest draft run = 5

Figure 3: SpecAR target placement at H = 36 for the budgets evaluated in Section 4. Spreading the
target blocks evenly keeps every draft run at most ⌈H/k⌉ − 1 blocks long: 17, 7 and 5 for k = 2, 5
and 7.
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the predetermined schedule, without generating discarded draft candidates at target positions. SDVG
uses its released implementation. On Helios, both models remain resident on the GPU, and each
chunk is decoded as it is committed. SpecAR requires no checkpoint modifications or additional
training.

Baselines. On each target–drafter pair, we compare SpecAR against two baselines under otherwise
identical configurations (prompts, seeds, rollout horizon, denoising schedule, precision, and hardware).
Target-only generates every block with the target model and provides the reference for quality and
latency. SDVG (Hu & Zhang, 2026) uses an auxiliary perceptual model, ImageReward (Xu et al.,
2023), to decide online whether draft candidates are accepted or regenerated by the target. We use
its released implementation and select acceptance thresholds on held-out prompts to approximate
SpecAR’s target-generation budgets. This comparison evaluates fixed, balanced scheduling against
content-dependent online routing, including its scoring overhead. Draft-only generation is additionally
evaluated on Krea Realtime.

Workloads and metrics. We evaluate 36-block autoregressive rollouts on 150 prompts per model
pair; every method, including target-only and draft-only generation, is run on the same 150 prompts,
and SDVG thresholds are selected on a separate set of held-out prompts. We sweep the target
budget k ∈ {2, 5, 7}, corresponding to 5.6–19.4% target-generated blocks. This horizon exposes the
effect of target placement: concentrating seven target blocks at the beginning leaves 29 consecutive
draft blocks, whereas balanced placement limits the longest draft run to five. We additionally
evaluate k = 9 in the routing ablation. Krea Realtime generates 26.6-second 832 × 480 videos from
MovieGenVideoBench text prompts (Polyak et al., 2024), and Helios generates 74-second 640 ×
384 videos at 16 fps from HeliosBench text prompts (Yuan et al., 2026). Quality is measured by
whole-video VisionReward (Xu et al., 2026) and Restricted VBench Quality-6 (Huang et al., 2024):
VBench’s Quality Score restricted to six dimensions (subject consistency, background consistency,
motion smoothness, dynamic degree, aesthetic quality and imaging quality), with each dimension
rescaled by VBench’s leaderboard normalization and dynamic degree weighted one half.

VisionReward is computed over 24 frames spanning each video to capture quality throughout the
rollout. For systems performance, we report end-to-end generation latency, real-time factor (RTF),
and speedup over target-only generation. Latency measures elapsed time from prompt submission
to the final decoded frame, including denoising, routing, VAE decoding, and data transfers, but
excluding model loading. On Krea Realtime, prompts are text-encoded once before timing begins
(about 50 ms per video, the same for every method). RTF is the generated video duration divided by
latency, averaged across videos. Speedup is computed as the ratio of target-only mean latency to the
method’s mean latency.

4.2 Main Results

Table 1 summarizes the main operating points on both target–drafter pairs. On Krea Realtime,
SpecAR achieves 2.04-2.67× speedup over target-only generation and is 1.63-1.73× faster than
the corresponding SDVG configurations across all evaluated target budgets. On Helios, where the
drafter is a few-step distillation of the target, SpecAR achieves 4.37-10.54× speedup over target-only
generation and is 1.10-1.84× faster than SDVG at every matched budget, with higher VisionReward
at each of them.

The target budget k sets a single quality–speed trade-off. Increasing k from 2 to 7 lowers SpecAR’s
speedup over target-only generation from 2.67× to 2.04× and raises VisionReward from 0.0876 to
0.0972; at k = 5 and 7, VisionReward exceeds target-only generation (0.0914). Across the whole
range, SpecAR is faster than every SDVG configuration: its slowest setting (k = 7, 2.04×) is faster
than SDVG’s fastest (1.54×), and at every matched budget it also has a higher mean VisionReward
(Figure 4, left). Helios follows the same trade-off (Figure 4, right): raising k from 2 to 7 lowers the
speedup from 10.54× to 4.37× and raises VisionReward from 0.1223 to 0.1375. SpecAR’s margin
over SDVG narrows with k on this pair, from 1.84× to 1.10×, because the router’s per-decision cost
is small next to a Helios target chunk, yet SDVG remains slower at every budget while retaining
fewer draft blocks than its target budget allows.
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4.3 Quality

Figure 5 shows how the target-generation budget affects quality on both pairs. On Krea Realtime,
Restricted VBench Quality-6 rises from 77.25 at k = 2 to 77.85 at k = 7, approaching the target-
only score of 78.06. Helios follows the same direction: Quality-6 rises from 77.05 to 77.73 and
whole-video VisionReward from 0.1223 to 0.1375 over the same budget range, and at every budget
SpecAR scores above the corresponding SDVG configuration on both metrics (Table 2). The trend
reverses on MAGI-1 24B with its 4.5B drafter: Quality-6 falls from 75.87 to 72.17 over the same
range (Appendix D). Allocating more target computation therefore does not necessarily improve
generation quality; the trade-off depends on the relative quality of target and drafter.

