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Abstract

Autoregressive (AR) models based on next-
scale prediction have emerged as a power-
ful tool for image generation, but they face
a critical weakness: information inconsisten-
cies between patches across timesteps intro-
duced by progressive resolution scaling. These
inconsistencies scatter guidance signals, caus-
ing them to drift away from salient regions
within the image and leaving behind am-
biguous, unfaithful features during sampling.
We tackle this challenge with Information-
Grounding Guidance (IGG), a novel framework
that anchors guidance to semantically important
tokens via an attention-based dynamic weight-
ing formulation, consequently ensuring that
guidance and semantic contents remain tightly
aligned. Across both class-conditioned and text-
to-image generation tasks, IGG delivers sharper,
more coherent, and semantically grounded im-
ages, demonstrating its efficacy for correct-
ing AR-based methods. Our code is available
at https://github.com/dnngky/info
ground-guidance.

1. Introduction

Autoregressive (AR) modelling (Chen et al., 2020; Esser
et al., 2021; Ramesh et al., 2021; Li et al., 2024b; Tian
etal., 2024; Zhang et al., 2024; Tang et al., 2025; Han et al.,
2025; Voronov et al., 2025) has established itself within the
field of image generation due to its ability to produce high-
quality outputs. AR models, at their core, sample image
patches from joint distributions of discrete tokens, allow-
ing generation of complex visual patterns.
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A notable advancement in AR modelling is the introduc-
tion of multi-scale tokenisation strategies (Tian et al., 2024;
Han et al., 2025; Voronov et al., 2025; Zhang et al., 2024;
Tang et al., 2025), which enable the models to capture fea-
tures from coarse to fine levels. This hierarchical approach
better aligns with the inherent multi-scale structure of nat-
ural images, allowing AR models to effectively model both
global structures and fine-grained details. Building on this
paradigm, Tian et al. (2024) redefined the autoregressive
process as “next-scale” prediction, diverging from “next-
token” prediction, which has long been the standard of AR
modelling. This methodology—henceforth referred to as
scale-wise AR (SwAR) modelling as per Voronov et al.
(2025); Ren et al. (2024)—is able to generalise features
across varying resolutions while effectively reducing the
computation of the sampling step, offering a competitive
alternative to diffusion-based approaches in terms of sam-
pling quality and time.

Regardless of modelling approaches, the sampling process
of generative models relies heavily on various guidance
techniques (Kynkédidnniemi et al., 2024; Hong et al., 2023;
Ho & Salimans, 2021; Dinh et al., 2023a;b; 2025; Kar-
ras et al., 2024a). In diffusion-based models, guidance is
widely utilised to improve image fidelity at the expense of
sample diversity, typically by modulating the denoising tra-
jectory with additional conditioning signals. This mecha-
nism has proven effective in improving visual quality and
semantic alignment, particularly in class-conditioned gen-
eration tasks. Inspired by the efficacy of diffusion-based
guidance, some techniques have been adopted for SWAR
modelling. Most notably, Tian et al. (2024) employed
classifier-free guidance (Ho & Salimans, 2021) on token
predictions (instead of noise and score predictions in dif-
fusion models). Nevertheless, despite impressive empirical
results, AR-based guidance is considerably less understood
compared to its diffusion-based counterpart. This gap is es-
pecially prominent given the fundamental differences be-
tween diffusion and AR models.

In light of this, this work is dedicated to investigating the
behaviour of AR-based guidance, with a focus on SWAR
modelling. In particular, our analysis reveals that guidance
in SWAR models is often misaligned, in stark contrast to
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guidance in diffusion models. From this key insight, we
propose IGG (Information-Grounding Guidance), a novel
guidance scheme designed to accentuate this behaviour,
which we posit improves the overall sampling quality of
SwAR models. In particular, IGG infers the semantical
importance of each token from its surrounding context and
applies guidance accordingly. To the best of our knowl-
edge, it is the first method specifically designed for SwWAR
modelling. We evaluate IGG on various generative tasks.
The results of these experiments consistently demonstrate
improvements over baselines, thereby validating both our
hypothesis and the efficacy of our method. Our contribu-
tions in this paper are:

1. Present a technical analysis on the dynamics of guid-
ance in diffusion and SWAR models, revealing that
guidance tends to be semantically misaligned in the
latter.

