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Abstract

Controllable image synthesis, which enables fine-grained
control over generated outputs, has emerged as a key focus
in visual generative modeling. However, controllable gener-
ation remains challenging for Visual Autoregressive (VAR)
models due to their hierarchical, next-scale prediction style.
Existing VAR-based methods often suffer from inefficient
control encoding and disruptive injection mechanisms that
compromise both fidelity and efficiency. In this work, we
present SCALAR, a controllable generation method based on
VAR, incorporating a novel Scale-wise Conditional Decoding
mechanism. SCALAR leverages a pretrained image encoder
to extract semantic control signal encodings, which are pro-
jected into scale-specific representations and injected into the
corresponding layers of the VAR backbone. This design pro-
vides persistent and structurally aligned guidance throughout
the generation process. Building on SCALAR, we develop
SCALAR-Uni, a unified extension that aligns multiple con-
trol modalities into a shared latent space, supporting flexible
multi-conditional guidance in a single model. Extensive ex-
periments show that SCALAR achieves superior generation
quality and control precision across various tasks.

Code — https://github.com/AMAP-ML/SCALAR

Introduction

Controllable image synthesis is a pivotal domain in visual
generation, enabling the precise and nuanced creation of vi-
sual content according to specific user guidance. Recent ad-
vances in this field are currently dominated by two primary
paradigms: Diffusion Models (Ho, Jain, and Abbeel 2020;
Song et al. 2020) and Autoregressive Models (AR) (Sun
et al. 2024; Tian et al. 2024). While diffusion-based meth-
ods (Zhang, Rao, and Agrawala 2023a; Qin et al. 2023) have
achieved widespread success, the iterative denoising process
is not inherently compatible with the sequential, token-based
architecture of LLMs, which hinders the development of
truly unified multimodal modeling (Zhao et al. 2023).
Visual Autoregressive (VAR) models (Tian et al. 2024), a
leading approach within the autoregressive paradigm, offer
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Figure 1: (a) SCALAR, a novel controllable VAR method
with superior generation quality and control (top row).
(b) SCALAR-Uni further extends it by supporting multi-
condition control within a unified model (bottom row).
Dashed lines denote different model weights.

a compelling path forward. By framing image synthesis as
a next-scale prediction task, VAR-based models (Han et al.
2025; Tang et al. 2024; Ma et al. 2024; Zhuang et al. 2025)
align naturally with LLM architectures and have demon-
strated better inference efficiency and generative quality
than both state-of-the-art diffusion models (Podell et al.
2023) and raster-scan-based autoregressive models (Sun
et al. 2024). Nevertheless, the capacity of VAR models for
fine-grained control remains a significant and underexplored
challenge. This challenge primarily stems from the unique
hierarchical, scale-wise generation process, which presents
a distinct paradigm from existing approaches. In diffusion
models, control signals are applied globally to the denoising
network at each step, whereas in traditional raster-scan AR
models (Sun et al. 2024; Li et al. 2024a), they are injected
before each spatial token prediction.

Existing works on controllable Visual Autoregressive
learning, notably CAR (Yao et al. 2024) and Control VAR (Li
et al. 2024c), deliver suboptimal performance. We attribute
this bottleneck to two fundamental design flaws. First, they
utilize complex and disruptive injection mechanisms; archi-
tectures with parallel branches (Yao et al. 2024) similar to



ControlNet or joint control and image modeling schemes (Li
et al. 2024¢) not only incur substantial computational over-
head but also implicitly disrupt the powerful generative ca-
pabilities of the pretrained backbone. Second, they often
utilize lightweight convolutional networks or VQ-VAEs as
control encoders, which have been proven to have a limited
capacity in capturing rich spatial-semantic features (Zhou
et al. 2024). Consequently, their performance in both gen-
eration quality and control consistency trails behind even
raster-scan AR models (Li et al. 2024d), highlighting a crit-
ical need for a control mechanism that is both efficient and
fundamentally aligned with the native structure of VAR.

To this end, we present SCALAR, an effective control-
lable generation method based on VAR. Aligning with the
more efficient paradigm (Li et al. 2024d), SCALAR injects
control during the autoregressive decoding phase. Our ap-
proach is centered on a novel and simple Scale-wise Condi-
tional Decoding mechanism. To be specific, we first em-
ploy a pretrained vision foundation model (Oquab et al.
2023) to extract powerful, scale-agnostic control features
that contain rich semantic information. These general fea-
tures are then processed by scale-wise lightweight projec-
tion blocks—which maintain independent weights for each
scale—to produce specialized Control Signal Encodings.
Ultimately, SCALAR injects these tailored encodings di-
rectly into the hidden states of the VAR backbone’s lay-
ers, providing scale-wise persistent guidance throughout the
next-scale prediction process. Building on our design, we
extend SCALAR to a unified control version, SCALAR-uni.
This extension incorporates a Unified Control Alignment
process that projects features from diverse control modali-
ties into a common latent space, enabling seamless guidance
of various condition types from a unified model.

