DiverseVAR: Balancing Diversity and Quality of
Next-Scale Visual Autoregressive Models

Mingue Park™®, Prin Phunyaphibarn™®, Phillip Y. Lee®, and
Minhyuk Sung

KAIST, Daejeon, South Korea
{kicikicik, prin10517, phillip0701, mhsung}@kaist.ac.kr

Infinity DivERSEVAR Infinity DivERSEVAR

“A flower changes from purple to orange”

Fig. 1: DIvErRseVAR. Text-conditioned VAR models (Infinity [21] and InfinityS-
tar [40]) exhibit a clear lack of per-prompt diversity in image and video generation.
D1vERSEVAR combines diversity-enhancing annealing strategies with a novel latent
refinement technique to increase the diversity while maintaining visual quality.

Abstract. We introduce DIVERSEVAR, a test-time framework that en-
hances the output diversity of text-conditioned visual autoregressive mod-
els (VAR) without additional training or substantial computational over-
head. While VAR models have recently emerged as strong competitors
of diffusion and flow models for image and video generation, they suffer
from a critical diversity limitation: even simple prompts often produce
nearly identical outputs. This issue has largely gone unnoticed amid the
field’s predominant focus on image quality. We address this limitation in
two stages. First, we systematically explore diversity enhancement tech-
niques by injecting noise into different components of VAR at test time,
finding that noise injection into the text embedding yields the best diver-
sity gains. However, this comes at the cost of sharp degradation in image
quality. To recover quality, we propose scale-travel: a latent refinement

* Equal contribution.


https://orcid.org/0009-0003-3973-9742
https://orcid.org/0009-0002-2821-6666
https://orcid.org/0009-0000-7614-261X
https://orcid.org/0000-0001-7428-9570

2 Park et al.

technique that leverages a multi-scale autoencoder to extract coarse-
scale tokens to resume generation from intermediate stages. Extensive
experiments demonstrate that combining text-embedding noise injection
with scale-travel refinement substantially improves diversity while mini-
mizing quality degradation, advancing the diversity-quality Pareto front.
Project page: https://diverse-var.github.io/
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1 Introduction

Visual autoregressive (VAR) models [21,28,38,64,66,88,91] have recently emerged
as strong competitors to diffusion and flow models for image and video gener-
ation, achieving comparable output quality. The recent breakthrough in VAR
lies in shifting the prediction paradigm from next-token prediction to nezt-scale
prediction [66]. VAR represents an image as a pyramid of latent patches, struc-
tured from the lowest resolution (a single coarse patch) to progressively higher
resolutions; within each level, VAR generates patches jointly, while across levels,
finer-scale patches are generated autoregressively, conditioned on the previously
generated coarser level. This shift to autoregressive next-scale prediction allowed
causal autoregressive models to outperform diffusion models for the first time,
while also being significantly faster than both diffusion models and raster-order
autoregressive models. Recent works [20,35] have further improved the speed of
VAR, allowing for fast and high-quality image generation.

Recent works have developed large-scale VARs for text-conditioned image
and video generation. However, text-conditioned VARs still lack diversity, often
generating similar outputs when given the same prompt (Fig. 1). This lack of
diversity has also been observed in other generative models such as diffusion mod-
els [59,62] and GANs [41]. While various techniques such as CFG annealing [31]
and CADS [59] have been proposed to improve diversity in diffusion models,
improving diversity in text-conditioned VAR generation remains an open area
of research. In this work, we address this issue in text-conditioned VARs through
inference-time modifications, without requiring model retraining, fine-tuning, or
substantial additional compute at generation.

Inspired by diversity-enhancement techniques in diffusion models [31, 59],
we first explore their impact in the scale-wise autoregressive setting of VAR.
These diversity-enhancement methods mainly fall into two categories. The first
is CFG weight scheduling [23,31]: similar scheduling can be applied across scales
during the autoregressive next-scale generation in VAR. The second technique is
noise injection into the text embedding (also known as condition-annealing [59]),
which can likewise be applied to VAR models. Both approaches involve a trade-
off between diversity and quality; increased diversity typically leads to reduced
quality. Empirically, we observe that the second approach (condition-annealing)
is more effective for VAR models but results in reduced image quality.