2. Propose IGG, a novel technique that adaptively con-
centrates guidance on semantically important tokens.

3. Demonstrate the effectiveness of IGG through exten-
sive experiments on class-conditioned generation and
text-to-image generation.

2. Related Work

Diffusion models. Concurrent to the development of AR-
based generative models, denoising diffusion models have
been receiving much attention for its impressive image gen-
eration capability (Rombach et al., 2022; Peebles & Xie,
2023; Karras et al., 2024b). At its core, diffusion-based
models learn how to make progressive denoising steps that
transform pure noise into the target image. To enhance the
quality of the generated samples at the trade-off of diver-
sity, diffusion models rely on guidance methods (see be-
low).

Autoregressive (AR) models. AR models have been
highly regarded for their success in language tasks. Prior
adaptations of these transformer-based architectures for
generative tasks Chen et al. (2020); Esser et al. (2021)
have been exploring the use of transformers to generate im-
age patches in a raster-scan order. Masked autoregressive
models Chang et al. (2022); Li et al. (2024b); Fan et al.
(2025) changed this generation behaviour by sampling im-
age patches in a random order at each step. More no-
tably, autoregressive models using the “next-scale predic-
tion” paradigm pioneered by Tian et al. (2024) have been
gaining attention for their competitive generation quality to
diffusion models.

Classifier-free guidance (CFG). Amongst the breadth of
guidance methods for generative modelling (Dhariwal &
Nichol, 2021; Ho & Salimans, 2021; Hong et al., 2023;

Dinh et al., 2023a;b; 2025; Kynk&ddnniemi et al., 2024; Kar-
ras et al., 2024a), CFG (Ho & Salimans, 2021) has re-
mained the de facto technique which has inspired many
modern variants in and beyond computer vision, most no-
tably NLP Li et al. (2025); Liao et al. (2025); Zhang et al.
(2025). At its core, CFG uses an unconditional model as
the distribution to steer the class-conditioned version away
from. This mechanism is inspired by classifier guidance
(Dhariwal & Nichol, 2021) which opts for an explicit clas-
sifier to guide the denoising process. Recent advancements
have seen the application of CFG to discrete diffusion and
flow models (Nisonoff et al., 2025; Schiff et al., 2025).
Given its demonstrated generalisability, CFG has also been
adapted to SWAR modelling (Tian et al., 2024) where its
efficacy has been empirically verified.

3. Background

Scale-wise autoregressive modelling. Given a vocabu-
lary V, a token map s is defined as a set of hjwy to-
kens {t11,t12, s th,w,} C V or, more intuitively, a
hi X wy, grid of tokens. In its general form, a SWAR model
constructs a series of token maps s := (s1,---,Sk) us-
ing an encoder, such that hx X wy matches the resolu-
tion of x. Then, a model is trained to predict s in an au-
toregressive manner, maximising the likelihood p(s|c) =
Hszl p(sk|s<k, ), where ¢ denotes the conditioning sig-
nal. Finally, a reconstruction of the original x is produced
from the predicted token maps using a decoder.

SwAR-based classifier-free guidance. The mechanism
of classifier-free guidance in SWAR modelling is analo-
gous to diffusion-based modelling, with the only exception
in what is being guided (token predictions, in contrast to
noise/score predictions). In particular, guidance is applied
on each inference step by interpolating between the out-
puts of the unconditioned model py(-) and its conditioned
counterpart pg(-|¢), which may be expressed as

Po(sklc) = (1 4+ &) po(sklc) — vk po(sk), (1)

where v € R is the guidance scale. Following guidance,
sampling can be performed on py(sg|c) to obtain the final
prediction §, € V" X%k Interestingly, while the origi-
nal diffusion-based implementation (Ho & Salimans, 2021)
fixes the guidance scales y; = --- = 7k, it is possible to
generalise it to a guidance schedule. For example, Tian
et al. (2024) defined the schedule v = w - k/(K — 1),
where w € R is a hyperparameter, to gradually accentuate
guidance throughout inference.

