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Abstract. Visual Autoregressive Models (VAR) generate images through
next-scale prediction, producing all tokens within each scale in paral-
lel. We show that this parallel decoding constitutes a mean-field-style
approximation that discards spatial dependencies among same-scale to-
kens, causing locally incoherent samples regardless of backbone capacity
– a limitation of the decoding rule. Addressing this limitation, we intro-
duce the Logit Refiner, a lightweight autoregressive module that restores
intra-scale dependencies by sequentially sampling tokens conditioned on
frozen backbone features. Adding only ∼10% parameters and less than
5% of the base model’s training compute, it plugs into any pretrained
VAR checkpoint without retraining. Controlled ablations isolate joint
intra-scale sampling – rather than additional capacity or training – as
the critical ingredient. Across backbones from 310M to 2B parameters
on class-conditional ImageNet 256×256, the refiner consistently improves
generation quality, enabling a 1.1B-parameter model to surpass one twice
its size. The approach further generalizes to text-to-image generation,
confirming that the mean-field bottleneck persists across VAR variants
and is effectively alleviated by our method.
Project page: https://compvis.github.io/logit-refiner/.

1 Introduction

Autoregressive (AR) modeling achieves remarkable success in language [1–3,
5, 7, 14, 28, 68, 71, 74] by generating tokens sequentially from a learned joint
distribution. Extending this paradigm to images, however, is challenging: images
lack a canonical ordering [46,50, 62, 79], and fully sequential pixel generation [46,
50,62,79] is prohibitively slow, as sequence lengths quickly reach tens of thousands
of tokens.

Visual Autoregressive Modeling (VAR) [73] resolves this by leveraging next-

scale prediction, generating images in a coarse-to-fine manner, while predicting
all tokens within each scale in parallel. This design yields strong [61] generation
results, scaling behavior, and substantially improved efficiency compared to
token-wise autoregressive models.

⋆ Equal contribution.
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Fig. 1: (a) VAR [73] (top) and scaled-up variants like Infinity [24] (bottom) often
generate spatially incoherent samples. Our Logit Refiner addresses this problem via a
lightweight add-on to existing pretrained models. (b) The refiner consistently improves
scaling behavior, shifting the VAR scaling curve downward, until saturating at the same
FID that true unseen samples (validation set) achieve.

Despite accurate per-token predictions, VAR samples often exhibit local spatial

incoherence: neighboring patches display mismatched textures, structural discon-
tinuities, or implausible combinations – even when each individual prediction is
plausible (Fig. 5). This raises a fundamental question:

If the per-token marginals are correct, why are the joint samples incoherent?

We identify the root cause as an implicit mean-field-style assumption in VAR’s
parallel within-scale decoding, which factorizes the conditional joint into indepen-
dent per-token distributions, discarding spatial dependencies among tokens at the
same scale. This approximation produces token combinations that are individually
likely, yet jointly inconsistent. A minimal checkerboard example (Fig. 2) makes
this concrete: correct per-pixel probabilities still yield invalid global patterns
under independent sampling.

Crucially, this limitation lies in the decoding rule – even predicting the
correct pointwise conditional distributions can not yield valid samples in practice,
since tokens are decoded independently. The missing component in scale-wise
autoregressive image generation is therefore joint within-scale sampling that
accounts for the intra-scale token dependencies. We introduce the Logit Refiner,
a lightweight add-on autoregressive module that restores intra-scale dependencies
while leaving the VAR backbone untouched. It can directly be applied on top of an
already pretrained VAR model, without any need for adaptation of the pretrained
weights to obtain the quality benefits. Conditioned on the backbone’s already-
computed hidden states, the refiner samples tokens sequentially within each scale,
requiring only a small causal model to capture the residual dependencies that
independent decoding ignores. The module adds only ∼10% parameters, trains
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in hours (<5% extra training compute) with the backbone frozen, and plugs into
any pretrained VAR model with modest inference overhead.

Across backbone sizes from 310M to 2B parameters on class-conditional
ImageNet, the Logit Refiner consistently improves generative performance by a
wide margin, enabling VAR-d24 + Refiner (1.1B parameters) to surpass the twice
as large VAR-d30 (2B). Controlled ablations confirm that these gains stem from
dependency modeling rather than additional capacity or training : an architecture-
matched refiner with bidirectional attention and independent sampling fails to
match the autoregressive variant, isolating joint intra-scale sampling as the critical
ingredient. The approach also generalizes to text-to-image generation, where the
refiner yields consistent improvements on a 2B-parameter model.

Our work makes the following main contributions: starting by tracing the
spatial incoherence observed in VAR samples to a specific cause – the mean-field-
style approximation inherent in parallel within-scale decoding, which generates
tokens independently regardless of the backbone’s capacity – we show that autore-
gressive within-scale sampling is the minimal correction needed to remove this
approximation error, reframing the problem from model capacity to the decoding
rule. Then, we introduce a lightweight autoregressive refiner that implements
this correction as a plug-in module over frozen backbone features, consistently
improving generation quality across model scales from 310M to 2B parameters.

2 Related Work

Autoregressive Image Generation. Autoregressive models are a dominant
paradigm for image generation, powering many frontier foundation models [21,22,
48,49,82]. Early approaches modeled images as pixel-level sequences [46,47,62,72],
whereas modern methods [10, 32, 55, 65, 73, 84, 85] operate on discrete tokens
from learned tokenizers [18,56,75,86] and explore alternatives to the standard
“sweep” ordering [18, 83, 87], the grouping of multiple tokens [8, 58, 73, 80], or
shared backbones with large language models [11,66,67,70,78,81]. Our work is
orthogonal: rather than changing the token order or the backbone, we correct
the independence assumption within parallel decoding groups.