To further mitigate the degradation in output quality, we propose a novel la-
tent refinement framework called Scale-Travel. Motivated by image editing [45],
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inpainting [42], and reward alignment techniques [44], which perform latent re-
finement by briefly reverting part of the generative trajectory before resuming
generation, we explore a novel mechanism for VAR along the scale axis, which
is non-trivial in the autoregressive generation process. Our method exploits the
latent multi-scale autoencoder to enable an approximate scale rollback and re-
finement during next-scale autoregressive generation. Specifically, given a partial
sequence of token scales, we encode their accumulation into a full sequence of
token scales, and then retain only the first few scales. In this way, we can refine
the partial sequence while effectively reverting to a previous scale by discard-
ing the newly encoded finer-scale tokens. Incorporating this VAR-based “Scale-
Travel” module into the autoregressive generation process significantly enhances
realism, helping to overcome the diversity-realism trade-off caused by condition-
annealing.

We empirically show that DIVERSEVAR yields the best diversity-quality
tradeoff on both text-conditioned image and video generation and is robust
across CFG scales and varying temperatures and nucleus sampling [24] param-
eters.

2 Related Work

2.1 Autoregressive Visual Generation

Building on the success of transformer-based autoregressive (AR) modeling in
LLMs [6,69], researchers have increasingly explored similar techniques for image
and video generation. In the image domain, AR methods differ primarily by the
order in which they process local patches (or tokens). First, (1) raster-scan or-
der AR methods take an analogous approach to language modeling by flattening
and quantizing a 2D image into a 1D sequence of discrete tokens, and then train-
ing an AR model for next-token prediction [9,16,17,32,49,54-56,60,63,67,75,84].
Early works like PixelCNN [49] perform autoregressive generation in the pixel
space, while more recent works, including VQGAN [16] and LlamaGen [63], per-
form it in the latent space [68]. Follow-up works propose alternative token order-
ing schemes to address the inflexibility of a fixed raster-scan order [10,50]. In the
video domain, transformer-based AR models have also been actively explored,
extending next-token prediction to spatiotemporal token sequences [13, 30, 73].
Going further, (2) masked AR methods remove the strict unidirectional raster-
scan by randomly masking subsets of tokens and predicting them in parallel with
full attention over the tokens [3,5,7,8,27,33,37,43,48,76,78,82,86]. Represented
by MaskGIT [8], this parallel mask prediction introduces significant inference ac-
celeration and also provides a connection between autoregressive modeling and
discrete diffusion [2,19], as demonstrated by Xie et al. [78].

Unlike the AR methods above, which predict individual tokens, visual au-
toregressive (VAR) model [66] represents an image as a sequence of multi-scale
token maps. A transformer is trained to progressively predict each next higher-
resolution token map. (3) VAR better respects the 2D grid structure of images,
scales effectively, and outperforms both raster-scan order AR [16, 32], masked
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AR [8], along with diffusion-based methods [15,52] on ImageNet [14]. Recent
VAR-based models, such as Infinity [21] and Switti [70] for images, as well as
InfinityStar [40] for text-conditioned video generation, demonstrate that VAR
scales effectively to large datasets. Ongoing work continues to introduce VAR
variants [11,20,25,28,57,83,87,88] and their adaptation to downstream applica-
tions like editing [71,74], personalization [12], controllable generation [38,51,80],
and style transfer [47]. Other works [20, 35, 36] improve the efficiency in VAR-
based models, significantly decreasing memory cost and runtime.

2.2 Diversity Enhancement for Visual Generation

Enhancing diversity is a crucial task in visual generation for both diffusion and
autoregressive (AR) models. Originally introduced in the context of diffusion
models, CFG (Classifier-Free Guidance) sampling [23] is now widely used in both
domains. Specifically in AR models, diversity has been promoted by sampling
tokens probabilistically [63,65]. However, the CFG technique tends to narrow
the categorical token distribution, improving image quality but simultaneously
diminishing output diversity. To mitigate mode collapse, dynamic CFG schedul-
ing [31,72] has proven effective for diffusion models. Another diversity enhance-
ment technique for diffusion models is CADS [59], which demonstrated that
injecting random Gaussian noise into the text embedding allows control over the
quality—diversity trade-off during inference. To the best of our knowledge, we are
the first to systematically increase the diversity of VAR models. In this work, we
extend these approaches to VAR [21,66] and investigate which components play
a key role in enhancing diversity. Additionally, we introduce our novel method,
D1vERSEVAR, a method designed to address the identified challenges.

3 Background: Next-Scale Visual Autoregressive Models

In this section, we provide background on next-scale visual autoregressive (VAR)
models, outlining their key principles and architectural components. We then
explain how conditional signals are integrated into VAR and discuss a critical
drawback, namely the limited diversity of the generated visual content.