4. Analysing the Behaviour of CFG

This section aims to elucidate the key behaviours of CFG
and differences between the guidance dynamics of diffu-
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sion modelling as opposed to AR modelling, thereby shed-
ding some light on the gap in performance between these
two approaches in practice. We begin by offering an al-
ternative perspective to the conventional interpretation of
CFG as interpolating between unconditioned and condi-
tioned predictions:

Po(sklc) = po(sk) + v (po(sklc) — pa(sk)) -

Py (skle)

2

Equation 2 becomes equivalent to Equation 1 by setting
Yk := 1 4+ 7v%. Under this formulation, CFG can be seen as
“nudging” the unconditioned predictions towards the con-
ditioned predictions. Indeed, this is consistent with the re-
mark of the authors of the original implementation of CFG
(Ho & Salimans, 2021). For ease of notations, we hence-
forth use p,”(-|c) to denote the guidance signals charac-
terising these “nudges”. A visualisation of these guidance
signals is depicted in Figure 2.

Guidance does not treat tokens equally. To validate our
first hypothesis, we used Pielou’s evenness index (Pielou,
1966)—or the normalised Shannon entropy—to evaluate
the evenness of the guidance distribution associated with
each token map,

H(py (sk]c))
ln(hkwk)

where H denotes Shannon entropy. Note that PEI(:) €
[0, 1], where a greater value indicates a more even distri-
bution. In our evaluation, for each image, we compute
PEI(sg|c) for every sampling step k (although k& = 1 is
omitted for SWAR models because it makes little sense
to evaluate a distribution comprising a single value). The
overall PEI score for an image is computed as the weighted
mean where each sampling step is weighted by its corre-
sponding output resolution (see Figure 1 for a visual il-
lustration). For diffusion models, since the output res-
olution is constant throughout the sampling process, the
weighted mean reduces to the unweighted mean. Compre-
hensive comparison between a representative model from
each paradigm, reported in Table 1, reveals that diffusion
modelling exhibits highly uneven guidance signals while
SwAR modelling remains lacklustre.

PEI(sk|c) = 3)

Guidance prioritises semantically important tokens.
Let sy, C s denote the set of foreground tokens represent-
ing semantically important regions of the generated image
at an arbitrary scale. To evaluate whether guidance signals
preferentially target these regions, we contrast the guided
distribution p := p,” (s|c) with the synthetic unguided dis-
tribution ¢ := p,’(s*|c), where s* is sampled from the
background set s, = s\ sy,. We quantify the divergence
between p and ¢ using the Jensen-Shannon distance:

ISD(p.q) = \/ $KL(p || m) + IKL(g | m). (&)

Table 1. Comparison of the evenness (Evn, Equation 3) and di-
vergence (Div, Equation 4) of guidance in EDM2 (Karras et al.,
2024b) and VAR (Tian et al., 2024). Results are averaged scores
obtained through ImageNet 512 x 512 class-conditioned genera-
tion. Our method closes the gap between SWAR and diffusion
models.

Model Evn (}) Div (1)
EDM2-S 0.486 0.983
EDM2-XXL 0.560  0.964
VAR-d36-CFG 0.741 0.623
VAR-d36-1GG 0.665 0.751

where m = $(p + q) represents the mixture distribution.
Higher values of JSD(p,¢q) € [0, 1] indicate a more pro-
nounced semantic bias within the guidance signals. For our
experiments, sy, is identified via automatic segmentation
(e.g., using YOLOvI11 (Khanam & Hussain, 2024)), with
the full procedure detailed in Appendix A. Results in Ta-
ble 1 demonstrate significant divergence in diffusion mod-
els, whereas the SWAR model exhibits minimal separation,
suggesting a lack of semantic prioritization.

Guidance is misaligned in SWAR models. In addi-
tion to the above quantitative evaluations, we also quali-
tatively compared the guidance dynamics of the two gen-
erative modelling paradigms. Visualisation of sampled
images from SwAR model revealed numerous instances
where guidance signals became progressively dispersed at
increasing scale levels, leading to adversarial features in
generated images. On the other hand, the diffusion model
exhibits guidance signals that are consistently sharp and
aligned to semantically important tokens (Figure 1).

5. Information-Grounding Guidance

Building on the observations in Section 4, we hypothe-
sise that the potential of CFG has not been fully utilised
in SWAR models. In SWAR models, guidance signals of-
ten weakens progressively with each sampling step, mak-
ing it disadvantageous to directly apply guidance strategies
deployed in diffusion models, as illustrated in Figure 1.
This gap can be narrowed by tuning the guidance signals of
AR models so that they more closely align with the even-
ness and divergence patterns observed in diffusion models.
Such an effect could be achieved through alternative guid-
ance methods that selectively emphasise certain important
regions or foreground features of the image.

