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Fig. 1: Qualitative results and speedup performance of LISA. (a) Qualitative
results across different models and tasks. LISA maintains high structural fidelity and
aesthetic quality while significantly reducing inference latency (e.g., achieving 4.12x
acceleration on Lumina-mGPT-7B). (b) Speedup performance compared with SOTA
methods. LISA is evaluated across text-to-image (T2I) and class-to-image (C2I) bench-
marks, demonstrating speedup gains across tasks and model architectures.

Abstract. Autoregressive (AR) models deliver high-quality image gen-
eration but suffer from severe inference latency due to sequential decod-
ing. While speculative decoding (SD) successfully accelerates large lan-
guage models, we demonstrate that state-of-the-art methods like EAGLE-
3 provide limited gains for visual AR models. We attribute this to the
intrinsic nature of visual tokens: unlike text, their probability distribu-
tions are flat and non-discriminative, which hinders drafter—target align-
ment and causes verification to collapse under sampling. To bridge this
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gap, we propose LISA | a Locality-Informed Speculative framework for
Autoregressive image generation. LISA overcomes alignment barriers via
two key components: (i) Locality-Informed Distillation, which aligns
the drafter by prioritizing supervision on structured uncertainty; and
(i) Geometry-Aware Soft Verification, which leverages embedding
proximity and target confidence to enable more permissive yet safe to-
ken acceptance. Experiments across T2I and C2I tasks demonstrate that
LISA improves the speed—quality trade-off, achieving up to 4.12x accel-
eration and outperforming recent competitive methods.

Keywords: Autoregressive Image Generation - Speculative Decoding -
Locality Geometry - Distribution Alignment

1 Introduction

Autoregressive (AR) image generation has emerged as a powerful paradigm [12,
16, 28], leveraging the architectural advances and scaling laws of large language
models (LLMSs) [4, 10, 30]. By predicting visual tokens sequentially, these mod-
els produce high-fidelity images and support unified multimodal workflows [3§].
However, sequential decoding incurs substantial inference overhead [13,35,43],
limiting practical deployment despite recent progress. Speculative decoding
accelerates AR models by drafting multiple tokens and verifying them in paral-
lel with the target model [15]. It achieves substantial speedup in LLMs without
degrading output quality, and is widely adopted in recent high-performing sys-
tems [18,19,41]. However, applying speculative decoding to AR image generation
remains challenging: visual tokens are flatter and non-discriminative, lead-
ing to low acceptance rates and unreliable verification [11].

We first investigate the distributional differences between visual and language
tokens that hinder speculative decoding. As shown in Fig. 2(a), while language
tokens exhibit “spiky” distributions with mass concentrated on a few candi-
dates, visual tokens—quantized from continuous signals—exhibit much flatter
profiles. Fig. 2(b) further reveals that prediction entropy is spatially heteroge-
neous, peaking at complex textures while remaining low in high-prior regions.
Crucially, high-quality generation requires stochastic sampling (e.g., 7>0, Top-
K), which exacerbates drafter—target misalignment by further dispersing prob-
ability mass. This non-discriminative, spatially varying nature, compounded by
sampling stochasticity, challenges the core assumption of strict token-level
alignment in standard speculative decoding. These observations lead to a fun-
damental question that defines our study:

Key Challenge: How can we mitigate the drafter—target misalignment in-
herent in visual autoregressive models to achieve inference acceleration?

To address this challenge, we introduce LISA, a speculative decoding frame-
work tailored to the empirically observed distributional and geometric properties
of visual tokens. LISA integrates two complementary components: (i) a locality-
informed distillation strategy that strengthens drafter—target alignment by ex-
ploiting the local geometry of the visual codebook; and (ii) a geometry-aware soft
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Fig. 2: The non-discriminative and spatially heterogeneous nature of visual
tokens. (a) Dispersed token probability distribution. Evaluated on 100 prompts
from LongGenBench [23] for LLMs [6,37] and 100 random classes for LlamaGen [28],
visual tokens exhibit a flatter cumulative distribution across Top-N values, indicating
higher intrinsic uncertainty. (b) Spatial uncertainty. For a sample from Lumina-
mGPT, entropy is highly heterogeneous; uncertainty peaks at complex textures and
boundaries while remaining lower in regions with strong priors like the central face.