VAR: Next-Scale Prediction. Although autoregressive (AR) models extend the
language-modeling paradigm to image generation, the standard next-token ob-
jective suffers from two major flaws. First, flattening an image or video into
a 1D token sequence retains bidirectional dependencies, violating the unidirec-
tional (i.e., causal) assumption in AR sampling. Second, the flattened repre-
sentation fails to exploit the inherent spatial locality of an image. To resolve
these issues, Tian et al. [66] introduced VAR— Visual Autoregressive Model—
which substitutes next-token prediction with a nezt-scale objective. Given an
image I, a feature map Z € R¥*W>*D ig obtained through an encoder (e.g., VQ-
VAE [68]). Rather than patchifying the feature map, VAR employs multi-scale
encoding in which Z is decomposed into K residual token maps (ry, - ,rk)
of sizes s = (hg,wy). At stage k the model constructs a feature map Zj; by
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upsampling all preceding token maps to the final resolution sy = (H, W) and
aggregating them:
k
Z, = up(r;sk), (1)
i=1
where up(-,-) denotes bilinear upsampling. The joint probability of the token
maps then factorizes over scales rather than token orders:

K
p(rlar27"'7rK) = Hp(rk|r17r25"'ark:—1)- (2)
k=1

with r, € RMXweXD  This next-scale objective preserves spatial locality while
preserving the unidirectional assumption for autoregressive models.

Conditional Generation with VAR. The high scalability of VAR has led to its
rapid adoption in text-conditioned image generation [21, 64,91, 92]. Text con-
dition is incorporated into VAR through two complementary mechanisms: (1)
cross-attention with text embeddings, and (2) <S0S> token initializa-
tion. In the former, the text embedding is first projected to obtain a condi-
tion embedding c. c is then passed through projection networks to obtain key
and value matrices which cross-attends with the image tokens, similar to cross-
attention in diffusion models like Stable Diffusion [58]. For the latter, the text
embedding is projected to produce the <S0S>—Start-of-Sentence—token s which
initializes the generation as done in typical autoregressive models.

Lack of Diversity in VAR. In this work, we recognize a significant lack of di-
versity in text-conditioned VAR models. While VAR models make use of basic
techniques such as temperature annealing and linear CFG scheduling to increase
diversity, we find that these methods provide limited improvements. Motivated
by this observation, we explore and propose new diversity-enhancement strate-
gies to boost their diversity while maintaining the image quality and conditional
fidelity in VAR models. Beyond generating high-quality images that match a
given text prompt, a critical desideratum for text-conditioned image genera-
tion is to be able to provide diverse outputs from a single condition (i.e., text
prompt). This diversity not only offers users a range of options to choose from
based on their preferences, but also acts as a prerequisite for test-time search
algorithms [29, 77| for downstream applications. Although recent VAR-based
models such as Infinity [21] achieve impressive quality, they suffer from severely
limited diversity, as demonstrated in Fig. 1. In this work we adopt Sadat et
al. [59] definition of diversity, which refers to the model’s ability to generate
varied outputs for a fixed condition ¢ under different random seeds.

4 DIVERSEVAR

We present DIVERSEVAR, a training-free framework for enhancing diversity
in text-conditioned VAR models. First, we explore inference-time techniques
designed for diversity enhancements and compare their impact on diversity and
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Fig. 2: Diversity-Enhancement Techniques. We explore two main options for di-
versity enhancement in VAR: (a) CFG-scheduling and (b) condition-annealing. CFG-
scheduling modulates the CFG scale over sampling steps to mitigate mode collapse.
Condition-annealing injects noise into the text-embedding or the <S0S> token.

quality in VAR (Sec. 4.1). Observing a critical trade-off between these metrics,
we then propose a simple latent refinement strategy by taking advantage of the
multi-scale structure of VAR (Sec. 4.2). Finally, we combine these two stages
into a unified diversify-then-refine pipeline, achieving significant diversity gains
with minimal quality degradation.

4.1 Exploring Diversity-Enhancement Techniques

In this section, we search for the best diversity-enhancement strategy for VAR
models. Observing that VAR produces nearly identical samples for the same text
prompt due to the condition signal dominating the generation process, we first
explore two inference-time techniques popularly used to mitigate mode collapse
as shown in Fig. 2: (1) custom classifier-free guidance (CFG) schedules [23], and
(2) condition-annealing by injecting noise into the condition embedding [59].