In light of this, we introduce a new guidance framework
based on the key observation from Section 4 that not all
tokens should be equally guided. As alluded to in the pre-
vious paragraph, our method needs to identify semantically
important features at inference time and amplify their cor-
responding guidance signals. To this end, our framework is
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Figure 1. Distribution of guidance throughout the sampling process of EDM2 (Karras et al., 2024b) (top) and VAR (Tian et al., 2024)
(bottom) on ImageNet 512 x 512 class-conditioned generation (class: sports car). For the sake of comparison, the original number
of sampling steps of EDM2 (32 steps) has been modified to match VAR. Sampling steps are respectively labelled with their evenness
and divergence scores, with opaqueness corresponding to relative contributions to the weighted mean score. While EDM2 exhibits
guidance signals that are sharp and consistently aligned to foreground objects, VAR exhibits guidance signals that are poorly
aligned and becomes progressively fainter. Additional examples can be found in Appendix B, and a visualisation of guidance in

0.763 0.343 0.912 0.332

EDM2 across the full 32 sampling steps in Appendix D.
defined as

Po(sklc) = po(sk) + fr(sklc) - pg (sklc),  (5)

where fj, : VPeXwe — RPEXWE g a function that assigns
a (possibly unique) weight to each token in sj (according
to their relative importance). Accordingly, this framework
subsumes CFG as a special case where fi(s;|c) = Y.

To realise f, we observe that tokens representing the same
region tend to carry similar values, and a token surrounded
by other salient tokens should itself be considered impor-
tant. This naturally leads us to the attention mechanism,
which is well-suited for capturing such contextual relation-
ships. Prior work has demonstrated that attention is highly
effective for selecting informative tokens across diverse
vision tasks—including classification Ryoo et al. (2021),
captioning You et al. (2016), and in-painting Liu et al.
(2019). In particular, Ryoo et al. (2021) showed that pair-
wise attention can automatically highlight critical visual to-
kens while maintaining efficiency comparable to state-of-
the-art methods. In our framework, however, it is more ap-
propriate to apply attention not to the tokens themselves but
to the guidance signals p,”(-|c), since these directly steer
the sampling process. Accordingly, we implement fj as a
self-attention operation over these guidance signals:

fr(sk]c) = 7k - softmax <p‘?(skc)[p‘?(8k|c)]T> . (6)

VIV

Note that the guidance scale v is retained to facilitate guid-
ance tuning on a global level. Plugging Equation 6 into

Equation 5 yields our proposed guidance scheme, which
we term Information-Grounding Guidance (1GG).

6. Experimental Results

This section presents extensive evaluations of IGG and
quantitative analysis on the metrics proposed in Sec-
tion 4. For class-conditioned image generation, we sam-
pled 50,000 images across 1,000 classes provided by Im-
ageNet (Deng et al., 2009). For text-to-image generation,
we conducted experiments on three prompt sets—MJHQ,
MS-COCO, and GenEval—sampling 1 image per prompt
for the first two set and 4 images per prompt for the last set.

6.1. Class-Conditioned Image Generation

Quantitative results. To assess the scalability of IGG,
we apply it to guide the generation of both 256 x 256 and
512 x 512 images, with VAR Tian et al. (2024) as the back-
bone model. To further evaluate its off-the-shelf practical-
ity, we directly used pre-trained models provided by the au-
thors on HuggingFace'. Our results in Table 2 demonstrate
that IGG consistently outperforms CFG on VAR and nu-
merous diffusion models in terms of both FID and IS. Fur-
thermore, we observe that the superiority of IGG is more
pronounced for 512 x 512 image generation. We attribute
this phenomenon to the notion that VAR-d36 is required to
predict larger token maps and, consequently, leaves more

Uhttps://huggingface.co/FoundationVision/var.
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Table 2. Comparison of IGG against guidance techniques on Im-
ageNet class-conditioned generation task using representative dif-
fusion (Dhariwal & Nichol, 2021; Rombach et al., 2022; Peebles
& Xie, 2023) and SWAR models (Tian et al., 2024). Included
guidance methods include classifier guidance (CLSG, Dhariwal
& Nichol (2021)), entropy-driven sampling (EDS, Zheng et al.
(2022)), PixelAsParam (PXP, Dinh et al. (2023a)), classifier-free
guidance (CFG, Ho & Salimans (2021)), progressive guidance
(PROG, Dinh et al. (2023b)), and representative guidance (REPG,
Dinh et al. (2025)). Wherever possible, we report the guidance
schedule scale w (see Section 3). Note that all models but VAR
used a fixed guidance schedule. 1/] indicates that higher/lower is
better. Best results for each resolution are bolded. Our method
enhances the performance of VAR.