verification (GASV) mechanism that adaptively modulates acceptance based on
geometric distance and target uncertainty. Our method achieves encouraging re-
sults compared with recent competitive visual speculative decoding approaches,
while jointly improving drafter alignment during training and verification during
inference. Unlike prior works such as SJD [31], ZipAR [9], and GSD [27], which
primarily improve inference-time decoding or verification, our approach addi-
tionally improves drafter—target alignment during training to enhance decoding
efficiency under sampling.
Our main contributions are summarized as follows:

— Locality-Informed Distillation: We propose a distillation method that
leverages the geometry structure of visual tokens to improve drafter—target
alignment in high-entropy regions and reduce prediction discrepancies.

— Geometry-Aware Soft Verification: We design GASV, a mechanism that
replaces rigid pointwise verification with geometric and probabilistic cues,
improving token acceptance under stochastic sampling.

— Competitive Performance: Experiments on various models demonstrate
that LISA achieves up to 4.12x speedup, improving over recent leading
methods while maintaining competitive generation quality.

2 Related Work

2.1 Autoregressive Image Generation

Autoregressive (AR) models have emerged as a dominant paradigm due to their
ability to capture complex joint distributions through conditional next-token or
next-scale prediction [25,32]. In this paradigm, raster-scan models like Llama-
Gen [28] and Janus-Pro [4] perform sequential prediction on flattened 2D tokens,
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Fig. 3: Diagnostic analysis of the misalignment problem in visual speculative
decoding. (a) Acceptance Rate Collapse: Performance of EAGLE-3 [19] collapses
in sampling mode, indicating that existing verification criteria are incompatible with
the diffuse nature of visual token distributions. (b) Uncertainty-A Correlation:
Heatmap of entropy U vs. log-probability gap A. The negative correlation reveals
that higher target uncertainty leads to smaller probability discrepancies between the
drafter’s top-1 and the target’s top-1 candidates. (¢) U-KNN mass relationship:
The target’s probability mass within the drafter’s geometric neighborhood (Mx) grows
monotonically with U. This spatial concentration justifies shifting from rigid identity
matching to locality-informed soft verification.

while multi-scale approaches such as VAR [32]| and Infinity [8] generate images
across progressive resolutions. Central to both is the discretization of continuous
latent spaces into a categorical codebook [7,26], which enables the use of power-
ful Transformer backbones for scalable synthesis. However, the strictly sequential
nature of these models—whether token-by-token or scale-by-scale—incurs sub-
stantial inference latency (2,17, 20, 29, 33, 35]. As model parameters continue
to scale up to improve generation quality [30,39], the growing computational
cost and memory overhead of autoregressive decoding have become a primary
bottleneck for efficient practical deployment in real-world scenarios [36].

2.2 Speculative Decoding

Speculative Decoding (SD) [3, 15] accelerates inference by using a lightweight
drafter to propose candidate tokens, which are verified by a larger target model
in a single forward pass [18,19,41]. In image generation, LANTERN [11] adopts a
relaxed acceptance rule for multi-modal distributions, while Medusa [1] utilizes a
tree-based drafting scheme to improve stability under sampling. However, these
methods primarily modify the verification or drafting architecture, failing to
address the root cause of low acceptance: the intrinsic misalignment between
drafter and target distributions. Our work distinguishes itself by being the first
to systematically bridge this gap at both training and inference stages.

A closely related line of research involves parallel or cluster-based decod-
ing strategies, such as SJD [31], ZipAR [9], and GSD [27]. These approaches
leverage Jacobi-like iterations or grouped verification to allow the target model
to process multiple positions or clusters in parallel, often exploring randomized
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Fig. 4: Overview of the proposed framework. (a) Inference Pipeline: Spec-
ulative decoding on LlamaGen-XL-C2I where the drafter expands a candidate tree,
followed by rejection sampling for verification under sampling (7" > 0). (b) Locality-
Informed Distillation: The training stage identifies structured local concentrations
using geometric locality. We compute alignment-aware scores to prioritize misaligned
regions with high target density, followed by a progressive soft gating mechanism to
obtain position weights and weighted distillation on the joint support. (¢) Geometry-
Aware Soft Verification: The verification stage modulates acceptance boundaries
through a structured pipeline. Target-based uncertainty is first extracted to obtain
dynamic thresholds. In parallel, we evaluate geometric and probabilistic confidence for
each candidate to derive a unified score. This mechanism enables stable and efficient
speculative decoding under sampling by re-modulating the target distribution.