Scale-wise Autoregressive Image Generation. VAR [73] introduced next-
scale prediction, generating tokens at progressively finer resolutions while sam-
pling all tokens within each scale in parallel. The paradigm has since been
extended in many directions: Infinity and Switti scale it to text-to-image genera-
tion [24, 41, 76]; M-VAR [59] and MVAR [88] introduce more efficient backbones,
and HMAR [31] combines next-scale prediction with masked autoregressive mod-
eling [8]; FVAR [38], HART [69], and FlowAR [57] alter the prediction target or
token representation; and a growing line of work reduces inference cost through
token pruning [12, 23, 40], frequency- or entropy-guided skipping [9, 34, 39, 89],
and speculative decoding [13]. Beyond class-conditional generation, the paradigm
has been applied to multimodal modeling [92, 93], image editing [15, 45], restora-
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tion [54], super-resolution [53], segmentation [91], and video generation [29,41].
Across these extensions, tokens within each scale remain at least partially decoded
independently, suggesting that the mean-field-style approximation is a structural
property of the scale-wise autoregressive paradigm rather than a task-specific
limitation of VAR.

Refinement and Post-hoc Correction. Refining initial predictions appears in
many forms, from draft-and-revise generation that iteratively improves masked
tokens [33,90] to image generators with explicit refinement stages that re-predict
a full generated image [52, 77]. Other methods [cf. 4] propose adversarially
optimizing guidance injection into the decoding rule to improve sample quality.
Unlike these, we target a specific shortcoming of VAR-style models [73] – the
mean-field-style approximation – and correct it with a lightweight add-on inside
the generation loop, avoiding repeated full-model passes over the entire image.

3 Mean-Field-style Approximation in Scale Autoregression

Visual Autoregressive Modeling (VAR) [73] generates images through next-

scale prediction over a hierarchy of discrete token maps. An image is encoded
into K scales r1:K = (r1, . . . , rK), where each rk ∈ [V ]Lk is a sequence of
Lk = hkwk tokens at spatial resolution hk×wk. VAR models the joint distribution
autoregressively across scales:

  \label {eq:var_scale_factorization} p(\mathbf {r}_{1:K}) = \prod _{k=1}^K p_\theta (\mathbf {r}_k \mid \mathbf {r}_{<k}). 






   (1)

At each scale, a transformer backbone fθ produces hidden states h
(k) = fθ(r<k)

for all token positions in parallel that parametrize per-token categorical distribu-
tions. Tokens within each scale are then sampled independently :

  \label {eq:var_mean_field_factorization} p_\theta (\mathbf {r}_k \mid \mathbf {r}_{<k}) \approx \prod _{i=1}^{L_k} p_\theta \!\left (r_i^{(k)} \mid \mathbf {h}^{(k)}\right ),   











 



 (2)

which constitutes a fully factorized (naive) mean-field-style approximation that
ignores spatial dependencies across tokens in the same scale, akin to those typically
used in variational inference in physics [30]. Natural images, however, exhibit
strong spatial dependencies, implying that the true conditional joint pθ(rk | r<k)
might not be modeled faithfully. This can lead to structurally incoherent samples
that persist even at the largest model scales (Fig. 5).

Toy Example (Fig. 2). For a simple dataset containing only valid 2 × 2
checkerboards (two valid samples), a next-scale model predicts correct per-token
marginals, yet independent sampling produces 24 = 16 joint outcomes, most of
which are invalid. This illustrates the central failure of Eq. (2): correct marginals

do not imply correct joint samples, even when conditioning on previous scales.
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(a) True Distribution (b) VAR: Independent
within-scale Sampling

(c) VAR + Logit Refiner: Joint
within-scale SamplingDataset of 2×2 checkerboard grids
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Fig. 2: Toy Example. (a) Consider a dataset of 2× 2 checkerboards. (b) A VAR-style
model can learn correct per-token marginals (gray at 12, 50/50 at 22), yet independent
sampling yields many invalid joint samples. (c) Our Logit Refiner models remaining
dependencies autoregressively, restoring the joint and generating only valid samples.

This limitation arises from the decoding rule, motivating the restoration of
the intra-scale joint distribution.

4 Logit Refiner

We introduce the Logit Refiner, a lightweight autoregressive module that restores
intra-scale dependencies while leaving the pretrained VAR backbone unchanged.
The backbone fθ continues to compute per-token hidden states in parallel, whereas
a separate refiner model qϕ models the joint distribution of tokens within each
scale conditioned on these frozen features. Since the refiner operates purely at the
decoding stage and is not constrained by VAR’s mean-field-style factorization,
it can implement flexible joint sampling with minimal additional parameters,
computation, and training cost.

4.1 Restoring Joint Within-Scale Sampling

Since the backbone’s bidirectional intra-scale attention already enables joint
reasoning about all token positions per scale, the independence limitation resides
in the sampling rule, not the learned representations (Sec. 3). We therefore replace
the mean-field-style decoder in Eq. (2) with an autoregressive factorization over
tokens within each scale:

  \label {eq:refiner_ar_factorization} q_\phi (\mathbf {r}_k \mid \mathbf {r}_{<k}) = \prod _{i=1}^{L_k} q_\phi \!\left (r_i^{(k)} \mid r^{(k)}_{<i},\, \mathbf {h}^{(k)}_{\leq i},\, \mathbf {r}_{<k}\right ),   











 


 


 



 (3)

where qϕ is a lightweight refiner model. Each token now conditions on both the

frozen backbone features h
(k)
≤i and the previously sampled tokens r

(k)
<i , restoring

the intra-scale joint that the parallel mean-field-style decoder discards. This
formulation strictly generalizes the original decoder – setting the refiner in
Eq. (3) to ignore the autoregressive context directly recovers Eq. (2) – making
it a minimal correction that removes the conditional independence assumption
without modifying the backbone.
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Fig. 3: Logit Refiner Overview. (a) The VAR backbone processes all previous
scales and produces hidden states for the current scale in a single parallel forward pass,
finally sampling from pointwise posteriors in parallel. As sampling is done independently
within each scale, this can lead to mismatched tokens, affecting generation quality. (b)
Our logit refiner takes these hidden states and samples tokens autoregressively within
the scale, conditioning each prediction on previously sampled tokens. The refiner is a
lightweight causal transformer, incurring only a small overhead during generation, while
significantly improving sample quality.