The main contributions of this paper are as follows:

* We present SCALAR, a controllable generation method
based on VAR that introduces a Scale-wise Conditional
Decoding mechanism, explicitly designed to align with
the next-scale prediction nature of VAR models.

A Unified Control Alignment process is introduced to
SCALAR-Uni, enabling the various condition semantics
guidance in controllable visual autoregressive learning.
Extensive experiments on ImageNet demonstrate that
SCALAR and SCALAR-Uni achieve exceptional gener-
ation quality and conditional consistency across all five
conditional generation tasks (e.g., FID on Canny: 2.14
vs. 7.85; Depth: 3.09 vs. 4.19).

Related Work
Image Generation

Diffusion models (Rombach et al. 2022; Zhang et al. 2025;
Peebles and Xie 2023) have achieved strong image and
video generation performance but remain computationally
expensive, motivating alternatives. In contrast, AR models
treat image synthesis as sequence modeling, predicting to-
kens step by step. Early works (Van Den Oord, Kalchbren-
ner, and Kavukcuoglu 2016) focused on pixel-level genera-
tion. Building on the success of large language models (Tou-
vron et al. 2023a; Achiam et al. 2023), emerging approaches
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adopt discrete quantizers such as VQ-VAE (Van Den Oord,
Vinyals et al. 2017) and VQ-GAN (Esser, Rombach, and
Ommer 2021) to convert image patches into discrete token
indices, enabling next-token prediction over visual token
sequences. Recent methods such as LlamaGen (Sun et al.
2024), Open-MAGVIT2 (Luo et al. 2024), and AiM (Li
et al. 2024a) leverage LLaMA (Touvron et al. 2023b) or
Mamba (Gu and Dao 2023) backbones. Among them, Vi-
sual Autoregressive Modeling (VAR) introduces a scalable
next-scale prediction mechanism, which differs from raster-
scan AR methods. VAR-based models for class-to-image
and text-to-image tasks (Tian et al. 2024; Ma et al. 2024;
Tang et al. 2024; Han et al. 2025; Zhuang et al. 2025)
achieve image synthesis performance comparable to state-
of-the-art diffusion models while offering significant com-
putational efficiency.

Controllable Image Generation

Following the success of diffusion models, diffusion-based
controllable generation methods have been thoroughly stud-
ied (Mou et al. 2024a; Qin et al. 2023; Li et al. 2024b,
2025d; Wu et al. 2025; Luan et al. 2025; Li et al. 2025¢,b,a).
In contrast, conditional generation for AR models has been
far less explored. Existing works on controllable autoregres-
sive learning are typically classified according to the guid-
ance injection phase in autoregressive generation: pre-filling
phase or decoding phase. Pre-filling-phase methods (Li et al.
2024c; Qu et al. 2025) fill the control encodings into the ini-
tial sequence from the start. This approach increases the to-
ken sequence length, inflating the computational load, while
the joint modeling scheme in Control VAR (Li et al. 2024c)
can disrupt the powerful capabilities of the pretrained back-
bone. Decoding-phase methods (Li et al. 2024d), which
continuously inject control encodings throughout the step-
by-step decoding, are simpler and more flexible. However,
CAR (Yao et al. 2024) adopts parallel conditional decod-
ing branches inspired by ControlNet, which introduces huge
complexities when autoregressive decoding. Notably, al-
though VAR models generally outperform traditional AR
models in image synthesis quality, these VAR-based con-
trollable methods (Li et al. 2024c¢; Yao et al. 2024) still un-
derperform compared to raster-scan AR-based methods (Li
et al. 2024d) in terms of control consistency and image qual-
ity. This gap indicates that the potential of VAR in control-
lable generation is yet to be fully explored. In this paper, we
aim to develop a general and efficient method for control-
lable image generation based on VAR.