Krea Realtime 14B
Whole-video VisionReward, Self-Forcing 1.3B drafter
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Helios 14B
Whole-video VisionReward, Helios-Distilled 14B drafter
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0.1375

0.1199
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Figure 4: Whole-video VisionReward versus target budget on Krea Realtime (left) and Helios (right)
at H = 36, for SpecAR and for SDVG with its threshold set for the same budget. Dashed lines
mark target-only quality. Across k ∈ {2, 5, 7}, SpecAR is faster than the corresponding SDVG
configuration on both pairs, with VisionReward at least as high.

Table 1: End-to-end quality and performance of SpecAR and SDVG on Krea Realtime and Helios
(one H100 each), with H = 36. SDVG thresholds are selected using held-out prompts to approximate
SpecAR’s draft fraction (H−k)/H . VR denotes whole-video VisionReward, RTF is generated video
duration divided by latency, and Accept is the fraction of draft-generated blocks retained. Speedups
are relative to target-only generation. Helios (1,185 frames at 16 fps): SDVG runs the residual form
of its router with thresholds selected on held-out prompts. Helios memory is the generation process’s
peak allocation with both models resident; SDVG rows add the 2.4 GB of its scorer, which runs as a
separate process.

Model Method VR RTF Latency (s) Speedup Accept (%) Mem (GB)

Krea 14B
Self Forcing 1.3B drafter
832×480 · 36 blocks ·

1×H100

Target-only 0.0914 0.3039 87.6 1.00× — 45.50
Draft-only 0.0828 0.9175 29.0 3.02× — 45.38
SDVG τ ′

1 (−2.2696) 0.0855 0.4711 56.8 1.54× 96 48.87
SpecAR (k=2) 0.0876 0.8111 32.8 2.67× 94 45.38
SDVG τ ′

3 (−2.1560) 0.0872 0.4353 63.5 1.38× 92 48.87
SpecAR (k=5) 0.0943 0.6827 39.0 2.25× 86 45.38
SDVG τ ′

4 (−1.9430) 0.0886 0.3986 70.3 1.25× 88 48.88
SpecAR (k=7) 0.0972 0.6214 42.9 2.04× 81 45.38

Helios 14B
Helios-Distilled 14B

drafter
640×384 · 36 chunks ·

1×H100

Target-only 0.1487 0.0254 2911.5 1.00× — 65.7
Draft-only 0.1085 0.6002 123.4 23.59× — 65.7
SDVG τ2 (−1.190) 0.1112 0.1460 507.3 5.74× 93 68.1
SpecAR (k=2) 0.1223 0.2681 276.2 10.54× 94 65.7
SDVG τ5 (−0.859) 0.1156 0.1113 665.4 4.38× 87 68.1
SpecAR (k=5) 0.1270 0.1453 509.6 5.71× 86 65.7
SDVG τ7 (−0.713) 0.1199 0.1007 735.8 3.96× 84 68.1
SpecAR (k=7) 0.1375 0.1111 666.5 4.37× 81 65.7
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At k = 9 on Krea Realtime, SpecAR achieves a whole-video VisionReward of 0.1005, compared
with 0.0875 for the corresponding SDVG configuration and 0.0914 for target-only generation. On
Restricted VBench Quality-6, SpecAR retains 99.8% of the target-only score (77.87 versus 78.06).
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Figure 5: Restricted VBench Quality-6 versus target budget k for SpecAR on Krea Realtime and
Helios (H = 36). Increasing k from 2 to 7 raises Quality-6 from 77.25 to 77.85 on Krea Realtime
and from 77.05 to 77.73 on Helios. The two pairs use distinct evaluation workloads; full metric
breakdowns appear in Table 2, and the MAGI-1 case study in Appendix D shows the opposite trend.

Table 2: Generation quality across target-only, SDVG, and SpecAR operating points on both model
pairs. Restricted VBench Quality-6 aggregates six VBench quality dimensions with VBench’s
leaderboard normalization and weights (§4.1). Whole-video VisionReward is reported separately.
Higher scores indicate better performance.

Model Method Quality-6 Subject consist. Background consist. Motion smooth. Dynamic degree Aesthetic Imaging VisionReward

Krea 14B
Self Forcing 1.3B drafter

Target-only 78.06 83.74 88.70 98.29 82.00 58.56 69.11 0.0914
Draft-only 76.77 83.96 88.61 97.85 73.00 57.89 68.56 0.0828
SDVG τ ′

1 (−2.2696) 76.95 83.29 89.17 97.74 78.00 57.73 67.63 0.0855
SpecAR (k=2) 77.25 83.74 89.41 97.84 77.00 58.23 68.09 0.0876
SDVG τ ′

3 (−2.1560) 77.01 83.42 89.23 97.76 78.00 57.68 67.73 0.0872
SpecAR (k=5) 77.32 84.47 89.74 97.79 75.00 58.34 68.23 0.0943
SDVG τ ′

4 (−1.9430) 76.91 83.44 89.26 97.86 76.00 57.67 67.78 0.0886
SpecAR (k=7) 77.85 84.61 89.92 97.92 78.00 58.70 68.39 0.0972