Combining Eq. (3) with the scale-wise factorization Eq. (1) yields the full
model:

  p(\mathbf {r}_{1:K}) \approx \prod _{k=1}^K q_\phi (\mathbf {r}_k \mid \mathbf {r}_{<k}), 






   (4)

which preserves VAR’s efficient across-scale generation while restoring within-
scale dependencies. Unlike a fully autoregressive model that runs the entire
backbone per token, only the lightweight refiner qϕ operates sequentially on a
token level – the expensive backbone computation remains fully parallel. Because
the refiner operates on the backbone’s features rather than building context
from scratch, it only needs to model residual dependencies, explaining why an
extremely small model suffices (Sec. 4.2).

4.2 Architecture

The refiner is designed as a strict add-on: it never re-encodes the image and
only consumes i) the already-computed backbone hidden states h

(k) for the
current scale, and ii) the previously generated tokens within the current chunk

r
(k)
<i . This separation ensures that the expensive backbone forward pass remains

fully parallel; only the lightweight refiner runs sequentially within each scale. We
describe each component below and illustrate the architecture in Fig. 3.

Inputs. For each position i in scale k, the refiner constructs an input vector

from two streams of information: the frozen backbone hidden state h
(k)
i ∈ R

w,

and an autoregressive context embedding c
(k)
i ∈ R

w derived from the previously
sampled token:

  \label {eq:refiner_input} \mathbf {c}_i^{(k)} = \begin {cases} \,\mathbf {z}_\mathrm {sos}, & i = 1, \\ \,\mathrm {emb}_\phi (r_{i-1}^{(k)}), &i > 1, \end {cases} \qquad \mathbf {z}_i^{(k)} = \mathbf {W}_\mathrm {proj}[\,\mathbf {h}_i^{(k)} \parallel \mathbf {c}_i^{(k)}\,], 





  



  



 


 


  (5)
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with learned zsos, token embedding embϕ : [V ] → R
w, and input projection

Wproj, and [ · ∥ · ] denoting concatenation.

Refiner Blocks. A small stack of dr transformer blocks processes the fused

representations z
(k)
1:Lk

with a causal mask, producing refined hidden states

  \label {eq:refiner_blocks} \tilde {\mathbf {h}}_i^{(k)} = \mathrm {TransformerBlocks}_\phi \bigl (\mathbf {z}_{1:i}^{(k)}\bigr ). 

 









 (6)

Each block follows standard transformer design, matching the backbone’s block
architecture. Crucially, only dr ≪ d blocks are needed (e.g., dr = 2) – far fewer
than the backbone depth (d ∈ [16, 30]), since the refiner already receives a rich,

spatially-contextualized hidden state h
(k)
i from the backbone with bidirectional

attention. The refiner only needs to model the residual dependencies not captured
by the backbone – a much easier task than building spatial context from scratch.

The autoregressive factorization in Eq. (3) requires choosing a token ordering
within each scale; we use standard raster-scan order (left-to-right, top-to-bottom),
following conventions in patch-level autoregressive models [cf. 46, 47].

Output. An output head predicts logits from the refined hidden state, from
which a token is sampled:

  \label {eq:refiner_output} \tilde {\ell }_i^{(k)} = \mathrm {head}_\phi \bigl (\tilde {\mathbf {h}}_i^{(k)}\bigr ), \qquad r_i^{(k)} \sim \mathrm {Cat}\bigl (\mathrm {softmax}\bigl (\tilde {\ell }_i^{(k)}\bigr )\bigr ). 

 











 












 (7)

The sampled token r
(k)
i is then fed back as the autoregressive context for the

next position via embϕ in Eq. (5), and this process repeats sequentially for all
Lk positions in the scale.

4.3 Training and Inference

Starting from a conventionally pretrained VAR model, we train the refiner with

teacher forcing: during training, the autoregressive context r
(k)
<i in Eq. (5) is

replaced with ground-truth tokens. Combined with the causal attention mask,
this allows training to be fully parallelized across all positions and scales simulta-
neously. We minimize cross-entropy over all tokens:

  \mathcal {L}(\phi ) = -\sum _{k=1}^K \sum _{i=1}^{L_k} \log q_\phi \!\left (r_i^{(k)} \mid r^{(k)}_{<i},\, \mathbf {h}^{(k)}_{\leq i},\, \mathbf {r}_{<k}\right ).  
















 


 


 



 (8)

During refiner training, the VAR backbone fθ remains frozen. We only opti-
mize the refiner parameters ϕ, finding that this suffices for achieving significant
performance gains while keeping training cost minimal.

Identity Initialization. We design an initialization scheme that makes the
refiner reproduce the base model’s predictions at the start of training, so that
optimization focuses entirely on learning the residual corrections needed for joint
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sampling. Specifically, we copy the pretrained output head and token embedding
weights from the base model, providing the refiner with an already well-structured
output space. The autoregressive context integration via Wproj (in Eq. (5)) is
initially disabled by setting Wproj ← [I ∥ 0]; similarly, the output projections
of each transformer block’s self-attention and feedforward networks are zero-
initialized to leave the initial hidden states unchanged. Under this scheme, the
model at initialization is functionally equivalent to the original VAR, and the
training signal drives the refiner to learn only the difference between independent
and joint within-scale distributions. As shown in Fig. 4, identity initialization
retains the base model’s generation quality from the first iteration and converges
significantly faster than standard random initialization.

(a) Random Init. (b) Identity Init.

0 steps
1k steps

Fig. 4: Effect of Initializa-
tion Strategy.

Inference. At inference, VAR generates tokens
scale-wise in a coarse-to-fine manner. For each scale,
we compute h

(k) once in parallel using the expensive

base model fθ. Then, we sample tokens r
(k)
1 , . . . , r

(k)
Lk

sequentially using KV caching in the refiner. Since
the refiner is much smaller than the base model
(dr ≪ d), the additional cost is modest and signif-
icantly lower than traditional full-model tokenwise
autoregressive sampling.