SCALAR

Preliminary

Building on the success of large language models, autore-
gressive models use discrete quantizers (e.g., VQ-VAE) to
map image patches to tokens for next-step prediction, while
VAR introduces a scalable next-scale prediction across res-
olutions. VAR-based class-to-image (c2i) and text-to-image
(t21) models achieve image synthesis performance compara-
ble to state-of-the-art diffusion models, at a lower computa-
tional cost.
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Figure 2: The framework of our SCALAR applies a next-scale paradigm adapted for VAR to design a Scale-wise Conditional
Decoding mechanism. The feature F. is obtained by concatenating four features F; extracted by the Image Encoder €.

The core idea of the VAR model lies in next-scale predic-
tion, which contrasts with traditional raster-scan AR mod-
els based on next-token prediction. While conventional AR
models generate images token by token along a flattened
pixel sequence, this formulation suffers from mathemati-
cal inconsistencies and often leads to structural degradation,
especially in highly structured images. In contrast, VAR
avoids these issues by operating at the level of token maps,
predicting the image progressively across multiple scales.
Starting from a coarse 1 x 1 token map ry, it autoregres-
sively generates a sequence of higher-resolution token maps
(ra,...,rK), each representing a finer level of detail. The
overall generation process is formulated as:

K
=[] ptrx | r<k).
k=1

where ), € [V]"* Wk represents the token map at scale k,
with dimensions hj and wy, conditioned on previous maps
r<k. Each token in r; is an index from the VQVAE code-
book V', which is trained through multi-scale quantization
and shared across scales. A standard cross-entropy loss is
used to supervise VAR, defined as:

ey

p(r1, 72,y TK)

@

The loss is applied at each scale to train the model to predict
finer token maps conditioned on coarser ones.

Lor = Epmpery) [~ 1ogpo(re | T<k)] -

Scale-wise Conditional Decoding

The generation process in autoregressive models is divided
into two phases: pre-filling and decoding. In SCALAR, we
diverge from the conditional pre-filling way (Li et al. 2024c;
Qu et al. 2025), which relies on a distinct initial condition-
ing filling step. We adopt a simpler conditional decoding

11381

strategy (Li et al. 2024d; Yao et al. 2024). This design inte-
grates the control signal directly and continuously through-
out the decoding process. The scale-autoregressive nature of
VARSs poses distinct requirements for how control signals
are applied across the generative hierarchy; guidance must
be present and adapted at each scale. SCALAR achieves this
by injecting the control signal into a predefined subset of
layers, indexed by [ € S. Formally, the operation at each
layer is expressed as:

k1 = Gi1(Sk1+ Cry), (3)

where G; represents the [-th layer of the GPT-style decoder
transformer, Sy, ; and S;C’l denote the input and output se-
quence of image tokens at layer [ for scale &, and Cy, ; is the
corresponding control signal encoding sequence injected at
that same layer and scale. The set S C {0,...,L — 1} con-
tains the indices of the layers targeted for injection, where L
is the total depth of the decoder G.

Control Signal Encoding C;, ;. We employ a pretrained vi-
sion foundation model (Oquab et al. 2023) as our universal
control signal encoder. Its inherent understanding of rich vi-
sual semantics, learned via large-scale self-supervision, pro-
vides a powerful and robust feature extractor for diverse con-
trol conditions. To leverage the hierarchical features within
the encoder (Bolya et al. 2025a), the control representation
F. is formed by concatenating features from the i-th layers
of the encoder £. It can be expressed as:

ro=c(& M),

where &;(+) is the feature from the i-th layer of the en-
coder, C(-) represents the concatenation operation and Z is
the set of indices for the selected layers. The resulting scale-
agnostic feature F . is then tailored for injection into scale k
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Figure 3: (a) Comparison of parameter sharing for projection blocks (P ;, Py, and P;). (b) Comparison of various injection
layers set (S1, Sar, and Syy) with different structures of projection block (Linear and LinearLite). (c) Comparison of different
parameter-efficient training strategies (Frzyone, Frzsa, and Frz,y). (d) Impacts of scaling up the depth of VAR backbone (VAR-

d12, d16, and d20).

and layer [ of our Scale-wise Conditional Decoding process:

Cri = k,1(Fe) = Pri(Rhy oy, (Fe)), (5)
where R, ., denotes transforming the features to the target
spatial size (hy,wy) of scale k. Subsequently, a conditional
projection block P, ; maps to the final control signal encod-
ing CkJ.