Resolution ~ Model ~ Guidance ‘ FID (}) IS(1) Pre(t) Rec ()
CLSG (w=1.00) | 459 18670 0.82 052
EDS 409 22157  0.83 0.50
PXP 400 21611 081 0.53
ADM - (pg 376 19131 077 053
PROG 381 22209 077 053
REPG 334 23326 085 0.52
236x236 DM CFG(w=150) | 360 24667 087 048
CFG (w=1.50) | 227 27824 083 0.57
DiT-XL/2 PROG 225 27936 082 058
REPG 217 26842 080  0.60
.. CFG (w=1.75) 193 31564 082 059
VAR-A30 166 (w=1.85) 192 32128 082 059
ADM  CLSG | 772 17271 087 042
DiT-XL/2 CF 3.04 24082 0.84 54
Siaxsy DITXL2  CFG | 30 082 0.8 0.5
CFG (w=1.50) | 261 2937 082 056
VAR-A36 166G (1w=2.10) 256 3143 082 057

room for improvement regarding the task of concentrating
on semantically important tokens.

Qualitative results. We perform side-by-side visual com-
parisons between CFG and our method similar to our anal-
ysis in Section 4. Figure 2 depicts a representative com-
parison (additional examples can be found in Appendix C).
In numerous cases, IGG gathers guidance signals towards
semantically important tokens and forms contours clearly
resembling the corresponding foreground objects, mimick-
ing the patterns of CFG in diffusion modelling (Figure 1).
This finding, along with the improvement of our method
over CFG, further reinforces the notion that the superiority
of diffusion models can be explained by the insights pre-
sented in Section 4.

6.2. Text-to-Image Generation

Quantitative results. To test the effectiveness of IGG on
SwAR models for text-to-image tasks, we compare IGG
against CFG on the MJHQ (Li et al., 2024a), MS-COCO
(Lin et al., 2014), and GenEval (Ghosh et al., 2023) bench-
marks. Two recent SWAR backbones, VAR-CLIP (Zhang
et al., 2024) and Switti (Voronov et al., 2025), were con-
sidered for IGG, while we also include baselines for other
popular backbones (SDXL (Podell et al., 2024), LlamaGen
(Sun et al., 2024), and HART (Tang et al., 2025)) for ease
of comparison. The metrics to compare were GenEval,
FID, CLIP, PickScore (Kirstain et al., 2023), and ImageRe-

ward (IR) (Xu et al., 2023). As shown in Table 3, IGG
helps Switti to achieve significant improvement on differ-
ent metrics, especially Geneval and FID. These improve-
ments translate to stronger complex prompt modelling ca-
pacity and arguably enhance image quality, as shown in the
GenEval breakdown in Table 4. Specifically, significant
performance gains were observed in Two-object or Colour
attribution scenarios. The reasoning for these improve-
ments is similar to class-conditioned generation, since the
misalignment property is relaxed, images generated under
IGG receive more guidance on semantically important re-
gions without introducing more text-conditioned artefacts
in less important regions.

Qualitative results Sample generations from Switti were
shown in Figure 3 for comparison between the three guid-
ance schemes: No guidance, CFG, and IGG. Observing
the samples, we see that IGG achieves the best generation
overall. With the no guidance scheme, due to receiving less
text conditioning, the generation became too simple, with
incomplete or prompt-disobedient objects. For CFG, while
the objects were more complex, each patch receiving equal
text-conditioning introduces artefacts to the generations.
IGG, on the other hand, alternating guidance in regions
of the image, resulted in less artefact-prone, more prompt-
following and complex generations. This behaviour fol-
lows what we observed in the quantitative results, affirming
the efficacy of our method.