Option 1: CFG Scheduling. CFG [23] modulates the influence of the condition
in diffusion and VAR [21,66]. Formally, CFG adjusts the model’s prediction via

Qcra = (1 +w)Q. —wQy, (3)

where Q. is the conditional prediction (i.e., score estimates in diffusion and
logit outputs in VAR) given a condition ¢, Qg is the unconditional prediction,
and w is the guidance weight. Building on the trend that higher w leads to
higher condition alignment while sacrificing diversity, Kynkdanniemi et al. [31]
show that carefully scheduling the guidance weight w throughout generation can
boost diversity while retaining image quality. While VAR models have employed
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linear CFG scheduling, there has been no systematic study on its impact on
diversity nor of the effects of other CFG schedules. We evaluate multiple CFG
schedules w(k) over the scale index k € [1, K] for VAR, analogous to timestep
t € [0,7] in diffusion models.

— Piecewise Constant [31]: w(k) = L[k € K]w1 + 1[k € Klwk
where IC:= {kmin, - - -, kmax }, and wy and wk are tunable hyperparameters.

— Interpolation [72]: w(k) = (1 — v(k))w1 + v(k)wk
Here, v(1) = 0 and y(¢) = 1 for all £ > kpax, and we test several variants of
the scheduling function ~(-) suggested by Wang et al. [72]|. w; and wk denote
the initial and final guidance weight, respectively. Details on each scheduler
and ablations for k. are provided in the supplementary.

Option 2: Condition-Annealing via Noise Injection. Sadat et al. [59] introduce
condition-annealing diffusion sampler (CADS), a technique that perturbs the
condition by injecting noise into the text embedding, starting with full noise
at the initial generation steps. This simple modification has proven effective
for diversity in diffusion models as it weakens the condition’s dominance in the
sampling process. We explore condition-annealing in VAR, on its two primary
condition sources: (1) text embedding and (2) <S0S> token.

— Text Embedding: & = /1 — a(k)c + /a(k)e, € ~ N(0,1)
Following Sadat et al. [59], we add noise € to the text embedding ¢, modulated
by an annealing schedule a(-). We explore different choices for «(-) in the
supplementary.

— <S08> Token: $§ =+/1— B(k)s + /B(k)e, e ~ N(0,1)
Since autoregressive models prepend a special <SOS> token s to initialize the
generation process, we also test injecting noise into s according to schedule

B().

Empirical Analysis. We compare the diversity-quality tradeoff for each of the
aforementioned options, and find that injecting noise into the text-embedding
yields the best results, as shown in Fig. 6. Although the top-performing config-
uration does boost diversity, the outputs often exhibit noticeable degradations
and visual artifacts (see Fig. 1 and Fig. 5). We hypothesize that these artifacts
are an inherent side effect of perturbing the generation process via noise in-
jection. To address this diversity-quality trade-off, in the following Sec. 4.2 we
introduce a novel latent refinement method specifically designed for VAR.

4.2 Scale-Travel: Latent Refinement for VAR

In this section, we introduce a simple but effective refinement method designed
for VAR. While condition-annealing (Sec. 4.1) significantly increases the diversity
of VAR, it also introduces significant visual artifacts (second row of Fig. 5).
Inspired by diffusion model refinement techniques [4,42,45,81,85], we introduce
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Fig. 3: Latent Refinement via Scale-Travel. We introduce scale-travel, a novel re-
finement strategy that leverages the multi-scale structure of VAR models. By reverting
intermediate representations to a coarser scale and running generation without noise
injection, clean and coherent details can be reconstructed. This process corrects visual
artifacts and degradations while preserving the overall coarse structures.

Scale-Travel, a playback strategy for repairing corrupted latents in VAR based
on its multi-scale nature.

Recall from Eq. 1 that in each stage [ the model forms a feature map Z; by
upsampling and summing the token grids {ry}\_,. After the noise injection of
Sec. 4.1, Z; may deviate from the model’s image manifold. Scale-travel rewinds
the feature map Z; to an earlier (i.e., coarser) scale m < [ and then resumes
generation. To rewind the current feature map to an earlier scale, we utilize the
multi-scale encoder of VAR. Recall that during VAR training, an image I is first
encoded with a VQ-VAE [68] to obtain a dense feature map Z, which is passed
through a multi-scale encoder to be decomposed into scale-wise token grids

ri.x = MultiScaleEnc(Z,s1.x) (4)