Helios 14B
Helios-Distilled 14B

drafter

Target-only 78.98 80.45 90.00 97.52 100.00 64.90 63.59 0.1487
Draft-only 76.95 84.77 92.06 98.11 83.33 60.58 55.20 0.1085
SDVG τ2 (−1.190) 75.89 85.06 92.04 98.41 66.67 60.30 56.64 0.1112
SpecAR (k=2) 77.05 83.73 91.11 98.32 83.33 60.67 57.43 0.1223
SDVG τ5 (−0.859) 75.88 84.90 92.04 98.37 66.67 60.48 56.70 0.1156
SpecAR (k=5) 77.17 85.40 91.90 98.29 75.00 62.39 57.61 0.1270
SDVG τ7 (−0.713) 75.69 85.39 92.52 98.36 58.33 61.83 57.31 0.1199
SpecAR (k=7) 77.73 86.63 92.13 98.30 75.00 62.69 58.62 0.1375

4.4 Systems Performance

We isolate the sources of SpecAR’s performance gains on Krea Realtime at H = 36 and k = 9, using
a single H100 with lazy target KV caching. Table 3a breaks down end-to-end generation latency by
execution stage. SpecAR completes generation in 46.84 s, compared with 70.95 s for SDVG, a 1.51×
speedup. SDVG spends 26.16 s (37% of its total latency) on online routing, including candidate
decoding for scoring, ImageReward evaluation, and host transfers. In contrast, SpecAR incurs no
routing cost, while drafter, target, and VAE execution times remain comparable. Eliminating this
routing path accounts for the observed latency improvement, rather than any acceleration of the
underlying model computations.

Table 3b examines whether this advantage translates into faster video streaming. SpecAR and SDVG
have nearly identical time to first frame (2.097 versus 2.098 s), but SpecAR reduces mean block-
to-block latency from 1.915 to 1.193 s (38%) and the 95th-percentile interval from 3.737 to 2.792
s (25%). Consequently, steady-state real-time factor increases from 0.392 to 0.629. The benefit
therefore appears primarily during sustained generation rather than at the first frame.

Table 3c measures aggregate generation throughput as the number of concurrent requests increases.
SpecAR sustains 9.50–9.61 output frames/s, compared with 7.77–7.91 frames/s for SDVG and 4.95
frames/s for target-only generation. Throughput remains approximately constant as concurrency

8



increases because requests share a single model instance and GPU generation is serialized; additional
requests overlap only queuing and host-side work. SpecAR’s throughput improvement therefore
comes from reducing per-generation execution cost, not from increased GPU batch parallelism.

Table 3a: End-to-end latency breakdown for Krea Realtime on one H100 (H = 36, SpecAR k = 9,
lazy target KV caching). Times are reported in milliseconds per video, except total latency in seconds.
SDVG spends 26.16 s on online routing, while SpecAR eliminates this overhead with comparable
drafter, target, and VAE execution costs.

Method Drafter Target Router VAE decode Context building Frame delivery & host Total = latency (s)

Target-only — 73,558 — 9,869 604 4,586 88.62
SDVG (τ ′

5) 14,297 17,008 26,163 9,800 832 2,851 70.95
SpecAR 14,156 18,039 — 9,819 659 4,167 46.84

Table 3b: Single-request streaming performance on Krea Realtime (H = 36, SpecAR k = 9). Each
generated block represents 0.75 s of video. We report time to first frame, mean and 95th-percentile
block delivery intervals, and real-time factors. SpecAR reduces mean block-to-block latency from
1.915 s to 1.193 s relative to SDVG, with nearly identical time to first frame.

Method Time to first frame (s) ↓ Block-to-block mean (s) ↓ Block-to-block p95 (s) ↓ Steady-state RTF ↑ End-to-end RTF ↑
Target-only 1.803 2.384 2.396 0.315 0.300
SDVG (τ ′

5) 2.098 1.915 3.737 0.392 0.375
SpecAR 2.097 1.193 2.792 0.629 0.568

Table 3c: Aggregate serving throughput on one H100 as request concurrency increases from 1 to 16,
measured in generated frames per second across all requests. SpecAR sustains 9.50–9.61 frames/s,
compared with 7.77–7.91 for SDVG. Throughput remains nearly constant because GPU generation is
serialized across requests; concurrency overlaps only queuing and host-side operations.

Method 1 request 4 requests 16 requests Video-seconds per second

Target-only 4.95 4.95 4.95 0.31
SDVG (τ ′

5) 7.86 7.91 7.77 0.49
SpecAR 9.50 9.61 9.61 0.60

4.5 Ablation

Table 4 isolates the effect of online routing at H = 36 on Krea Realtime and Helios. We replace
SpecAR’s fixed schedule with content-dependent, router-selected positions, keeping the generation
configuration otherwise fixed. Replaying these positions without online scoring isolates the resulting
generation quality, while enabling the router measures the cost of making the same decisions during
generation. Online routing adds 15–25 s per video on Krea Realtime and about 120 s on Helios
without changing the generated outputs or their quality. Router-selected placements also yield lower
VisionReward across the evaluated operating points, although their realized target counts differ from
SpecAR’s fixed budgets. These experiments separate the quality effects of target placement from the
execution overhead of online selection.