5 Experiments

Experiment Settings. We conduct our experiments on class-conditional Ima-
geNet [16] at a resolution of 2562 unless noted otherwise, and primarily evaluate
the Fréchet Inception Distance (FID) [25] on 50k generated samples. Our base
model implementation and training setting directly follow VAR [73], except for a
significantly reduced training duration of 30 epochs compared to multiple hundred
for the base models, and a reduced base learning rate (1e-4 → 2.5e-5). Unless
noted otherwise, we use dr = 2 refiner layers whose width is matched to the base
model’s parameters. For sampling, we use classifier-free guidance (CFG) [27]
and top-k sampling following the original VAR settings, with individually swept
parameters. Full hyperparameters and details are provided in Supp. Sec. A.

5.1 Ablation Studies

We first validate the key design decisions of the Logit Refiner through controlled
ablations, establishing that the gains originate from dependency modeling, before
presenting final results.

Dependency Modeling, not Capacity, Drives Gains. Table 1 disentangles
the contribution of joint intra-scale modeling from additional capacity and training
on the same pretrained VAR-d16 backbone, exploring the following variations:
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Table 1: What drives the gains? Neither additional training nor additional parallel
layers match the improvement from autoregressive (joint) intra-scale refinement. All
variants use VAR-d16 as backbone, the “parallel” and “AR” refiner use the same architec-
ture (dr = 2), with only a different attention mask and sampling. Only causal attention
with autoregressive sampling – i.e., joint intra-scale modeling – yields substantial gains.

Model Joint Modeling Params FID↓

VAR-d16 (baseline) [73] ✗ 310M 3.30
+ Additional Training (30ep) ✗ 310M 3.12
+ Parallel Refiner (bidirectional attention) ✗ 356M 3.15
+ AR Refiner (causal attention, ours) ✓ 356M 2.81

Table 2: Refiner Design Ablation. We start from VAR-d16 [73]. (a) Refiner depth:
dr = 0 (no transformer blocks) already improves FID significantly; dr = 2 saturates
quality. (b) Trainable components: the refiner alone captures most gains; jointly training
the backbone adds little at much higher cost. (c) Per-scale importance: removing the
refiner from any single scale degrades quality, most strongly at early scales; degradations
diminish at high resolutions.

(a) Refiner Depth

Refiner Depth (dr) Params FID↓

– 310M 3.30
0 +8M 3.02
1 +27M 2.85
2 +46M 2.81
4 +84M 2.82
8 +160M 2.81

(b) Trainable Components

Trained? Trainable
Params FID↓

Output Head Embedding Base Backbone

Baseline 310M 3.30
✓ ✗ ✗ 46M 2.86
✗ ✓ ✗ 40M 2.85
✓ ✓ ✗ 46M 2.81
✓ ✓ ✓ 356M 2.72

(c) Scales with Refiner

Scales FID↓

all 2.81
all \ {22} 2.98
all \ {32} 2.90
all \ {42} 2.86
all \ {52} 2.86

[ctd. →]

Scales FID↓

all \ {62} 2.85
all \ {82} 2.81
all \ {102} 2.85
all \ {132} 2.86
all \ {162} 2.83
– 3.30

1. Additional Training: continue training the base model for 30 more epochs
without any architectural changes.

2. Parallel Refiner: add refiner-sized transformer blocks with bidirectional
attention to the frozen backbone, matching our method’s architecture and
parameter count but sampling all tokens independently per scale, isolating
capacity from joint modeling.

3. AR Refiner (Ours): identical architecture with causal attention and au-
toregressive sampling, restoring intra-scale dependencies.

All three variants are trained for the same number of epochs. Only the full
AR refiner yields substantial gains, confirming that dependency modeling – not
capacity or extra training – is the critical ingredient.

Small Refiners Suffice. Table 2a varies the number of refiner transformer
blocks (dr). Even a depth-0 refiner (no additional transformer blocks, just the
autoregressive input projection and finetuned head with AR sampling) provides a
meaningful improvement. This demonstrates that the autoregressive factorization
itself is valuable, even when combined with just a causal context of one token



10 Li & Baumann et al.

(a) "texture soup" (b) merged entities (c) deformed generations

VAR-d30

VAR-d30

VAR-d30

+Refiner

+Refiner

+Refiner
Fig. 5: VAR Failure Cases vs. Refiner. Our Logit Refiner can address a range of
typical failures of VAR. Each column shows a paired sample (same class, same seed).
Top: samples covering various failure modes from VAR-d30 [73]. Bottom: with refiner.

and a single additional linear layer to incorporate extra information. Performance
saturates quickly, with dr = 2 providing a favorable tradeoff.

Trainable Components. Table 2b ablates which components need to be trained.
Reusing the frozen input embedding or output head from the base VAR model
provides a small performance regression compared to training the whole refiner
jointly, indicating that the backbone’s learned representations already carry the
relevant information – the refiner merely needs to model the residual dependencies
that independent sampling discards. Jointly training the VAR backbone yields
only minor further gains (FID 2.72) at greatly increased training cost, so we keep
the backbone frozen throughout.

Which Scales Benefit Most? Table 2c measures each scale’s contribution by
applying the refiner at all but one scale during sampling. The FID degradation
relative to full-refiner sampling quantifies how much joint modeling at that scale
matters for generation quality. The largest drops occur at the earliest scales.
This is notable, as the refiner’s computational cost is also lowest at these scales,
suggesting that selectively applying the refiner only at early scales could reduce
inference overhead with minimal quality loss (Sec. 5.2).

Collectively, these ablations confirm that the Logit Refiner’s gains stem from
restoring intra-scale dependencies, not from additional capacity or training, and
that the module is robust across architectural choices, with efficient add-on
training on a frozen pretrained backbone sufficient to capture significant gains.

5.2 Main Results

ImageNet Generation. We identify three recurring failure modes of VAR
that persist even at multi-billion parameter scales (Fig. 5-top): samples that
consist of class-relevant textures with little obvious structure (“texture soup”),
images with multiple inconsistent, often merged instances of the target class,
and samples with locally inconsistent structure. All three stem from the lack
of spatial coordination inherent in independent within-scale sampling (Sec. 3).