where s, is the grid size at stage k, as shown in Alg. 1. Here, we highlight a key
property of VAR: early maps Z; already contain the coarse layout and semantics
of the final image (details included in the supplementary). While a similar
observation has been presented in previous works [28,74], we further employ this
finding to apply multi-scale encoding to Z;—instead of ground-truth feature Z—
to reconstruct the lower-resolution grids ry.,,,. We denote this technique as r1.,,, =
ScaleTravel(Z;,s1.m, m) and compare the exact pseudocode to that of multi-
scale encoding in Fig. 4, showing that only a minor change in algorithm enables
scale-travel. Once replayed to stage m, VAR’s autoregressive generation proceeds
from k = m+1 to K, effectively fixing the visual artifacts. We refer readers to the
supplementary for more details and visualization on the trajectory of scale-
travel. The full latent refinement technique is shown in Fig. 3 and can be written
as

Scale-Travel: Fi.m = ScaleTravel(Z;,S1:m,m) (5)
K
Refine: fTmi1:x ~ H p(rk|f'1,...,f‘m,l‘m+1,...,l‘k_1) (6)
k=m+1
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Algorithm 1: Multi-Scale Encode Algorithm 2: Scale-Travel

Params : Latent Z, Scales si1.x Params : Latent Z;, Scales s1.m,
Target m
def MultiScaleEnc(Z, si.x) 1 def ScaleTravel(Z;, Si.m, m)
R+ []; 2 R« [];
for k=1,2,...,K do 3 for k=1,2,...,m do
ri  Q(down(Z — Zk_1,sk)); 4 ri < Q(down(Z; — Zik_1,8k));
R.append(rs); 5 R.append(ry);
Zi = >0, up(ri, sK); 6 Zi. = Y, up(ri, s);
L return R =ri.x T L return R =ry.,,

Fig. 4: Scale-Travel Pseudocode. Side-by-side pseudocode for (left) multi-scale
encoding process in VAR [66] and (right) our proposed scale-travel step in Sec. 4.2.
up(+,-) and down(-,-) denote bilinear upsampling and downsampling, respectively.

Infinity Infinity

“A man flying through the air while riding a skateboard.” “A cat sitting in a bowl on a table looking at the camera.”
Fig. 5: Qualitative Comparisons on Image Generation. Infinity produces im-
ages with little variation and diversity (row 1). Injecting noise into the text-embedding
increases diversity (row 2) but results in visual artifacts (red box). Applying our scale-
travel refinement technique (row 3) fixes these visual artifacts (green box) while re-
taining diversity.

5 Results

In this section, we present experimental results of DIVERSEVAR, comparing
diversity and quality with existing VAR diversity enhancement techniques.

5.1 Evaluation Setup

VAR Models. For text-conditioned image generation VAR models, we use In-
finity [21] and Switti [70]. Infinity trains a bitwise transformer for scaling the
vocabulary to infinite size, and Switti improves the efficiency and scalability of
VAR [66] by addressing training instability and using non-causal self-attention
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Fig. 6: Pareto Fronts for Diversity-Quality Trade-Off on Infinity [21] and
Switti [70]. Each curve is obtained by varying hyperparameters for each method:
noise scales for SOS and CADS, guidance schedules for CFG, and target scales for
D1vErRSEVAR (Ours). The default setting of each model is included as a reference. On
both MJHQ-30K [34] and MS-COCO [39], DivERSEVAR consistently sets the Pareto
frontier, demonstrating the best balance between diversity and quality in VAR.

for faster sampling. For text-conditioned video generation with VAR models,
we use InfinityStar-8B [40], which generates 480p videos with 81 frames. Since
InfinityStar follows a two-stage pipeline, first generating keyframes and then
performing temporal generation, we apply DIVERSEVAR to the keyframe gen-
eration stage.

Benchmarks and Fvaluation Metrics. For text-conditioned image generation,
we evaluate on MS-COCO [39] and MJHQ-30K [34] datasets, each of which
consists of image-caption pairs. Note that MS-COCO consists of realistic photos,
while MJHQ-30K is constructed with images generated by Midjourney [46]. For
text-conditioned video generation, we evaluate all methods on VBench [26, 90]
which evaluates video generative models across multiple dimensions. We generate
videos based on VBench-2.0 [90] prompts. We use multiple metrics to measure
image/video quality and diversity as follows:

— Image Diversity: LPIPS-MPD [1] computes the mean pairwise LPIPS [89]
distance between images to measure per-prompt diversity.

— Image Diversity: Vendi-Score [18] computes the effective number of “dissim-
ilar” elements in a sample of images. Following CADS [59], we use SSCD [53]
to measure pairwise dissimilarities.