Earlier measurements of SDVG’s released router on Krea Realtime point the same way (Appendix
C.4). At the most aggressive threshold of its published sweep (τ = −2.5), the router accepted every
drafted block at H = 36, so only the forced first block was generated by the target. At a matched
75% acceptance rate, random acceptance scored as high as router-guided acceptance (VisionReward
0.07313 versus 0.07160, paired t = +0.75). Across the matched rates, the router’s advantage over
random acceptance is at most 0.0015 VisionReward at 95% confidence. A five-way placement
comparison at fixed budget (k = 9, Appendix C.5, Table C5) further confirms that balanced spacing
(0.1157 VR, Lmax = 3) outperforms random (0.1080), front-loaded (0.1020), router top-k (0.1001)
and back-loaded (0.0966) schedules at identical compute.

9



5 Discussion and Limitations

Approximate generation. Unlike exact speculative decoding for language models, SpecAR does not
preserve the target model’s output distribution. Target and draft blocks are committed directly into a
shared autoregressive trajectory without a distribution-preserving acceptance test. Although balanced
placement minimizes the longest uninterrupted draft run, this structural guarantee does not imply a
bound on generation error or guarantee target-equivalent quality. Quality preservation is therefore
evaluated empirically.

Content-agnostic scheduling. SpecAR fixes target positions before generation, eliminating online
selection overhead but preventing adaptation to the evolving video content. Difficult motion, ap-
pearance changes, or accumulated generation errors may benefit from additional target interventions
at particular positions. Balanced placement controls the spacing of these interventions rather than
identifying where they are most needed.

Target-budget selection. SpecAR assumes a specified target-generation budget rather than optimizing
it. Our results show that increasing target involvement improves quality on Krea Realtime but can
reduce quality on MAGI-1, indicating that the appropriate budget depends on the target–drafter pair.
Jointly selecting the target budget and its placement remains an open direction.

6 Conclusion

We show that online perceptual routing incurs substantial overhead without a statistically significant
quality advantage over random acceptance at matched rates. Controlled placement experiments further
demonstrate that evenly spaced target blocks outperform random and router-selected placements
at fixed compute. Building on these findings, we introduce SpecAR, a training-free decoder that
replaces online routing with balanced target scheduling, minimizing uninterrupted draft runs without
auxiliary scoring. Across Krea Realtime and Helios, SpecAR achieves up to 10.54× speedup over
target-only generation and 1.84× over SDVG, while matching or exceeding SDVG on both quality
metrics. Our MAGI-1 results further establish that target-budget selection depends on the relative
quality of the target and drafter. These findings demonstrate that effective target allocation requires
controlling both the amount and placement of target computation, rather than relying on per-block
perceptual scoring.
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A Algorithm

Notation. Let MT and MD denote the target and drafter, and zi the committed context when
generating block i. A schedule A ⊆ {0, . . . ,H − 1} with |A| = k has anchors 0 = a1 < · · · <
ak < H , with ak+1 = H; the draft runs are rj = aj+1 − aj − 1, so

∑
j rj = H − k and

Lmax(A) = maxj rj .

A.1 SpecAR Rollout

Algorithm 1 gives the complete SpecAR rollout. The anchor set is computed once from (H, k) before
generation. At each block i, the schedule dispatches generation directly to the target if i ∈ Ak and to
the drafter otherwise, updating only the active model’s context cache from the committed trajectory.

Algorithm 1 SpecAR rollout

1: Require: horizon H; budget k; conditioning c; noise ϵ0, . . . , ϵH−1; models MT ,MD

2: Ak ← {⌊jH/k + 1/2⌋ : j = 0, . . . , k − 1}
3: for i = 0, . . . , H − 1 do
4: zi ← committed context window ending at block i− 1

5: if i ∈ Ak then
6: update the target context cache from zi
7: xi ←MT (zi, c, ϵi)

8: else
9: update the drafter context cache from zi

10: xi ←MD(zi, c, ϵi)

11: end if
12: decode xi with the streaming VAE and emit its frames
13: end for

Each active model updates its cache from the committed context zi. Consequently, a target anchor
continues the mixed target–drafter trajectory rather than restarting from a target-only trajectory.

B Proofs and Analysis

B.1 Minimum Longest Draft Run

We show that for 1 ≤ k ≤ H and any schedule A with |A| = k and 0 ∈ A, Lmax(A) ≥ ⌈(H−k)/k⌉,
and that the balanced schedule Ak of §3.2 attains this bound.

Lower bound. Order the k anchors as

0 = a1 < · · · < ak < H,

set ak+1 = H , and let

rj = aj+1 − aj − 1

denote the j-th uninterrupted drafter run. Since the k runs contain all H − k drafted blocks,

k∑
j=1

rj = H − k.

Therefore,

max
j

rj ≥
⌈
H − k

k

⌉
.
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Attainment. SpecAR places

aj =

⌊
(j − 1)H

k
+

1

2

⌋
, j = 1, . . . , k.