Exploring Controlled Architectural Design

We explore several strategies to determine the optimal ar-
chitecture for SCALAR. Our primary goal is to identify the
most effective designs for encoding and injecting control
signals into the VAR’s generative process. We focus our ex-
periments on the following key architectural observations:

* Parameter Sharing of P ;. The control signal is in-
jected via projection blocks. We investigate different
parameter-sharing strategies for these layers. Specifi-
cally, we explore whether the projection weights should
be: (i) unique for each transformer layer at each scale,
marked as Py, (ii) shared across all layers, marked as
Pr, or (iii) shared across all scales, marked as P;.
Projection Blocks P, ; and Injection Layers Set S.
By default, Py ; is a single linear layer, which can be
parameter-intensive, especially when the injection set S
is large. We explore two main aspects:
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— Structure of P;, ;: We compare (i) Linear: a standard
linear layer against (ii) LinearLite: a more parameter-
efficient bottleneck structure, which consists of two
linear layers that first squeeze the channel dimension
and then expand it back.

Injection Set S: We investigate how the density of
control signal injection affects performance by testing
three configurations for S: (i) injecting only into the
first layer S; = {1}, (ii) injecting into alternating lay-
ers Sae = {1,3,5,..., L — 1}, and (iii) injecting into
all layers S, = {1,2,3,...,L}.

Parameter-Efficient Training. We analyze various
training strategies to evaluate the trade-off between
performance and the number of trainable parameters.
Specifically, we compare: (i) Frz,ope: fine-tuning all VAR
parameters, (ii) Frzga: freeze all self-attention layers of
VAR, and (iii) Frz,): freeze all VAR parameters.

For all comparisons above, we train VAR-d12 models on
ImageNet 256 x 256 with batch size 512. We train mod-
els with the above changes and compare them on Fréchet
Inception Distance (FID), Inception Score (IS), Root Mean
Square Error (RMSE, conditioned on Depth), and F1-Score
(conditioned on Canny). As shown in Fig. 3(a) and (b), the
optimal configuration employs projection blocks with scale-



Canny Depth Normal HED Sketch
T-‘/Pe‘ Method ‘M"de“ FID IS Fl ‘ FID 1S RMSE‘ FID IS RMSE‘FID IS SSIM| FID IS Fl
Diff. | T2IAdapter - |~102 ~157 - | ~99 ~134 - |~95 ~143 - [~93 ~142 - |~162 ~156 -
“|" ControlNet - |~116 ~173 - | ~92 ~150 - |~89 ~I155 - |~86 ~150 - |[~153 ~163 -
AIM-L| 9.66 - 304|739 - 350 - - -
AR | ControlAR |LG-B [10.64 - 342|667 - 324 - - -
LG-L|769 - 349|419 -  31.1 - - -
dl2 |~352 ~44 - |~267 52 - |~253 ~55 - - -
dl6 |~162 ~80 - |~13.8 92 - |~142 ~89 - - -
ControlVAR | d20 |~13.0 ~94 - |~13.4 98 - |~12.8 ~100 - - -
d24 |~15.7 ~100 - |~125 125 - |~11.8 ~123 - . -
d30 | 7.85 160.0 - | 650 1805 - | 620 1720 - - -
VAR dl6 |~12.8 ~85 - |~108 ~95 - |~11.0 ~98 - |~9.8 ~102 - |[~132 ~83 -
CAR d20 |[~102 ~125 - | ~80 ~135 - |~88 ~138 - |~72 ~144 - |~112 ~118 -
d24 | ~9.0 ~155 - |~70 ~165 - |~75 ~168 - |~65 ~176 - |~10.0 ~143 -
d30 | 830 1673 - | 690 1786 - |6.60 1759 - |5.60 1822 - |10.20 161.6 -
dl12 | 3.12 191.3 29.0| 3.83 233.3 36.03 | 3.76 225.7 28.14 |2.62 189.1 74.93| 4.55 229.6 76.6
SCALAR | d16 | 245 237.7 31.7| 3.63 285.8 34.77 | 3.70 279.5 27.64 [1.97 2225 7637| 4.51 292.4 77.0
(Ours) d20 | 2.34 2543 32.8| 3.61 301.3 33.34 | 3.51 300.9 27.57 |1.81 240.4 76.74| 422 312.7 77.4
d24 | 2.14 261.8 33.1| 3.09 306.9 33.13 | 3.09 307.2 27.45 |1.72 244.2 7698 3.57 315.5 77.6
SCALAR-Uni| d12 | 331 207.4 27.5| 421 2315 3857 | 405 222.5 29.74 [2.82 2184 71.10| 475 222.9 75.4
(Ours) dl16 | 2.78 262.4 30.8| 3.73 294.1 37.24 | 4.03 288.6 29.17 |2.53 263.9 72.73| 4.58 297.8 75.7
d20 | 2.64 2769 31.7| 3.69 310.1 37.12 | 3.56 308.5 29.48 |2.37 272.6 72.82| 4.05 311.8 75.8