6.3. Computational Cost

Table 5 shows a comparison between IGG and CFG in
terms of inference time and training GFLOP count. The
results indicate that, compared to CFG, IGG incurs neg-
ligible computational overhead, which is expected since
IGG solely introduces an additional dot-product attention
operation at each scale.

6.4. Metric Analysis

Guidance scale vs. evenness and divergence. To better
understand the dynamics between guidance weight w and
the evenness and divergence metrics detailed in Section 4,
we computed these metrics over an extensive range of guid-
ance weights on VAR-d30-IGG. However, we note that
there is an inherent correlation between each metric with w
since the nudges they evaluate include the guidance scales
% (see Equation 2), whose values depend on w by design.
Thus, to disassociate these metrics, we scaled them by a
factor corresponding to the (reciprocal of the) respective
guidance scales applied. Both the original scores (dashed
lines) and scaled scores (solid lines) were plotted in Fig-
ure 4 (left). Interestingly, evenness and divergence exhibit
a similar trend: they improve with increasing w, at a de-
caying rate proportional to w. Notably, these two scores
meet at w = 1.35 (black line). Evaluating VAR-d30-1GG
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Figure 2. Comparison between CFG (top) and IGG(bottom) on ImageNet 512 x 512 class-conditioned generation (class: cock), with
VAR (Tian et al., 2024) as the backbone model. Each column corresponds to a sampling step. Each heat map depicts the distribution

of guidance on tokens at the respective sampling step, ranging from purple (weak guidance) to

(strong guidance). Blue and

red scores indicate the evenness and divergence at each step, where 1/]. indicates that higher/lower is better (see Section 4 for further
detail). Our method improves upon classifier-free guidance by concentrating guidance towards regions of foreground objects.
Consequently, the hen in the IGG picture forms its face and body texture sooner, resulting in higher quality and fewer artefacts.

Table 3. Comparison of IGG against CFG on various text-to-image benchmarks using VAR-CLIP and Switti. Popular baselines using
CFG are also included.1/ indicates that higher/lower is better. Best results for each resolution are bolded. Our method demonstrates

strong overall performance across all benchmarks.

Resolution Model Guidance GenEval MJHQ-30K COCO-30K
Overall (1) | FID (}) CLIP (1) PickScore (1) IR (1) | FID (}) CLIP (1) PickScore (1) IR (1)
CFG 0.22 32.95 0.184 0.177 -1.78 10.95 0.264 0.198 -0.87
256x256  VAR-CLIP 1GG ‘ 0.23 ‘ 32.27 0.221 0.180 -1.58 ‘ 10.93 0.264 0.198 -0.89
SDXL CFG ‘ 0.55 ‘ 7.60 0.384 0.217 0.78 ‘ 14.40 0.360 0.226 0.77
LlamaGen CFG ‘ 0.32 ‘ 26.90 0.288 0.194 -0.45 ‘ 44.80 0.274 0.208 -0.25
SI2X312° HART  CFG | 055 | 580 0366 0216 0.84 | 2090  0.341 0.223 0.75
Switti CFG 0.62 9.50 0.388 0.221 1.15 17.60 0.355 0.228 0.93
1GG 0.64 7.09 0.389 0.220 1.14 16.90 0.357 0.228 0.97
Table 4. Full evaluation breakdown of GenEval results. Best re- Table 5. Inference time and GLOP count comparison. Our

sults for each model are bolded. Our method improves prompt
modelling capabilities.

method incurs negligible compute to the generation pipeline
compared to CFG.

Model Guidance | Single-object Two-object Counting Colours Position  Colour attribution
CFG 0.694 0.068 0.113 0.431 0.003 0.003
VARCLIP 166 0716 0078 0094 0452 0.008 0.005
Switti CFG 0.997 0.753 0.556 0.883 0.113 0.398
it 1GG 1.000 0.808 0.609 0888 0123 0.430

at this guidance weight yielded an FID of ~ 1.98, which
is not too far off the optimal FID obtained at w = 1.85
(grey line). This result demonstrates the potential of even-
ness and divergence to approximate the optimal guidance
weight to apply to a model, which could significantly alle-
viate the labour of hyperparameter tuning for large models.