For consecutive anchors,

aj+1 − aj ∈
{⌊

H

k

⌋
,

⌈
H

k

⌉}
,

so for j < k,

rj ≤
⌈
H

k

⌉
− 1 =

⌈
H − k

k

⌉
.

The same bound holds for the final run rk = H − ak − 1, since ak ≥ (k − 1)H/k − 1
2 gives

rk ≤ H/k − 1
2 < ⌈H/k⌉. Hence

Lmax(Ak) =

⌈
H − k

k

⌉
.

■

C Extended Results

C.1 Horizon and Hardware Controls

Table C1a reproduces SDVG’s published configuration on its own rig and horizon, and Table C1b
sweeps the horizon and the hardware.

Table C1a: Faithfulness reproduction of SDVG’s published headline configuration (τ = −0.7, the
first row of its Table 1). Published cells (pub) are SDVG’s Table 1 values (Hu & Zhang, 2026, Table
1): 1003 MovieGenVideoBench prompts, 2×A6000, H = 9, τ = −0.7. Reproduction cells (repro)
are our measurements on the same rig, horizon, and configuration, on the frozen evaluation split
rather than a subset of their 1003 prompts. Pre-registered pass criterion: speedup within ±0.15×
of published, accept within ±5 points; the reproduction meets both (accept +0.4 points, speedup
−0.15×). The published draft-only endpoint (0.0644 VR, 25.7 s, 3.77×; Hu & Zhang, 2026, Table 1)
was not part of the reproduction and is omitted. RTF and latency are the statistics defined in §4.1.

Arm VR pub / repro RTF pub / repro Latency s (speedup) pub / repro Accept % pub / repro Scorer s/block pub / repro Peak mem GB (repro)

Target-only 0.0788 / — — / 0.0591 97.0 (1.00×) / 107.9 (1.00×) — — 39.91 / 16.52
SDVG τ=-0.7 0.0773 / — — / 0.0952 60.9 (1.59×) / 75.0 (1.44×) 73.1 / 73.5 ≈0.6 / 1.08 39.96 / 19.95

C.2 Example Generations

Figure 6 shows frames from four evaluation prompts, chosen by hand for visual variety, generated by
target-only, SDVG with its threshold set for k = 7, and SpecAR at k = 7. The videos come from the
main evaluation; the times shown are the Table 1 means for each method.

C.3 Paired Comparisons with SDVG

Table C3 pairs each SpecAR budget with an SDVG configuration under three matching rules and
reports the paired VisionReward difference.
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0.5 s 7 s 13.5 s 20 s 26 s
“A Samoyed and a Golden Retriever dog are playfully romping through a futuristic neon city at night. The neon lights

emitted from the nearby buildings glistens off of their fur.”

Target-only
87.6 s

SDVG, threshold for k = 7
70.3 s · 1.25×

SpecAR k = 7
42.9 s · 2.04×

“A tropical fish swimming in ocean reefs”

Target-only
87.6 s

SDVG, threshold for k = 7
70.3 s · 1.25×

SpecAR k = 7
42.9 s · 2.04×

“A white and orange tabby cat is seen happily darting through a dense garden, as if chasing something. Its eyes are
wide and happy as it jogs forward, scanning the branches, flowers, . . . ”

Target-only
87.6 s

SDVG, threshold for k = 7
70.3 s · 1.25×

SpecAR k = 7
42.9 s · 2.04×

“A woman singing and standing in a concert stage with a bright light in the background.”

Target-only
87.6 s

SDVG, threshold for k = 7
70.3 s · 1.25×

SpecAR k = 7
42.9 s · 2.04×

Figure 6: Example generations on Krea Realtime at H = 36 (26.6 s videos). Rows: target-only,
SDVG with its threshold set for k = 7, and SpecAR k = 7, with the same prompt and seed in every
row; columns are frames at 0.5, 7, 13.5, 20 and 26 s. Under each method is its mean generation time
and speedup from Table 1 (one H100, lazy target KV caching, which leaves the generated frames
unchanged).
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C.4 Online Routing on Krea Realtime

These experiments precede the main evaluation and use SDVG’s released ImageReward router on
Krea Realtime. The router decides, for each drafted block, whether to keep it or regenerate it with the
target; the first block is always regenerated.

The aggressive end of the published sweep leaves the router inactive. SDVG’s paper sweeps the
fixed threshold from τ = −0.7, its headline configuration, to τ = −2.5, its fastest operating point
(2.09× at 88.9% acceptance on its own benchmark). At τ = −2.5 on Krea Realtime at H = 36, the
router rejected none of the drafted blocks. Every video’s target share came only from the forced first
block, so the measured draft share was 35/36 = 97.2% on every prompt. At H = 18, the draft share
of 94.4% is the same arithmetic, 17/18.