— Image Quality: ImageReward [79] evaluates image quality and alignment
based on human preference.

— Image Quality & Diversity: FID [22] simultaneously captures both diversity
and quality with respect to a reference set of images.
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— Video Diversity: VBench-2.0 Diversity [90] computes video diversity using
inter-sample style and content variation with a pretrained VGG-19 [61].

— Video Quality: VBench Quality Score [26] is used to evaluate video gener-
ation quality based on frame-wise metrics and temporal metrics. Results for
each VBench category are provided in the supplementary material.

5.2 Pareto Fronts on Diversity-Quality Trade-Off

We assess DIVERSEVAR’s diversity—quality balance for Infinity [21] and Switti [70]
by plotting Pareto fronts on the metrics above.

Settings. We compare DIVERSEVAR, against the three diversity enhancement
techniques from Sec. 4.1: CFG scheduling and condition-annealing (i.e., noise
injection) with text embeddings and <S0S> tokens. For each dataset [34,39], we
sample 100 prompts and generate 10 images per prompt to trace each Pareto
curve in Fig. 6. We use 1000 prompts and generate 10 images per prompt for
Tab. 1. Our DIVERSEVAR, pairs scale-travel with text-embedding annealing,
which we observed to be the most effective option. Specifically, we fix by, = 1
and vary kmax € {2,3,4,5,6} with the maximum noise scales a(1),5(1) €
{0.5,1.0} for condition-annealing on both text embedding and <S08>. For CFG
scheduling, we set kmax € {1,2,...,10} and use each model’s default guidance
scale as wg . For DIVERSEVAR, scale-travel starts at scale [ = 8, where we ob-
served VAR forms an image’s global structure and semantics. We use a constant
scheduler for CFG scheduling and a cosine scheduler for condition-annealing.
More details and ablation studies on the scheduler, including specific hyperpa-
rameters used, are provided in the supplementary.

Results. Fig. 6 shows the Pareto fronts for all methods. Across both benchmarks
and different metrics, DIVERSEVAR consistently defines the frontier, underscor-
ing that our scale-travel effectively refines the output image quality while retain-
ing the diversity introduced by condition-annealing. CFG scheduling increases
the diversity but also significantly degrades the image quality. Injecting noise
into the text embedding or <S0S> token enhances diversity beyond what CFG
scheduling can offer, by preventing the dominance of the conditioning signal dur-
ing early generation steps. Among these condition-annealing techniques, noise
injection to the text embedding yields the best diversity-quality trade-off, yet
results in clear quality degradation—as shown in the sharp drop in the Pareto
front as diversity increases. Our DIVERSEVAR overcomes this drawback by ap-
plying scale-travel to recover image quality while preserving the added diversity,
thereby achieving the Pareto frontier.

5.3 Quantitative and Qualitative Comparisons

We additionally report quantitative and qualitative evaluations of DIVERSE-
VAR. For this, we use the optimal hyperparameter settings for each method,
selected based on a toy experiment, which we report in detail in the supplemen-
tary. Since we find that injecting noise at every scale results in severe quality
degradation, we adopt a scheduling strategy with a threshold kp.x < K [59].
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Method MJIHQ-30K [34] MS-COCO [39]
FID, IRt MPDy + Vendi{ FID| IRf MPDy + Vendit
Infinity [21] 19.16 1.22 0.33 4.10 37.37 1.16 0.37 4.41
{ Cond. Anneal.  15.53 0.49 0.56 7.68 22.51  0.39 0.58 8.13
+ Scale-Travel 15.28  1.08 0.48 6.07 28.97 1.04 0.52 6.68
Switti [70] 16.18  1.11 0.44 4.79 25.92  1.18 0.46 5.32
+ Cond. Anneal.  21.34  0.63 0.58 7.34 25.26  0.78 0.59 7.74
+ Scale-Travel 17.30  0.93 0.56 6.68 2347  1.05 0.57 7.22

Table 1: Quantitative Comparisons on Image Generation. We evaluate four
metrics: ImageReward (IR) [79] for quality, FID [22] for both quality and diversity,
and LPIPS-MPD (MPDy,) [89], Vendi [18] for diversity. For both Switti [70] and In-
finity [21], condition annealing enhances diversity but noticeably degrades quality. In
contrast, DIVERSEVAR’s scale-travel refinement finds a more favorable trade-off, bal-
ancing quality and diversity.