or parallelized sampling to increase throughput [34,40]. Unlike these methods
that optimize the target model’s internal execution or verification logic, LISA
focuses on the classic drafter—target paradigm. By mitigating drafter—target
misalignment in visual autoregressive models, our method alleviates a key bot-
tleneck that persists even for advanced drafters such as EAGLE-3 [19], which has
been integrated into production stacks including SGLang [42] and vLLM [14].

3 Method

In this section, we present LISA, a framework for accelerating autoregressive
image generation through speculative decoding. We first characterize the limi-
tations of EAGLE-3 through an empirical analysis in Fig. 3. Building on these
observations, LISA combines locality-informed distillation during training, de-
scribed in Sec. 3.2, with geometry-aware soft verification during inference, de-
scribed in Sec. 3.3. The overall framework is illustrated in Fig. 4.
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3.1 Motivation: The Misalignment Problem

We analyze speculative decoding for autoregressive image generation using LlamaGen-
XL-C2I as the target model and an EAGLE-3-based drafter. We compare accep-
tance behavior under greedy decoding and stochastic sampling, and report both
acceptance statistics and distributional geometry diagnostics in Fig. 3.

Our analysis yields three observations that characterize the distributional
misalignment between the drafter and target model.

1. Acceptance collapse under stochastic sampling. As shown in Fig. 3(a), the
drafter attains a high acceptance rate under greedy decoding, whereas its ac-
ceptance rate drops substantially under stochastic sampling. In this setting,
probabilistic verification is performed over the draft candidates, while the
target distribution assigns probability mass to a much broader set of tokens.
Consequently, the probability assigned to any individual draft token can be
small, leading to frequent rejection.

2. Uncertainty implies small preference gaps. Fig. 3(b) illustrates the relation-
ship between the normalized entropy U and the target log-probability margin

A = logp:(topl) — log p:(draft topl). (1)

The density map reveals a strong negative correlation: as the target uncer-
tainty U increases, the preference gap A between the target top-1 token and
the drafter top-1 token decreases. As illustrated in Fig. 2(b), high-uncertainty
positions frequently occur around complex textures, object boundaries, and
other visually ambiguous regions.

3. Local probability concentration. Fig. 3(c) shows that the target KNN prob-
ability mass My around the drafter’s prediction increases with uncertainty
U across different values of K, indicating that probability mass becomes
increasingly concentrated in local neighborhoods under high uncertainty.

Implications. Visual token distributions can remain locally concentrated de-
spite being flat and multimodal, making pointwise verification overly restrictive.
This is consistent with the redundancy of VQ codebooks, where perceptually
similar patches map to nearby codebook entries [11]. LISA therefore combines
locality-informed distillation for training-side alignment with geometry-
aware soft verification for adaptive inference-time acceptance.

3.2 Locality-Informed Distillation

As shown in Fig. 4(b), locality-informed distillation improves drafter—target
alignment by reweighting supervision according to local token-space structure.
The framework contains three components: locality-based position selection, pro-
gressive soft gating, and weighted distillation over truncated supports.
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Locality-informed selection. We instantiate the locality signal with a simple geo-
metric construction. More generally, the framework only requires a per-position
score that is high when the target is locally concentrated but the drafter remains
misaligned.

Let pi(-|b,t) and ps(-|b,t) denote the target and drafter distributions at
position (b,t) over vocabulary V = {1,...,V}. Let e, be an L2-normalized
token embedding in a geometry-bearing space, such as a VQ codebook.