Evenness and divergence vs. FID. We further investigated
the relationship between the proposed metrics and FID, as
depicted in Figure 4 (centre). The striking similarity be-

Model Guidance ‘ Inference time (per image) GFLOPs (per image)
CFG ‘ 0.1391 259.93

VAR-d30 1GG 0.1408 (+0.0017) 259.93 (+0.00)
CFG ‘ 0.7009 311.12

VAR-d36 1GG 0.7103 (+0.0004) 311.12 (+0.00)

tween the (scaled) scores is once again clearly reflected. In
particular, they both exhibit a remarkably sharp FID curve
under varying conditions. The optimal FID is attained at
almost-equal evenness and divergence (within 0.06 away).
This strongly indicates a close underlying connection be-
tween evenness-divergence equilibrium and FID optimal-
ity, providing further support for the ability of these two
metrics to approximate the optimal guidance weight.
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Figure 3. Example 1024 x 1024 generations of Switti under three guidance schemes: no guidance, CFG, and IGG (ours). Without
IGG, CFG or vanilla sampling of Switti has higher chance of generating failure features, around one in four samples.
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Figure 4. Analysing the relationships between various metric scores attained by VAR-d30-IGG. From left to right: effect of changing
guidance scales on reported evenness and divergence scores, where dashed and solid lines depict raw and scaled scores, respectively;
correspondence between FID and scaled evenness and divergence scores; and FID-IS trade-off curve.

Table 6. Ablation study on VAR-d30-1GG. Each row (except the
first row) presents the results of a single modification to the orig-
inal implementation (first row). 1/] indicates that higher/lower is
better. Best results are bolded.

Description FID(}) IS(f) Pre(t) Rec(t) Evn(l) Div(})
Vanilla (no changes) 1.92 321.2 0.82 0.59 0.646 0.757
Mixed scheme (wigg=wcrg=0.75) 5.48 415.6 0.88 0.48 0.492 0.827
Fixed schedule (v;=1.85) 4.29 359.5 0.87 0.50 0.727 0.684
Sliding window (wy=v/hwy) 1.92 3215 0.82 0.60 0.608 0.759

FID vs. IS. Figure 4 (right) depicts the trade-off between
sample diversity (IS) and fidelity (FID) of our method
compared to CFG. As IS increases, both methods ini-
tially achieve lower FID, but beyond IS of ~ 320, fur-
ther increases in diversity come at the cost of worsening
fidelity, suggesting a natural limit to the achievable bal-
ance. Notably, within the proximity of the optimal trade-
off, our method consistently outperforms CFG. Overall,
the curve underscores that our method provides a slightly
more favourable balance between diversity and realism. As
suggested in Table 2, we expect this advantage to increase
with model scale.

6.5. Ablation Study

Mixed guidance schemes. We investigated the potential
of mixing (vanilla) CFG and IGG. In this experiment, we
fixed an equal guidance weight w of 0.75 for both the CFG
and IGG components. Although the resulting model was
able to improve upon evenness and divergence, it fell short
in terms of FID. This discrepancy emphasises the impor-
tance of achieving an equilibrium between evenness and
divergence as opposed to arbitrarily improving them inde-
pendently, as revealed in Section 6.4. It also, once again,
calls for further investigation on the reason why mixing
guidance schemes works so well in diffusion modelling.

Fixed guidance schedule. To assess the importance of
choosing the right guidance schedule, we replaced the de-
fault schedule in Tian et al. (2024) with a fixed schedule.
Specifically, we set the guidance scale 7, at every scale
level to 1.85. This change turns out to be detrimental to
the model’s performance, with a worse FID, evenness, and

divergence compared to the vanilla implementation. This
result is a testament to the major role that the ratio-based
guidance schedule plays in the efficacy of IGG and, quite
likely, also CFG.

Sliding-window guidance. The original implementation
of IGG performs a global attention computation at each
scale level (see Equation 6). Inspired by the successes of lo-
calised attention mechanism in NLP (Beltagy et al., 2020),
we implemented a variant of IGG which utilises a scale-
wise 2-D sliding window for attention computation. Com-
pared to NLP-based sliding-window attention, there are
two notable changes: (1) as token maps are inherently 2-D
grids, the sliding window is consequently a 2-D sub-grid;
(2) to account for the growth in scale at each sampling step,
the size wy, of the sliding window is scaled accordingly at
step k. In our experiment, we set wy := /hrwy. The re-
sult of the experiment does not indicate any non-negligible
improvement from the original implementation.