Router-guided selection does not beat random selection. At the matched 75% rate, random
acceptance scores 0.0015 higher than the router (paired t = +0.75, not significant). Repeating the
comparison at five matched acceptance rates from 75% to 89% gives the same result at every rate

Table C1b: Runtime across hardware configurations and generation horizons. Video duration is fixed
at 6.375 s for H = 9 and 26.625 s for H = 36, with identical durations across methods. RTF denotes
mean per-video real-time factor; latency denotes mean generation time; speedup is computed from
mean latencies (§4.1). On 2×A6000, SDVG’s variable latency produces different rankings under
mean RTF and mean latency: although SpecAR has lower mean latency at both horizons, SDVG has
higher mean per-video RTF. VR here is the 1-frame-per-second VisionReward over the first 24 s used
for this horizon and hardware sweep; every VR cell is an absolute score on that ruler, not a difference
from target-only, so it differs from the whole-video VR of Table 1: on the same 1×H100, H = 36
videos, target-only scores 0.0987 here and 0.0914 there, SDVG τ = −0.7 0.1034 and 0.0954, and
SpecAR k = 9 0.1157 and 0.1005.

Rig H Arm VR RTF Latency s (speedup) Accept % Scorer s/block Peak mem GB

2×A6000 9 Target-only 0.0665 0.0591 107.9 (1.00×) — — 39.91 / 16.52
2×A6000 9 SDVG τ=-0.7 −0.0137 0.0952 75.0 (1.44×) 73.5 1.08 39.96 / 19.95
2×A6000 9 SpecAR k=3 (target-drive-budget matched, anchors 0/3/6) −0.0198 0.0930 68.5 (1.57×) 66.7 — 39.91 / 16.52
2×A6000 36 Target-only 0.0747 0.0614 433.8 (1.00×) — — 39.94 / 16.52
2×A6000 36 SDVG τ=-0.7 −0.0050 0.0834 366.5 (1.18×) 49.7 1.07 39.99 / 19.95
2×A6000 36 SpecAR k=19 (target-drive-budget matched) 0.0049 0.0767 347.1 (1.25×) 47.2 — 39.94 / 16.52
1×H100 9 Target-only 0.0952 0.2550 26.9 (1.00×) — — 55.67
1×H100 9 SDVG τ=-0.7 0.0944 0.3379 19.5 (1.38×) 86.5 0.84 59.15
1×H100 9 SpecAR k=2 (target-drive-budget matched, anchors 0/5) 0.0898 0.4203 16.0 (1.68×) 77.8 — 55.67
1×H100 36 Target-only 0.0987 0.3039 87.6 (1.00×) — — 45.50
1×H100 36 SDVG τ=-0.7 0.1034 0.3422 87.0 (1.01×) 63.1 0.66 48.88
1×H100 36 SpecAR k=9 (accept-nearest) 0.1157 0.5708 46.7 (1.88×) 75.0 — 45.38

Table C3: Paired comparisons under three frozen rules. Equal acceptance: τ ′j selected for SpecAR
k = j’s draft share. Nearest target-forward: pairs by target forwards. Nearest-RTF: SDVG’s fastest
configuration (τ ′1, RTF 0.471) is slower than SpecAR’s slowest (k = 9, RTF 0.571), so no pair meets
a matching tolerance and every SpecAR point is compared with τ ′1. Differences are paired over the
same prompts and use the whole-video VisionReward of Table 1.

Matching rule (exact configs) SDVG SpecAR ∆VR, SpecAR−SDVG

Equal acceptance: k=2 vs τ ′
1 τ ′

1 · RTF 0.4711 RTF 0.8111 +0.0021
Equal acceptance: k=3 vs τ ′

2 τ ′
2 · RTF 0.4658 RTF 0.7591 +0.0040

Equal acceptance: k=5 vs τ ′
3 τ ′

3 · RTF 0.4353 RTF 0.6827 +0.0071
Equal acceptance: k=7 vs τ ′

4 τ ′
4 · RTF 0.3986 RTF 0.6214 +0.0086

Equal acceptance: k=9 vs τ ′
5 τ ′

5 · RTF 0.3956 RTF 0.5708 +0.0129
Pooled, equal acceptance — — +0.0069
Nearest-RTF: k=2 vs τ ′