Image Generation. As shown in Tab. 1, our method generalizes to different
text-to-image VARs. Starting from the original model, condition annealing sig-
nificantly enhances diversity. Notably, adding noise to the text embedding (Cond.
Anneal.) yields a substantial diversity gain in LPIPS-MPD [1] on the MJHQ-
30K [34] dataset, +69.7% improvement over the baseline Infinity. However, this
comes with a clear trade-off in terms of image quality. Our scale-travel method
significantly enhances image quality from noisy samples, achieving a +120.41%
improvement on ImageReward [79], while incurring only a modest reduction
in diversity (—14.29% in LPIPS-MPD). Compared to the base model, DIVER-
SEVAR yields a +45.45% improvement in LPIPS-MPD with minimal quality
degradation for ImageReward (—11.48%). A similar trend is also observed for
Switti. This underscores the effectiveness of our refinement technique: starting
from diverse but low-quality samples, scale-travel improves image quality while
retaining a substantial diversity gain over standard text-conditioned VARs, with
only a minor decrease in quality.

Moreover, in Fig. 5, we present qualitative results from each stage of our
DIvERSEVAR pipeline. The outputs from the default model (row 1) exhibit
a severe lack of diversity across the same text condition. After injecting noise
into the text conditions, we observe a substantial increase in diversity compared
to the previous stage (row 2). However, this also leads to noticeable quality
degradation, often failing to generate clear objects or preserve fine details. The
last row shows the final output of DIVERSEVAR, demonstrating that our method
not only corrects the corrupted details introduced by condition-annealing but
also preserves the high-level semantics. More qualitative results are included in
the supplementary.

Video Generation. As shown in Nethod Diversity Quality Score
Tab. 2, DIVERSEVAR improves diver- 1 iy Star [10] 0.270 0.806
sity while largely preserving overall -+ Cond. Anneal. 0.627 0.794

-+ Scale-Travel 0.487 0.804

VBench performance, yielding a more
favorable trade-off than condition an- Table 2: Quantitative results on Infin-
nealing. Compared to the baseline In- ityStar [40] using VBench [26,90].
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“A white fox stands on a mossy rock in a “A nighttime scene transitions from a warm,
moonlit snowy forest. T golden moon to a cool, silvery moon. ”

Fig. 7: Qualitative Comparisons on Video Generation. InfinityStar [40] pro-
duces videos with little variation and diversity (row 1-3). Injecting noise into the
text-embedding and applying our scale-travel refinement technique (row 4-6) can
significantly increase per-prompt video diversity. T denotes using augmented prompt
for generation.

finityStar, condition annealing delivers a larger diversity increase (+132.2%) but
reduces the quality score. In contrast, DIVERSEVAR raises diversity from 0.270
to 0.487 (4+80.4%) with a negligible change in quality (—0.002 points).

In addition, Fig. 7 provides qualitative comparisons between the original In-
finityStar [40] and our DIVERSEVAR pipeline across multiple random seeds. For
a fixed prompt, the original model (rows 1-3) exhibits limited diversity, pro-
ducing nearly identical videos across different seeds. In contrast, DIVERSEVAR
(rows 4-6) yields substantially more varied outputs over the entire sequence.
The differences are particularly evident in color attributes and scene composi-
tion: InfinityStar [40] tends to reproduce the same background and object layout
with minimal variation, while our method generates diverse videos and maintains
overall coherence. More qualitative results are included in the supplementary.

5.4 Comparison with Alternative Diversity Controls

CFG Scale, Temperature, and Nucleus Sampling. We also provide additional
results under varying CFG weights, temperatures, and nucleus sampling param-
eters [24]. As shown in Tab. 3, DIVERSEVAR consistently improves the diversity-
quality tradeoff across all CFG weights. As shown in Tab. 4 and Tab. 5, DIVER-
SEVAR also yields a better diversity-quality tradeoff than simply varying the
temperature (Tab. 4) or using nucleus sampling (Tab. 5).

Prompt Rewriting. Prompt rewriting uses an LLM to modify the input prompt
to improve the generation quality and diversity. While this can introduce ad-
ditional variation without much quality degradation, prompt rewriting changes
the condition itself, whereas DIVERSEVAR aims to increase diversity under the



14 Park et al.

w  Method MPD T Vendit IRt ||w  Method MPD 1t Vendit IR ?