7. Conclusion

In this work, we investigated the underlying dynamics of
guidance in scale-wise autoregressive (SWAR) models and,
via the introduction of the evenness and divergence metrics,
revealed a fundamental limitation: unlike diffusion mod-
els, guidance in SWAR models is often dispersed and mis-
aligned with respect to visual semantics. Building upon
this key insight, we introduced IGG, a novel guidance
framework that explicitly aims to anchor guidance signals
to semantically important tokens via an adaptive weight-
ing function, which we realised using the self-attention
mechanism. Our extensive experiments across both class-
conditioned and text-to-image generation tasks success-
fully demonstrated that IGG consistently improves struc-
tural fidelity, coherence, and prompt alignment over base-
line methods. Overall, this works promotes the core prin-
ciple that not all tokens should be guided equally, opening
promising new avenues for future research on innovative
guidance strategies in SWAR generative modelling by util-
ising our proposed framework.
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Impact Statement

This paper presents work whose goal is to advance the field
of machine learning. There are many potential societal con-
sequences of our work, none of which we feel must be
specifically highlighted here.
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A. Computing the Divergence Score

Algorithm 1 details the procedure for systematically computing the divergence score as defined in Section 4.

Algorithm 1 Procedure for computing divergence score.

Require: Sampled image = and associated token maps s := (s1, - - , sk ) of sizes {hy, wy }1_;.
Ensure: Divergence score for x.
1: M := segment(x) {Obtain binary segmentation mask }
2. J:=0
3: for k € 2..K {Skip s (see Section 4)} do
4: My := interpolate( M, hy, wy) {Down-sample mask to hy X wy}
5:  py = py (sx|c) {Obtain guided nudge distribution}
6:  s; = sample(sg[~Mg], hi,, wi) {Sample with replacement hzwy, unguided tokens }
7 qy = py (st|c) {Obtain unguided nudge distribution}
8  J:=J+ hpwy/ Zfiz hiw; - divergence(py’, ¢;,”) {Weighted mean analogous to PEI}
9: end for
10: return J

B. Comparing Guidance in Diffusion and SWAR Models

Figure 5 presents additional side-by-side comparisons of the guidance signals observed during the sampling processes of
EDM2 (Karras et al., 2024b) and VAR (Tian et al., 2024). These visualisations make it easier to contrast how guidance
is distributed in diffusion models compared to SWAR models. In particular, EDM2 exhibits relatively stable and balanced
guidance, while VAR tends to experience progressively weaker signals across sampling steps. This distinction provides
further evidence for our hypothesis that the uneven distribution of guidance contributes to the sampling quality gap between
the two model families.

C. Comparing CFG and IGG

In Figure 6, we present additional results comparing samples generated with CFG against those obtained using IGG. These
examples highlight the qualitative differences between the two approaches, particularly in terms of semantic coherence
and visual fidelity. While CFG often struggles to maintain consistency across fine-grained details, IGG demonstrates
a stronger ability to emphasise and preserve semantically important features. These examples further illustrate how our
method balances guidance strength without sacrificing diversity in the generated outputs.

D. Guidance in Diffusion Models Across All Timesteps

Figure 7 visualises the full sampling process of EDM2 (Karras et al., 2024b). Interestingly, guidance signals seem to be the
most pronounced in the middle of the sampling process, suggesting that the role played by guidance is the most influential
around this period. This is consistent with the finding of Kynkéddnniemi et al. (2024), providing further support for our
proposed interpretation of CFG.
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(a) volcano

(b) baseball player
Figure 5. Additional comparisons of guidance signals in EDM2 (Karras et al., 2024b) (top) and VAR (Tian et al., 2024) (bottom).
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(a) sports car

(b) goldfish

(c) pier
Figure 6. Additional comparisons of sampling in VAR-d36 (Tian et al., 2024) using CFG and IGG.
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t=8 t=9 t=10 1 t=12 t=13 t=14

t=24 t=31

Figure 7. Visualisation of guidance signals for every timestep in the original sampling process of EDM2 (Karras et al., 2024b). Timesteps
falling within the guidance interval reported in Kynkédnniemi et al. (2024) are highlighted in orange. This interval coincides with the
transition from noise to image, which is where guidance plays the most influential role.
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