1 τ ′
1 · RTF 0.4711 (SDVG’s fastest) RTF 0.8111 +0.0021

Nearest-RTF: k=3 vs τ ′
1 τ ′

1 · RTF 0.4711 RTF 0.7591 +0.0048
Nearest-RTF: k=5 vs τ ′

1 τ ′
1 · RTF 0.4711 RTF 0.6827 +0.0088

Nearest-RTF: k=7 vs τ ′
1 τ ′

1 · RTF 0.4711 RTF 0.6214 +0.0117
Nearest-RTF: k=9 vs τ ′

1 τ ′
1 · RTF 0.4711 RTF 0.5708 +0.0149

Pooled, nearest-RTF — — +0.0085
Nearest target-forward: τ ′2 vs k=2 1.7 tgt / 35 draft 2.0 tgt / 34 draft +0.0013
Nearest target-forward: τ ′3 vs k=3 2.9 tgt / 35 draft 3.0 tgt / 33 draft +0.0032
Nearest target-forward: τ ′4 vs k=5 4.3 tgt / 35 draft 5.0 tgt / 31 draft +0.0057
Nearest target-forward: τ ′5 vs k=7 6.1 tgt / 35 draft 7.0 tgt / 29 draft +0.0097
Nearest target-forward: τ ′5 vs k=9 6.1 tgt / 35 draft 9.0 tgt / 27 draft +0.0129
Pooled, forward-count-matched — — +0.0065
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(paired |t| ≤ 1.28), with random acceptance scoring at least as high as the router at three of the five.
Pooled over the four rates at which the two policies differ (at 89% both accept every drafted block), the
router’s paired advantage over random acceptance is −0.0011 VisionReward, with a 95% confidence
interval of [−0.0037,+0.0015] over 100 prompts. Per-block scoring therefore improves quality by at
most 0.0015, about 2% of the router’s mean score, and the point estimate favors random acceptance.
Removing the forced first block lowers quality to 0.06719, so the quality in SDVG’s router comes
from forcing the first block to the target and from the acceptance rate, not from ImageReward’s
per-block scores. SDVG’s own ablation agrees: forcing the first block and accepting at random gives
0.0771, against 0.0773 for the full router (Hu & Zhang, 2026, Table 2).

C.5 Placement Geometry and Trajectory Stabilization on Krea Realtime

Table C5 compares five placement policies at a strictly fixed budget of k = 9 target blocks (H = 36,
75% draft share) on Krea Realtime. All policies execute the exact same number of target and drafter
forwards, running within 1% end-to-end latency (56.5–56.9 s, measured without lazy target KV
caching). Quality is evaluated using the 1-fps VisionReward protocol over the first 24 s (as in Table
C1b), where target-only generation scores 0.0987.

Balanced placement outperforms every alternative after Holm correction for the four comparisons
(adjusted p ≤ 0.034). Lmax bounds the longest stretch the drafter runs without target correction;
schedules that share a bound need not score identically. Every schedule whose bound reaches 27
(front-loaded, back-loaded and router top-k; 0.0966–0.1020) scores below every schedule whose
bound stays at or below 13 (balanced and uniform random; 0.1080–0.1157). Quality degrades as
anchors become more concentrated and the longest uninterrupted draft run Lmax grows: front-loaded
(Lmax = 27, 0.1020), router top-k (Lmax ∈ [8, 27], 0.1001) and back-loaded (Lmax = 27, 0.0966)
all trail the distributed schedules, whereas balanced SpecAR (Lmax = 3, 0.1157) outperforms both
the concentrated and the random placements (Lmax ∈ [7, 13], 0.1080) without stochastic variance
or scoring overhead. Moreover, SpecAR exceeds target-only VisionReward (0.1157 versus 0.0987)
because the 14B target exhibits progressive drift on 39% of prompts, where the Self-Forcing 1.3B
drafter remains temporally stable (+0.0323 gain retained by SpecAR), while on the 55% of prompts
where the 14B target is stronger, periodic target re-anchoring preserves target-only parity (−0.0032,
not significant).

Table C4: Router-guided versus random acceptance on Krea Realtime at a matched 75% acceptance
rate (SDVG threshold τ = −0.7). VisionReward is paired across the same prompts; retention is
relative to target-only generation.

Selection First block forced to target VisionReward ↑ Retention

ImageReward router (SDVG) ✓ 0.07160 94.5%
Random acceptance ✓ 0.07313 96.5%
Random acceptance × 0.06719 88.7%

Table C5: Placement of nine target blocks on Krea Realtime (H = 36, 1×H100, same prompts and
the same 75% draft share for every row). Lmax is the longest uninterrupted draft run; for random
and router-selected schedules it varies by prompt. VisionReward is the mean over prompts ± its
95% margin of error. Paired t statistics and two-sided p-values are for Balanced minus the row;
Holm-adjusted p-values correct for the four comparisons.

Placement Lmax VisionReward ↑ Latency (s) Paired t (vs. Balanced) Two-sided p-value Holm-adjusted p

Balanced (SpecAR) 3 0.1157 ± 0.0061 56.66 — — —
Uniform random 7–13 0.1080 ± 0.0064 56.55 +2.14 0.034 0.034
Front-loaded 27 0.1020 ± 0.0068 56.91 +2.45 0.015 0.030
Router top-k (SDVG scores) 8–27 0.1001 ± 0.0065 56.54 +2.61 0.010 0.030
Back-loaded 27 0.0966 ± 0.0070 56.76 +3.44 0.0008 0.0032
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D MAGI-1: Target Budget and Generation Quality

We evaluate MAGI-1 24B as the target and MAGI-1 4.5B as the drafter. Under the evaluated settings,
increasing target involvement reduces SpecAR’s Quality-6 score. This experiment examines how
target-budget selection depends on the relative quality of the two models.

D.1 Experimental Setup

We use the MAGI-1 24B and 4.5B base checkpoints without distillation or quantization. Both models
use 32 denoising steps; the 4.5B checkpoint’s default is 64. The workload consists of 150 image-
to-video prompts initialized from VBench++ I2V first frames. Each video contains 36 one-second
chunks at 24 fps and a resolution of 1280 × 720.

Experiments run on eight H200 GPUs with eight-way Ulysses context parallelism and no pipeline
parallelism. Both models execute across all eight GPUs. KV caches remain on the GPUs, and
the drafter’s cache is reconstructed in the layout required by the target when switching models.
End-to-end latency includes T5 text encoding.