Logit Refiner 11

Table 3: System-level Comparison on class-conditional ImageNet-2562 across
discrete-token scale-wise autoregressive models. Within each backbone scale, VAR +
Refiner achieves the best FID, improving by 0.16 to 0.49 over VAR with only ∼10%
additional parameters. See Supp. Sec. B for additional models & evals w/o CFG.

Method Params FID↓ IS↑ Prec↑ Rec↑

MVAR-d16 [88] 310M 3.09 285.5 0.85 0.51
M-VAR-d16 [59] 464M 3.07 294.6 0.84 0.53
HMAR-d16 [31] 465M 3.01 288.6 0.84 0.55
VAR-d16 [73] 310M 3.30 274.4 0.84 0.51
+ Refiner (Ours) 356M 2.81▼0.49 267.2 0.81 0.56

HART-d20 [69] 649M 2.39 316.4 – –
MVAR-d20 [88] 600M 2.87 295.3 0.86 0.52
M-VAR-d20 [59] 900M 2.41 308.4 0.85 0.58
HMAR-d20 [31] 840M 2.50 319.0 0.85 0.57
VAR-d20 [73] 600M 2.57 302.6 0.83 0.56
+ Refiner (Ours) 671M 2.17▼0.40 274.7 0.80 0.60

ImageNet Validation – 1.78 – – –

Method Params FID↓ IS↑ Prec↑ Rec↑

HART-d24 [69] 1.0B 2.00 331.5 – –
FastVAR-d24 [23] 1.0B 2.64 287.4 0.80 0.58
MVAR-d24 [88] 1.0B 2.23 300.1 0.86 0.52
M-VAR-d24 [59] 1.5B 1.93 320.7 0.83 0.59
HMAR [31] 1.3B 2.10 319.0 0.83 0.60
VAR-d24 [73] 1.0B 2.09 312.9 0.83 0.57
+ Refiner (Ours) 1.1B 1.83▼0.26 288.2 0.79 0.63

HART-d30 [69] 2.0B 1.77 330.3 – –
FastVAR-d30 [23] 2.0B 2.30 288.7 0.81 0.59
VAR-CoDe-d30 [13] 2.3B 1.94 296 0.81 0.60
HMAR [31] 2.4B 1.95 334.5 0.82 0.62
VAR-d30 [73] 2.0B 1.92 323.1 0.82 0.58
+ Refiner (Ours) 2.2B 1.76▼0.16 319.4 0.80 0.62

M-VAR-d32 [59] 3.0B 1.78 331.2 0.83 0.61

260 280 300 320
IS ( )

2.75

3.00

3.25

FI
D 

(
)

    (267, 2.81)
    (280, 2.87)

    (296, 3.06)

    (302, 3.12)

    (311, 3.24)

280 300 320
IS ( )

2.2

2.4

2.6

FI
D 

(
)

    (275, 2.17)     (286, 2.18)    (293, 2.18)

    (301, 2.24)

    (320, 2.40)

Fig. 6: FID-IS Improvement Tradeoff. By varying the classifier-free guidance scale,
the logit refiner can achieve improvements in both dimensions.

Adding our refiner enables the model to sample from the joint intra-scale token
distribution, directly addressing these failure modes (Fig. 5-bottom). We show
additional qualitative samples in Supp. Sec. C.2.

These qualitative gains are reflected in quantitative metrics. Table 3 compares
our Logit Refiner applied to VAR across scales and with a broad range of
scale-wise autoregressive methods. Reference results for other generative model
families are reported in the extended comparison (Supp. Tab. B.4). Across all
model scales, the refiner consistently improves FID by a significant margin (0.16
to 0.49), while only adding ∼10% additional parameters. VAR-d24 + Refiner
(1.1B params total) even exceeds VAR-d30 (2B params) by a significant margin,
obtaining a stronger model at roughly half the size. Beyond FID, the refiner also
consistently improves recall by 0.04 to 0.06 across all backbone scales, indicating
that restoring intra-scale dependencies recovers sample diversity rather than
trading it away. The small accompanying decrease in Inception Score follows
from the lower CFG scales that are FID-optimal for the refiner, not from reduced
sample quality – by varying the guidance scale, improvements in FID and/or IS
over the baseline can be traded off (see Fig. 6). We also compare in a CFG-free
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VAR
+Refiner

VAR Scale

Fig. 7: Qualitative Scaling Behavior. Paired samples (same class, seed) across
backbone scales (VAR-{16, 20, 24, 30}). Top rows: vanilla VAR improves visual fidelity
and class consistency with scale, but spatial consistency problems persist at every size.
Bottom rows: adding our refiner resolves these artifacts across all scales.

setting in Supp. Tab. B.5, where the logit refiner also consistently outperforms
the baseline. Compared with other VAR variants that address orthogonal aspects,
the basic VAR model with our refiner achieves the best generative performance
within each model scale. Our approach does not utilize any of the improvements
introduced by these methods, which may lead to further gains in combination.
These directions are left for future work.

Scaling Behavior. Figure 7 investigates how the Logit Refiner interacts with
backbone scale. Qualitatively, (Fig. 7), spatial consistency problems persist across
all vanilla VAR scales, even as visual fidelity improves with model size. The
refiner resolves these artifacts at every scale, confirming that the underlying
issue is the mean-field-style sampling rule rather than insufficient model capacity.
Quantitatively (Fig. 1b), the refiner shifts the FID scaling curve downward
across all backbone sizes without altering the overall scaling trend, reflecting the
qualitative scaling findings, and demonstrating that correcting the mean-field-
style approximation can be more parameter-efficient than scaling the backbone.