We summarize the target’s top-K. region using a probability-weighted cen-

troid: [
DD €y
Cb,t - K. ~(k) ) (2)
szzj by " €4 9
where (i1,...,7x,) are the target top-K, tokens and ﬁgk) are their renormalized
probabilities.
The corresponding local neighborhood is
Nb,t = {’U eV: dcos(cb,taev) < r}v (3)

where dgos(u,v) =1 — (u,v) and r is the neighborhood radius.
We measure target concentration within this neighborhood as

af,= D p(v]bt). (4)
vENb,t

Drafter membership is represented by
apy =1 {arg mfuxps(v [b,t) € Nyl (5)

where a soft membership function may replace the hard indicator.
We then define the locality-mismatch score

sp = ap (1 —apy), (6)

which emphasizes positions with concentrated target mass but insufficient drafter
alignment. Positions above a scheduled batch-wise quantile are selected, produc-
ing a mask my; € {0, 1}; the selected proportion is annealed during training.

Progressive soft gating. Because hard selection may overemphasize difficult posi-
tions early in training, we modulate supervision using local alignment progress:

Gatian(b,) = exp( = KL(3 [ 0.1) | (- [b.0))). (7)

where IC(b,t) is the union of top-K tokens from both distributions, with proba-
bilities renormalized over this support.
Combined with a scheduled veto factor wyeto (b, t), the final position weight
is
Wp,t = wvcto(ba t) gb,ta (8)
where selected positions use gy + = Galign(b, t), while unselected positions retain
a reduced baseline weight to preserve gradient flow.
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Distillation objectives. Using wy ¢+, we define a truncated cross-entropy loss over
the target nucleus set S;(b, t):

Lcg = — Zwb’t Z (v ]b,t)logps(v|b,t). 9)
bt vES;(b,t)
We further match the target and drafter distributions over the joint support:

Lin = 72" wn KO ¢ [,8) || 50 ,1)). (10)
b,t

The final objective is

Liot = AceLcE + AkpLKD- (11)

3.3 Geometry-Aware Soft Verification

We propose Geometry-Aware Soft Verification (GASV) (Fig. 4(c)), which
performs locality-aware verification in the target’s whitened output-embedding
space. Its acceptance thresholds are dynamically modulated by target uncer-
tainty.

Uncertainty-modulated thresholds. Given target logits £ € RY and p; = softmax(¢),
let £y and £(5) denote the largest and second-largest logits. We characterize un-
certainty using normalized entropy

U= — ZU pt(’l)) IOgPt(U)

12
logV ’ (12)
and normalized margin
Mnorm = U(Z(l) - £(2)) (13>
These statistics modulate the base operating thresholds x and A:
eff = Jr(R; U7 norm />
Keft = fu(K m ) (14)

/\cff - f)\(>\; U; mnorm)7

where f,, decreases with U and increases with myorm, while f follows the op-
posite trend.

Geometric and regional confidence. For the target top-1 token ¢ and a candidate
token v, GASV computes two signals. The first measures geometric drift in the
whitened output-embedding space:

=0,
|(w; — w,) ©invstd||, + &

Sgeo(V) = (15)

This drift is compared with a precomputed cluster-specific budget ..
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The second signal estimates regional posterior support. We partition the
vocabulary into K clusters and define

m. = log Z exp(ly), (16)

u€R(c)

where R(c) is a representative token set for cluster c.
Let ¢; and ¢, denote the cluster assignments of ¢ and v. We map the two
signals to soft confidence scores:

ggco(v) = U(agco (Hcffﬁci - Sgco(v))) ) (17)

and
gclu(v) = U(eclu (ﬂ'cv — Ty — IOg )\eff)) . (18)

Here, 0geo and 0.1, control the sharpness of the two soft boundaries.

Soft verification. We combine the two confidence scores through an OR-style
gate:
9(v) = max {ggeo(v), geru (v)} - (19)
A candidate can therefore be supported by either geometric consistency or re-
gional posterior mass.
Let praw(v) denote the target probability after the standard sampling trans-
formations. GASV reweights it as

_ Draw (U)g(v)
Prott(V) = S e(w)a(a)’

This yields the normalized distribution used for verification.

(20)

Offline calibration. Following prior analyses of visual-token geometry [11], we
perform one-time calibration for each target model. We precompute the vocab-
ulary partition, representative sets R(c), geometry budgets /., and whitening
statistics by: (i) whitening and clustering target prediction-space token represen-
tations; (ii) collecting cluster-wise distributions of sgeo(v) from target rollouts;
and (iii) estimating (. using a high empirical quantile, with the 95th percentile
used by default. These assets remain fixed, while (k, A) control the speed—quality
trade-off. Only U, Muorm, Sgeo(v), e, and the final reweighting are computed
online. Additional details are provided in Sec. A.3 of the supplementary mate-
rial.