We evaluate SpecAR at target budgets k ∈ {2, 5, 7}. SDVG thresholds are selected on held-out
prompts to approximate the corresponding draft fractions; the realized fractions differ and are reported
in Table D1. SpecAR speedups use target-only measurements on the same 150 prompts. SDVG
speedups use the target-only reference from its separate evaluation run.

D.2 Quality and Latency

Draft-only generation completes in 856.4 seconds, compared with 2094.2 seconds for target-only
generation. It scores 74.39 on Quality-6 and 0.0785 on VisionReward, compared with 70.74 and
0.0203 for target-only generation. SpecAR at k = 2 scores higher on Quality-6 (75.87) but lower on
VisionReward (0.0634), and has the highest Quality-6 in Table D2.

Increasing SpecAR’s target budget reduces Quality-6 from 75.87 at k = 2 to 74.93 at k = 5 and
72.17 at k = 7. Latency rises from 745.1 to 1114.0 seconds across the same budgets. SpecAR
achieves 1.86-2.81× speedup over its target-only reference (Tables D1–D2).

These results establish that additional target computation does not necessarily improve generation
quality.

Table D1: End-to-end quality and performance of SpecAR and SDVG on MAGI-1 (8×H200), with
H = 36; columns as in Table 1. Speedups are relative to target-only generation; the separate SDVG
rerun uses its own target-only reference.

Model Method VR RTF Latency (s) Speedup Accept (%) Mem (GB)

MAGI-1 24B
MAGI-1 4.5B drafter

1280×720 · 36 chunks ·
8×H200

Target-only 0.0203 0.0172 2094.2 1.00× — 78.98
Draft-only 0.0785 0.0420 856.4 2.45× — 72.30
SDVG τ ′

1 (−1.5489) 0.0636 0.0280 1284.8 1.63× 62 92.92
SpecAR (k=2) 0.0634 0.0483 745.1 2.81× 94 82.50
SDVG τ ′

2 (−1.1082) 0.0560 0.0242 1485.3 1.41× 75 92.92
SpecAR (k=5) 0.0670 0.0383 940.4 2.23× 86 88.70
SDVG τ ′

3 (−1.0194) 0.0012 0.0193 1869.8 1.12× 83 92.92
SpecAR (k=7) 0.0143 0.0323 1114.0 1.86× 81 89.83

Table D2: Generation quality on MAGI-1 across target-only, SDVG, and SpecAR operating points;
columns as in Table 2.

Model Method Quality-6 Subject consist. Background consist. Motion smooth. Dynamic degree Aesthetic Imaging VisionReward

MAGI-1 24B
MAGI-1 4.5B drafter

Target-only 70.74 71.75 82.84 98.82 100.00 45.57 53.02 0.0203
Draft-only 74.39 78.47 85.15 98.36 100.00 50.94 58.29 0.0785
SDVG τ ′

1 (−1.5489) 72.92 77.36 87.17 99.05 100.00 50.70 46.64 0.0636
SpecAR (k=2) 75.87 81.75 88.58 98.68 100.00 52.97 54.83 0.0634
SDVG τ ′

2 (−1.1082) 72.79 79.26 86.04 98.78 100.00 50.60 46.27 0.0560
SpecAR (k=5) 74.93 79.88 87.96 98.71 100.00 53.86 51.69 0.0670
SDVG τ ′

3 (−1.0194) 75.21 83.74 84.35 98.91 100.00 54.01 52.75 0.0012
SpecAR (k=7) 72.17 79.47 83.89 98.70 100.00 46.48 49.92 0.0143
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D.3 Quality Across the Rollout

We evaluate VisionReward separately on consecutive six-second segments. Target-only scores decline
from 0.156 in the first segment to −0.045 in the final segment. From the second segment onward,
target-only generation scores below SpecAR at k = 2, with differences of 0.056–0.085.

The quality decline is therefore visible within the rollout as well as in the aggregate scores. The 24B
model also scored below the 4.5B model in a separate text-to-video check using MAGI-1’s upstream
inference script. The cause of this ordering remains unresolved, and the conclusions here apply to the
evaluated configuration.
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Figure 7: MAGI-1 VisionReward by 6-s segment of the 36-s rollout. Target-only falls along the
rollout (slope −0.036 per segment); SpecAR k = 2 matches it in the first segment, where both follow
the conditioning image, and stays above it in every later segment.

Table D3: Mean VisionReward per 6-s segment on MAGI-1 (H = 36), with the slope per segment.
Method 0–6 s 6–12 s 12–18 s 18–24 s 24–30 s 30–36 s Slope per segment

Target-only 0.156 0.016 0.004 −0.031 −0.054 −0.045 −0.036
SpecAR (k=2) 0.163 0.101 0.067 0.040 0.027 0.011 −0.029
SpecAR (k=5) 0.143 0.072 0.038 0.030 0.010 0.051 −0.019
SpecAR (k=7) 0.143 −0.026 −0.013 −0.051 −0.071 −0.070 −0.035
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