Training and Inference Efficiency. The Logit Refiner corrects a sampling-
time approximation, modeling residual dependencies between tokens within each
scale. This suggests that a refiner trained on a frozen backbone should already
capture most of the achievable gains, since the marginals are correct and only the
dependencies are missing. Our results confirm this: adding a refiner to a frozen
backbone improves the FID from 3.30 to 2.81 with only 66 H200-h of additional
training compute. Training the full model with an integrated refiner from scratch
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Fig. 8: Quality/Efficiency Tradeoff. (a) For VAR-d16, applying the refiner only at
the first k scales (Tab. 2c) traverses the quality/efficiency tradeoff. (b) The same effect
across backbone scales (d{16,20,24,30}) and batch-size regimes. Left: latency-optimized
regime (batch size 1, the worst case for the refiner); Right: typical regime (batch size 16).
At batch size 16, the refiner Pareto-dominates the baseline at every scale; at batch size
1, it adds intermediate operating points at low depths and dominates from d24/d30.

yields a stronger FID of 2.57, but requires 1,845 H200-h – 28× more compute for
the remaining third of improvement. Jointly finetuning the backbone occupies a
middle ground (FID 2.72, 127 H200-h). The dominant effect is thus the correction
of the mean-field-style factorization itself, achievable as a lightweight post-hoc
addition to any pretrained VAR model without retraining the backbone.

During inference, the refiner introduces sequential within-scale sampling, but
the cost is modest. The expensive backbone forward pass remains fully parallel:
for each scale k, the backbone computes all hidden states h

(k) in a single pass.
Only the lightweight refiner blocks (dr = 2 blocks vs. d ∈ [16, 30] backbone blocks)
run sequentially, and we employ KV caching to avoid redundant computations
across tokens within a scale.

The relative overhead remains modest across backbone sizes and batch sizes
(Fig. 8b), since the expensive backbone still runs once per scale in parallel and
only the two-layer refiner is sequential – the refiner does not turn VAR into a fully
token-wise autoregressive model. At a typical batch size, the refiner improves
the quality/efficiency Pareto frontier over vanilla VAR at every backbone scale;
in the latency-optimized single-sample regime, it adds finer-grained operating
points and dominates the baseline from VAR-d24 onward.

Moreover, the scales ablation (Tab. 2c) shows that the refiner’s quality gains
concentrate at early scales, which contain the fewest tokens. For VAR-d16, this
enables a practical trade-off (Fig. 8a): applying the refiner only at the first few
scales can substantially reduce the sequential sampling cost while retaining most
of the quality improvement. Concretely, applying the refiner on scales up to
82/102 reduces the refiner overhead by 84%/71% while retaining 88%/99% of
the full FID improvement, respectively.

Scaling to T2I. To validate that the Logit Refiner generalizes beyond class-
conditional ImageNet, we apply it to Infinity [24], a scaled VAR variant for
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The image shows a glass mug of tea sitting on a 
glossy, brown surface. The background is a 

gradient, transitioning from a light brown [...]

The image portrays a fantastical, cosmic 
landscape, blending elements of space and nature. 

In the upper part, a large, textured planet [...]

The image presents a pair of Nike Dunk 
sneakers set against a bright, somewhat blurred 

background. The shoes are predominantly [...]

This is a bright and airy bedroom decorated with 
a soft, muted color palette. The walls are [...]

Infinity-2B
+Refiner

Fig. 9: Qualitative Text-to-Image Results. We show results from Infinity-2B [24]
at 10242 resolution without (top) and with our refiner (bottom). As in the ImageNet
class-conditional case, our Logit Refiner improves spatial coherence (inconsistencies in
original images marked in orange) of the generated images.

Table 4: Quantitative T2I Results on HPSv3 [44]. We evaluate automated
preference scores (higher is better) for samples generated with and without our Logit
Refiner. It improves spatial consistency in generated images, reflected in better scores.
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Infinity-2B [24] 9.57 10.03 9.81 11.10 9.41 10.57 9.08 10.13 10.14 9.61 8.57 9.48 9.79
+ Refiner (dr = 2) 9.53 10.20 10.02 11.29 9.68 10.73 9.04 10.18 10.14 9.85 8.50 9.72 9.91

text-to-image synthesis. We train the refiner on Infinity’s backbone following
a similar setup as for VAR (frozen backbone, dr = 2, 100k steps at batch
size 768; ∼640 H200-h train time – orders of magnitude less than the base
model’s pretraining time) on images and captions from FLUX-6M [19]. Following
the findings from the previous paragraph, we apply the refiner selectively to
the first several stages (up to resolution 62). Qualitatively (Fig. 9; see also
Supp. Sec. C.1 for additional examples), the refiner yields the same types of
improvements observed on ImageNet: improved structural coherence and reduced
texture inconsistencies. These improvements are also reflected in quantitative
evaluations: the refiner improves HPSv3 [44] scores from 9.79 to 9.91 (see Tab. 4),
confirming that the benefits of restoring intra-scale dependencies transfer to
open-vocabulary text-to-image generation.
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6 Conclusion

Scale-wise visual autoregressive generation has a fundamental limitation: parallel
within-scale decoding constitutes a mean-field-style approximation that discards
spatial dependencies among tokens, causing locally incoherent samples regardless
of backbone capacity or training duration. The Logit Refiner addresses this by
restoring intra-scale dependencies through a lightweight autoregressive module
that operates on parallel backbone features, adding only ∼10% parameters and
requiring less than 5% of the base model’s training compute. Across a large range
of backbone sizes and both class- and text-conditional generation, the refiner
consistently improves generation quality by a wide margin. Controlled ablations
isolate joint intra-scale sampling rather than additional capacity or training as
the critical ingredient.

Limitations and Future Work. Autoregressive within-scale sampling intro-
duces sequential computation at each scale. While applying the refiner selectively
at early scales retains the vast majority of quality gains at a fraction of the
cost, the overhead is not fully eliminated. More broadly, our results suggest
that when parallel decoding introduces mean-field-style assumptions, lightweight
autoregressive correction can restore the discarded dependencies at minimal cost
– a potentially general principle that shows promise for applications in parallel
generative architectures [e.g. 8, 37]. Combining the refiner with orthogonal VAR
improvements [e.g. 59, 69, 88] and exploring non-autoregressive approaches to
within-scale sampling are further promising directions.
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Supplementary Material

A Implementation Details

Training Hyperparameters. We show relevant hyperparameters for all trained
model variations in Supp. Table A.1. Optimizer settings have been directly taken
from VAR, with the exception of a reduced learning rate (result of a sweep;
we find that the learning rate does not meaningfully influence the FID once
converged for our base configuration, with more than double and less than half
the learning rate resulting in similar sample metrics) and a linear warmup +
cosine decay schedule. For all VAR models, we train for 40 epochs. All variants
are converged by that time. For Infinity [24], we train for 200k steps.