4 Experiments

4.1 Setups

Models. We evaluate on three targets: LlamaGen-XL-T2I [28] (top-k=1000,
CFG=3.5) and Lumina-mGPT-7B [22] (top-k=2000, CFG=3.0) for the text-
to-image (T2I) task; and LlamaGen-XL-C2I (top-k=1000, CFG=4.0) for the
class-to-image (C2I) task.
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Table 1: Main Results on Text-to-Image (T2I) Task. We evaluate the efficiency
and quality of various speculative decoding methods on LlamaGen-XL-T2I Stage IT and
Lumina-mGPT-7B. Efficiency is measured by Speedup and Acc. Len. (average accepted
tokens per step), while image quality is evaluated using FID and CLIP score.

Models | Methods | Speedupt Acc. Len.t| FID| CLIP?t
Vanilla 1.00x - 45.5 28.6
EAGLE-2 0.97x 1.20 43.1 28.9
LlamaGen-XL-T2I | LANTERN 1.70x 2.40 47.2 28.6
SJD 1.61x 1.69 48.1 28.7
| LISA (Ours)| 2.11x 3.05 | 46.7 28.5
Vanilla 1.00x - 30.1 33.0
EAGLE-3 1.86x 2.77 30.2 32.1
LANTERN 2.56 % 3.63 33.9 32.7
. SJD 2.05x 2.23 31.1 31.3
Lumina-mGPT-7B | (o (_o5) 3.77x 3.53 331 312
ZipAR-16 2.31x 3.12 32.6 31.2
AR-Sample 2.35% 2.61 30.9 26.1
| LISA (Ours)| 4.12x 479 | 310 315

Table 2: Comparison of performance on LlamaGen-XL-C2I. We report effi-
ciency metrics including Speedup and Acc. Len., together with four standard generation
quality metrics: FID, IS, Precision, and Recall.

Method | Speedup Acc. Len.| FID| ISt Prec.t Rec.t
Vanilla | 1.0x 1.00 | 9.78 152.3 0.89 0.38
EAGLE-2 0.8x 1.07 9.82 150.4 0.90 0.46
EAGLE-3 0.7x 1.00 9.88 144.2 0.83 0.47
LANTERN 1.04x 1.50 10.72 149.5 0.87 0.41
Ours (k=1.0,2=0.6) 1.39x 2.02 10.50  148.6 0.86 0.39
Ours (k=1.1,2=0.4) 1.53x 2.69 12.60 142.1 0.76 0.42

Datasets and Metrics. For T2I, we evaluate 5,000 images from the MS-COCO
2017 validation set [21] using FID and CLIP score. For C2I, we generate 20,000
samples from ImageNet-1K [5] and report FID, IS, Precision, and Recall.

Efficiency is measured with end-to-end PyTorch inference on a single RTX
4090. We report (1) speedup, defined as the ratio of vanilla target-model la-
tency to method latency per image, and (2) accept length, defined as the
average number of draft tokens accepted per decoding step under each method’s
verification rule. Latency includes drafter and target forward passes, stochastic
sampling, GASV computation, and output generation.

Baselines. We compare two speculative decoding paradigms: (1) Drafter-target
methods, including EAGLE-2 [18], EAGLE-3 [19], and Lantern [11]; (2) Jacobi-
style and parallel sampling, including SJD [31], GSD [27], AR-Sample [24], and
ZipAR [9]. For the C2I task, we specifically tune Lantern’s hyperparameters
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A tranquil mountain lake Lisa stands on a rooftop at A snowy mountain landscape A 3D portrait of a young
reflecting snowcapped peaks, dusk, holding a glowing with a small cabin glowing, woman with a flower crown,
with a small wooden boat by lantern amid drifting light, smoke rising from the chimney, calm expression, realistic skin
the shore. with a misty skyline behind.  and snow-covered pines. texture, and warm lighting.