9.0t Infinity 0.334 4.031 1.323 2.0 Switti 0.465 5.262 1.100
7 DiverseVAR  0.486 6.087 1.199 " DiverseVAR  0.568 7.034 0.919
4.0 Infinity 0.324 3.862 1.367 4.0 Switti 0.448 4.921 1.165
7 DiverseVAR  0.486 6.127 1.215 " DiverseVAR  0.565 6.705 1.035
6.5 Infinity 0.320 3.804 1.384 6.0 Switti 0.444 4.744 1.210
"~ DiverseVAR  0.481 6.101 1.234 " DiverseVAR  0.564 6.609 1.031
9.0 Infinity 0.320 3.770 1.406 H 9.0 Switti 0.438 4.668 1.225

DiverseVAR  0.476 6.019 1.239 DiverseVAR  0.562 6.557 0.974

Table 3: DIVERSEVAR with Varying CFG Weights. We vary the CFG guidance
weights w for the VAR models and DIVERSEVAR. DIVERSEVAR consistently improves
the diversity-quality tradeoff across all CFG weights.

Infinity [21] MPD 1 Vendit IR 1 || Switti [70] MPD 1 Vendi + IR 1
T=05 0.284 3.500 1.305 T=0.5 0.437  4.483 1.204
r=1f 0.334 4.031 1.323 r=1f 0.444 4.744 1.210
T=2 0.375 4.577 1.331 T=2 0.453 5.014 1.095
T=5 0.414 4.813 1.108 T=5 0.477 5.613 0.813
=10 0.459 4.954  -0.430 T=10 0.487 5.897 0.619
DiverseVAR ~ 0.470  5.833  1.216 || DiverseVAR ~ 0.563  6.609  1.031

Table 4: VAR models with varying temperatures. While increasing 7 leads to
larger diversity, the image quality (IR) is significantly degraded. DIVERSEVAR achieves
the highest diversity while at the same time maintaining image quality.

Infinity [21] MPD t Vendi + IR 1 ||  Switti [70] MPD 1 Vendi 1 IR 1
p=0.9 0.323 3.934 1.320 p=0.9 0.441 4.714 1.206
p = 0.95 0.331 4.016 1.329 p= 0.95F 0.444 4.744 1.210
p= 0.97% 0.334 4.031 1.323 p=0.97 0.444 4.763 1.205
p=1.0 0.335 4.071 1.330 p=1.0 0.445 4.771 1.200
DivErRsEVAR 0.470 5.833 1.216 || DivErsEVAR 0.563 6.609 1.031

Table 5: VAR models with varying nucleus sampling parameters [24]. Varying
p does not significantly impact the diversity. DIVERSEVAR achieves significantly higher
diversity without significantly degrading the image quality.

same fixed prompt. However, in practical settings where prompts are highly de-
tailed, prompt rewriting itself has less room to introduce meaningful variation,
leading to only limited changes in the generated outputs as shown in Fig. 8.
Moreover, prompt rewriting is also complementary to DIVERSEVAR, as it helps
preserve image quality when combined with our method, while DIVERSEVAR
still provides substantial diversity gains. Additional discussion and quantitative
results comparing DIVERSEVAR with prompt rewriting are included in the sup-
plementary.

Supplementary. Further details and extended results are provided in the sup-
plementary material, including analyses of scale-travel, runtime overhead, addi-
tional metrics and comparisons, and extended qualitative and ablation results.

T default hyperparameter used in the original paper.
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Infinity | Infinity+P.R. | DivErseVAR | DiveErseVAR+P.R.

Original prompt: “marshmallows in a large box on the table and a glass of juice, beautiful
color correction, 16k, photorealistic, acrylic”

Fig. 8: Qualitative results for prompt rewriting. We compare Infinity, Infinity
with prompt rewriting (Infinity+P.R.), DIVERSEVAR, and DIVERSEVAR with prompt
rewriting (DIVERSEVAR+P.R.) under the same original prompt.

6 Conclusion

In this work, we first report a significant lack of diversity in text-conditioned
VAR models, an issue that has not been addressed in prior work. Inspired by
diversity enhancement techniques in diffusion models, we explore these methods
and find that injection into the text embedding yields the most diverse results.
However, this diversity enhancement comes at the cost of significant degradation
in image quality. To address this, we propose a novel scale-travel latent refine-
ment method tailored to the multi-scale nature of VAR, aiming to improve image
quality while preserving diversity. Experimental results show that our two-stage
method, DIVERSEVAR, achieves the best diversity—quality Pareto frontier.

Limitations. Although our scale-travel refinement technique improves the Pareto
frontier, the inference cost is slightly higher than using noise injection. We also
observe that the most diverse results still suffer from visual artifacts, occurring
in approximately 6% of the generated samples.
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