Table A.1: Hyperparameters.

Variant Ablations Main Results Text-to-Image

Dataset ImageNet-2562 ImageNet-2562 FLUX-6M [19]

Base Model VAR-d16 [73] VAR-d{16,20,24,30} [73] Infinity-2B [24]
Base Model Depth d 16 {16,20,24,30} 32
Base Model Width 1024 {1024,1280,1536,1920} 2048

Refiner Depth dr {0, 1, 2, 4, 8} 2 2
Refiner Width 1024 (matching base) matching base 2048 (matching base)
Trainable Parameters {8M,27M,46M,84M,160M} varying 193M

Batch Size 768 768 if d < 30, else 1024 768
Training Duration 30 epochs 30 epochs 200k steps

Precision fp16 MP fp16 MP bf16 MP
Training Hardware 8 H200 8-32 H200 64 H200

Optimizer AdamW [42] AdamW [42] AdamW [42]
Base LR (LR = LRbase ·BS/256) 2.5 · 10−5 2.5 · 10−5 2.5 · 10−5

Learning Rate Warmup 2% of training from 0.5% of peak 2% of training from 0.5% of peak 2% of training from 0.5% of peak
Learning Rate Schedule linear linear linear
Betas (β1, β2) (0.9, 0.95) (0.9, 0.95) (0.9, 0.95)
Weight Decay 0.05 0.05; d30: scheduled following VAR [73] 0.01

Inference Hyperparameters. We observe that, like with most other image
generation models, final performance of VAR + Logit Refiner as measured by FID
varies with inference hyperparameters, whose optimal values vary with base model
size. We therefore sweep both top-k and CFG [27] scales individually w.r.t. FID.
Over CFG, results are generally smooth (i.e., straightforward to sweep, typically
close to convex). Supp. Figure A.1 shows the result of our hyperparameter search,
where we sweep the CFG scale in increments of 0.1 and k in increments of 100
around the optimum. FID [25] is computed on 50k samples with class-balanced
sampling following the baseline VAR [73]. The optimal params we found are
listed in Supp. Tab. A.2.

Evaluation Details. For our VAR-d16+2 refiner, we try training with different
random seeds to estimate confidence intervals for our results. Across four training
runs, we obtain the following FIDs: 2.77, 2.80, 2.81, 2.83, resulting in a sample
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Table A.2: Inference Hyperparameters. Used for quantitative evaluations. Param-
eters for Infinity-2B directly mirror those of the base model.

Base Model VAR-d16 VAR-d20 VAR-d24 VAR-d30 Infinity-2B

CFG w 1.8 1.5 1.5 1.9 3.0
Top-k 1100 900 800 500 900
Top-p – – – – 0.97
τ – – – – 0.5

1.5 2.0
w

2.8

3.0

3.2

3.4

FI
D

VAR-d16
k = 1000
k = 1100
k = 1200

1.2 1.4 1.6 1.8
w

2.2

2.4

2.6

FI
D

VAR-d20
k = 800
k = 900
k = 1000

1.0 1.5 2.0
w

1.9

2.0

2.1

FI
D

VAR-d24
k = 600
k = 700
k = 800

1.50 1.75 2.00
w

1.75

1.80

1.85

1.90

1.95

FI
D

VAR-d30
k = 400
k = 500
k = 600

Fig.A.1: Inference Hyperparameter Exploration. The optimal classifier-free
guidance scale w and top-k threshold for VAR with our refiner vary across scales.

standard deviation of 0.025. This puts our gains compared to all baselines in
Tab. 3 to at least 8 standard deviations, indicating that the gains are statistically
significant. Across all runs, we do not choose specific checkpoints, but use the
same training setup, including seed. For HPSv3, we evaluate the first 50 prompts
per subset (600 images total), since sampling all images would be prohibitively
expensive.

Within-Scale Token Ordering. We generally use “sweep”/row-major token
ordering for the refiner. We explore whether this choice is relevant for final
performance by training refiners with five different intra-scale orderings in Supp.
Tab. A.3. Inference hparams are reused from original “sweep” order; per-order
tuning would likely close the small remaining differences. All tested orderings
retain the gain, showing that the improvement is not an artifact of raster scan.

B Additional Quantitative Evaluation Details

We show an extended version of Tab. 3 in Supp. Tab. B.4. In addition to the
major improvement in FID discussed in the main paper, we also observe a minor
decrease in IS and precision, and an increase in recall. We attribute the reduction
of IS values primarily to VAR with a refiner requiring lower CFG scales w for
optimal FID (higher guidance scales are generally associated with higher IS
values). Further, we show evaluations without classifier-free guidance in Supp.
Tab. B.5: gains with the refiner vs. the baseline persist, and are more pronounced
for large models than for small models.
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Table A.3: Influence of Intra-Scale Token Ordering. All orderings yield near-
identical gains.

Method VAR-d16 + Refiner (Ours)

Sampling
Order

parallel sweep (paper) col.-major alternate spiral in spiral out

FID (↓) 3.30 2.81▼0.49 2.83▼0.47 2.82▼0.48 2.83▼0.47 2.86▼0.44

Table B.4: Extended System-level Comparison on class-conditional ImageNet-
2562 (extending Tab. 3).