Fig.5: Visual comparison on LlamaGen-XL-T2I (Stage II). Top row: Vanilla
generations. Bottom row: LISA (k=1.1, A=0.4). Our framework achieves 2.11x speedup
while preserving the original image composition and structural details.

(LanternK, §) to maintain generation quality, as detailed in the supplementary
material.

Drafter Training. All drafters adopt the EAGLE-3 architecture and are trained
for 6 epochs on A100 GPUs (LR=3x10"%, BF16). Training data includes a
100k LATON-COCO subset for LlamaGen-XL-T2I and a 30k target-generated
set for Lumina-mGPT-7B. More details are provided in the supplementary
material.

4.2 Main Results

Text-to-Image (T2I). We evaluate the performance of LISA on the MS-COCO
benchmark using two representative models: LlamaGen-XL-T2I Stage II and
Lumina-mGPT-7B. As reported in Table 1, our method outperforms existing
speculative decoding baselines in terms of efficiency while maintaining competi-
tive image quality. Specifically, LISA achieves a 2.11x speedup on LlamaGen-
XL-T2I and reaches a substantial 4.12x acceleration on Lumina-mGPT-7B.
The results indicate that LISA provides a favorable speed—quality trade-off, with
FID and CLIP remaining comparable to competitive methods across different
model architectures.

Class-to-image (C2I). Asin Table 2, LISA achieves competitive performance on
ImageNet using LlamaGen-XL-C2I. By adjusting the verification parameters
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1.00x

4.12%

Fig. 6: Visual comparison on Lumina-mGPT-7B. We showcase samples from
the PartiPrompts benchmark. Top row: Vanilla generations. Bottom row: LISA
(k=1.1,A=0.4). Visual consistency confirms that our framework preserves complex
structural details across diverse prompts while providing inference speedup.

1.39%

1.53x

Fig. 7: Visualization results on LlamaGen-XL-C2I. We showcase samples across
several ImageNet classes. From top to bottom, rows correspond to different (x, \) con-
figurations. Our approach maintains visual quality across these accelerated regimes.

(k, A), our method enables a controllable trade-off between speed and quality.
Specifically, LISA reaches a peak speedup of 1.53x with an average accept
length of 2.69, outperforming baseline speculative decoding methods such as
EAGLE-3 and LANTERN in efficiency. The results show that LISA maintains
competitive generation quality under different acceleration settings.

4.3 Qualitative Results

Visual comparisons in Fig. 5—7 validate LISA’s effectiveness across T2I and C21
tasks. Results on LlamaGen and Lumina-mGPT demonstrate that LISA main-
tains high fidelity, precise prompt alignment, and complex structural details,
confirming that our acceleration preserves the target models’ generative capabili-
ties. LISA produces realistic, coherent images across various (k, A) configurations
in accelerated regimes. Overall, the results suggest that LISA maintains com-
petitive visual quality and semantic consistency with the target models under
different acceleration settings. Further visualizations are in the supplementary
material.
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Fig. 8: Ablation on drafter alignment across sampling temperatures. We com-
pare EAGLE-3 and LISA drafters on LlamaGen-XL-C2I using Top-K KL divergence
(K=512) and logit margin at T=0.5 and 7T'=1.0. LISA shifts both distributions toward
zero with lower variance, indicating improved alignment.

Table 3: Ablation on GASYV parameters across models. We evaluate the impact
of drift threshold x and cluster-posterior threshold A at T=1.0. w/o GASV denotes
standard exact-match verification. This table focuses on efficiency variations under
different GASV configurations. Note that Ours (w/o GASV) already outperforms
EAGLE-3 due to locality-informed distillation during training.

Varying « (A=0.4)

Varying A\ (k=1.0)
Models ‘ Drafter ‘ w/o GASV ‘ ©=0.6 F=0.8 r=1.0 ‘ A=0.6 A—0.8
EAGLE-3 1.00 118 125 132 | 115 1.08
LlamaGen-XL-T2T ‘ Ours 1.24 ‘ 216 255 2.92 ‘ 2.80 2.49
EAGLE-3 1.00 106  1.08 125 | 118 1.12
LlamaGen-XL-C2I ‘ Ours 1.07 ‘ 1.76 2116 2.45 ‘ 2.02 1.81

4.4 Ablation Studies

Locality-Informed Distillation (Training-Side). We compare LISA and EAGLE-
3 drafters on LlamaGen-XL-C2I under standard verification to isolate training-
side effects. Figure 8 reports Top-K KL divergence (K=512) and logit margin
at T=0.5 and T=1.0. LISA shifts both distributions toward zero with lower vari-
ance, indicating improved drafter—target alignment before geometric verification.