Method Params FID↓ IS↑ Prec↑ Rec↑

Scale-wise Autoregression [73]
MVAR-d16 [88] 310M 3.09 285.5 0.85 0.51
M-VAR-d16 [59] 464M 3.07 294.6 0.84 0.53
HMAR-d16 [31] 465M 3.01 288.6 0.84 0.55
VAR-d16 [73] 310M 3.30 274.4 0.84 0.51
+ Refiner (Ours) 356M 2.81▼0.49 267.2 0.81 0.56

HART-d20 [69] 649M 2.39 316.4 – –
MVAR-d20 [88] 600M 2.87 295.3 0.86 0.52
M-VAR-d20 [59] 900M 2.41 308.4 0.85 0.58
HMAR-d20 [31] 840M 2.50 319.0 0.85 0.57
VAR-d20 [73] 600M 2.57 302.6 0.83 0.56
+ Refiner (Ours) 671M 2.17▼0.40 274.7 0.80 0.60

HART-d24 [69] 1.0B 2.00 331.5 – –
FastVAR-d24 [23] 1.0B 2.64 287.4 0.80 0.58
MVAR-d24 [88] 1.0B 2.23 300.1 0.86 0.52
M-VAR-d24 [59] 1.5B 1.93 320.7 0.83 0.59
HMAR [31] 1.3B 2.10 319.0 0.83 0.60
VAR-d24 [73] 1.0B 2.09 312.9 0.83 0.57
+ Refiner (Ours) 1.1B 1.83▼0.26 288.2 0.79 0.63

HART-d30 [69] 2.0B 1.77 330.3 – –
FastVAR-d30 [23] 2.0B 2.30 288.7 0.81 0.59
VAR-CoDe-d30 [13] 2.3B 1.94 296 0.81 0.60
HMAR [31] 2.4B 1.95 334.5 0.82 0.62
VAR-d30 [73] 2.0B 1.92 323.1 0.82 0.58
+ Refiner (Ours) 2.2B 1.76▼0.16 319.4 0.80 0.62

M-VAR-d32 [59] 3.0B 1.78 331.2 0.83 0.61

Generative Adversarial Nets [20]
BigGAN-deep [6] 112M 6.95 202.6 0.87 0.28
StyleGAN-XL [63] 166M 2.30 265.1 0.78 0.53
Diffusion [26, 64]
ADM-G [17] 554M 4.59 186.7 0.82 0.52
LDM-4-G [60] 400M 3.60 247.6 – –
DiT-XL/2 [51] 675M 2.27 278.2 0.83 0.57
SiT-XL/2 [43] 675M 2.06 252.2 – –
JiT-G/16 [36] 2.0B 1.82 292.6 0.79 0.62
FlowAR [57] 1.9B 1.65 296.5 0.83 0.60
Raster Autoregression
VQGAN [18] 1.4B 15.78 74.3 – –
RQ-Transformer [33] 3.8B 7.55 134.0 0.73 0.58
LlamaGen-3B [65] 3.1B 2.18 263.3 0.81 0.58
RAR-XXL [87] 1.5B 1.48 326.0 0.80 0.63
Masked Autoregression
MAGE [35] 439M 7.04 123.5 – –
MaskGiT [8] 227M 6.18 182.1 0.80 0.51
MAR-H [37] 943M 1.55 303.7 0.81 0.62

ImageNet Validation – 1.78 – – –
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Table B.5: Extra Evaluations without CFG across Scales. Similar to the typical
inference setting with CFG (a), our refiner also enables significant gains in generative
quality without it (b).

FID (↓)
(a) CFG: ✓ (b) CFG: ✗

d16 d20 d24 d30 d16 d20 d24 d30

VAR 3.30 2.57 2.09 1.92 3.44 2.62 2.13 2.17
+ Refiner (Ours) 2.81▼0.49 2.17▼0.40 1.83▼0.26 1.76▼0.16 3.41▼0.03 2.40▼0.22 1.94▼0.19 1.88▼0.29

C Additional Qualitative Samples

C.1 Text-to-Image

We show additional comparisons between the base Infinity-2B [24] and our refiner
version in Supp. Figs. C.2 and C.3.

C.2 ImageNet

Supp. Figure C.4 shows additional results of VAR with and without our refiner
across different base model scales. Supp. Figures C.5 to C.10 show uncurated
ImageNet samples for various classes.



Logit Refiner 5

Baseline Ours

The image showcases a detailed and enchanting illustration of
a young woman, possibly a sketch in progress, set against a

light teal circular backdrop ...

The image features a young woman with a striking blend of modern
and traditional Japanese-inspired aesthetics. She is captured from the

chest up, with her gaze slightly averted to the right. ...

world of warcraft Malygos, the blue dragon aspect, cute tee shirt
design illustration, 4k

Fig. C.2: Selected Infinity-2B + refiner samples on HPSv3 [44] prompts.
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Baseline Ours

diamond trophy, 2d drawing

The whole universe enclosed in a glass globe, exquisite detail.

a cylindrical 25th century warp core in the style of "Star Trek"

Fig. C.3: Selected Infinity-2B + refiner samples on HPSv3 [44] prompts.
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Fig. C.4: Additional Selected Samples from VAR w/o refiner across different
scales. We use a classifier-free guidance scale 2.5 with topk=500 for sampling across
the scales.
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(a) Class: “macaw” (88) (b) Class: “Sulphur-crested cockatoo” (89)

Fig. C.5: Uncurated 256×256 VARd30 + refiner samples. Classifier-free guidance
scale = 2.5, topk = 500.
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(a) Class: “alp” (980) (b) Class: “volcano” (970)

Fig. C.6: Uncurated 256×256 VARd30 + refiner samples. Classifier-free guidance
scale = 2.5, topk = 500.
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(a) Class: “brown bear” (294) (b) Class: “giant panda” (388)

Fig. C.7: Uncurated 256×256 VARd30 + refiner samples. Classifier-free guidance
scale = 2.5, topk = 500.
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(a) Class: “triumphal arch” (873) (b) Class: “totem pole” (863)

Fig. C.8: Uncurated 256×256 VARd30 + refiner samples. Classifier-free guidance
scale = 2.5, topk = 500.
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(a) Class: “tabby” (281) (b) Class: “golden retriever” (207)

Fig. C.9: Uncurated 256×256 VARd30 + refiner samples. Classifier-free guidance
scale = 2.5, topk = 500.
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(a) Class: “electric locomotive” (547) (b) Class: “convertible” (511)

Fig. C.10: Uncurated 256×256 VARd30 + refiner samples. Classifier-free guidance
scale = 2.5, topk = 500.
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