Geometry-Aware Soft Verification (Inference-Side). We evaluate GASV with
both EAGLE-3 and our locality-distilled drafter on LlamaGen-XL models. Ta-
ble 3 reports accept length under different x and A settings. GASV improves ac-
ceptance for both drafters, with the distilled drafter reaching 2.92 on LlamaGen-
XL-T2I. Larger x yields more permissive verification, while larger A makes accep-
tance more conservative. These results support GASV as an effective inference-
side complement to locality-informed distillation. Qualitative comparisons are
provided in Appendix B.4.

Generalization to a Medusa-style Drafter. On LlamaGen-XL-T2I, applying the
locality-informed distillation to a Medusa-style drafter improves the accept length
from 1.19 to 1.53 and the speedup from 1.04x to 1.37x. Adding GASV further
improves the accept length, with comparable generation quality (Table 4).
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Fig.9: Geometric probe of codebooks. We project the token embeddings into
2D space for visualization (a—c) and compute high-dimensional K-NN distances in the
original embedding spaces (d-f). Across the evaluated models, the projected tokens
form multiple locally compact regions, while the K-NN distance distributions reveal
heterogeneous neighborhood density rather than a uniform arrangement. Although
the 2D projections are qualitative, the consistent local structure observed in both
views suggests that visual codebooks retain nontrivial geometric organization after
discretization. This provides empirical support for using locality as a design prior in
locality-informed distillation and geometry-aware verification.

Locality Analysis of Discrete Visual Tokens. To investigate LISA’s structural
motivation, we conduct a geometric probe on several codebooks. As visualized
in Fig. 9, the evaluated tokenizers exhibit a recurring locality pattern, with to-
kens forming compact clusters and mean distances ranging from 0.136 to 0.190.
This observation suggests that vector quantization can retain part of the spatial
redundancy and semantic continuity of visual signals. Such locality serves as an
empirical structural prior for LISA: the framework uses this geometric coher-
ence to improve drafter alignment and to relax verification within semantically
coherent neighborhoods (Sec. 3.3). These results support the use of codebook
locality as a practical design prior for both training and verification.

Sensitivity of Parameters. LISA exhibits stable performance across the evalu-
ated settings, as its calibration assets, including the geometry budget 3., are
derived from the target model’s local prediction-space structure. Detailed pa-
rameter configurations and calibration procedures are provided in the the sup-
plementary material. We further provide a full component-wise decomposition of
LISA, isolating training-side and inference-side contributions, in Appendix B.1.
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Table 4: Generalization to a Medusa-style drafter on LlamaGen-XL-T2I.
We report accept length, end-to-end speedup, FID, and CLIP score. w/o GASV uses
standard speculative verification.

Method Acc. Len.t Speedup? FID/| CLIPt
Medusa-style 1.19 1.04x 46.9 28.5
LISA-Medusa w/o GASV 1.53 1.37x 46.0 28.7
LISA-Medusa w/ GASV 2.25 1.82x 46.2 28.4

5 Conclusion

While speculative decoding has been effective for LLMs, methods like EAGLE-3
provide more limited gains for visual autoregressive models due to their flat-
ter token distributions. We address this challenge with LISA, which jointly
improves training-side alignment and inference-side verification. By exploiting
the geometry of VQ codebooks, LISA combines (i) locality-informed distillation
to improve drafter alignment in high-entropy regions, and (ii) geometry-aware
soft verification to increase acceptance under stochastic sampling. Experiments
on MS-COCO and ImageNet demonstrate up to 4.12x acceleration while main-
taining competitive generation quality. Overall, LISA achieves a favorable speed—
quality trade-off for visual autoregressive generation. Future work may extend
this geometry-guided framework to broader generative settings, including video
generation and multimodal large language models.
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