Table 1: Quantitative results for conditional image generation on ImageNet. LG in “model” denotes LlamaGen, and F1 denotes
F1-Score. Values marked with ~ are estimated from reported histograms. Metrics: FID|, IST, F1-ScoreT, RMSE/|, SSIMT.
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Figure 4: Our SCALAR-Uni, a unified multi-condition con-
trol method. During training, control images are randomly
sampled with equal probability.

wise parameters for each block (Py 1), uses a standard linear
layer (Linear), and injects the control signal into all lay-
ers (Su). Fig. 3(c) shows that freezing backbone parame-
ters causes a significant reduction of control performance. In
Fig. 3(d), scaling up depth of VAR helps performance. Ac-
cordingly, we adopt the best combination of settings (P ;-
Linear-S,j-Frz o, ) for our final SCALAR model to achieve
the best performance. Further analysis details about Fig. 3
are provided in the Supplementary Material.

Unified Control Alignment

Thanks to the architectural simplicity of SCALAR, extend-
ing it to manage multiple conditions concurrently only re-
quires addressing a key challenge: the control features ex-
tracted for different modalities (e.g., Canny, Depth) reside
in distinct and potentially incompatible feature spaces. As
shown in Fig. 4, we propose a unified version, SCALAR-
Uni. The core idea is to map disparate control features into a
common, modality-agnostic latent space. We utilize the im-
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age feature space itself as the target for alignment, as it offers
a rich and universal representation of visual concepts. We
enforce alignment by introducing an auxiliary loss during
training, minimizing the L2 distance between the projected
controls and the corresponding image features:

£align = ||]:align(Fc) -

== "Fa]ign(Fc) -C <
where I, represents the corresponding image for control
signal, Fuen represents a lightweight alignment module,
implemented as a linear layer, learning to project the ini-
tial control representation F'. into this shared image feature
space. The total training loss of SCALAR-Uni can be for-
mulated as:

2
Fimg||2
2

gi Iim
iGI( g)

(6)

2

L=Lc+ )\Ealigm

where ) is a constant that regulates the alignment loss.

(7

Results

Experimental Setup

Dataset. We conduct experiments on the ImageNet-
256 (Deng et al. 2009), using 50K images from the valida-
tion set for evaluation. To assess the controllable generation
capability of our model, we consider five types of condi-
tions: Canny (Canny 1986), Depth (Ranftl et al. 2020), Nor-
mal (Vasiljevic et al. 2019), HED (Xie and Tu 2015), and
Sketch (Su et al. 2021). Training Details. We extract four
features from Image Encoder £ at the layers specified by the
indexsetZ = {d—1—Fk-|d/4] | k € {0,1,2,3}}. We
use DINOV2 (Oquab et al. 2023) as the Image Encoder for
its strong representations and scalability. We use pretrained



polecat

Figure 6: Results of controllable generation with SCALAR
by changing class labels (e.g., “polecat” — “goldfish”).

VARs with depths of 12, 16, 20, and 24, adopting DINOv2-
S for 12 and DINOv2-B otherwise. Following (Zhang, Rao,
and Agrawala 2023b), the control block is zero-initialized.
Our SCALAR and SCALAR-Uni are trained for 10 epochs
with the AdamW optimizer on 8§ H20 GPUs. For SCALAR-
Uni, we sample five control types with equal probability.

Experimental Results

We evaluate both conditional consistency and image gen-
eration quality of SCALAR and SCALAR-Uni, and we
compare them with existing controllable generation meth-
ods, based on diffusion models (Zhang, Rao, and Agrawala
2023b; Mou et al. 2024b), raster-scan AR models (Li et al.
2024d), and VAR methods (Li et al. 2024c; Yao et al. 2024).
Results for SCALAR. Results show that SCALAR out-
performs existing methods in generation quality, achiev-
ing superior FID and IS scores. Notably, even SCALAR-
d12 achieves better FID compared to ControlAR with
LlamaGen-L, while VAR-d12 uses only 50.1% of the pa-
rameters of LlamaGen-L (e.g., FID on Canny: 3.12 vs.
7.85; Depth: 3.83 vs. 4.19). In terms of conditional consis-
tency, SCALAR also demonstrates competitive performance
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Depth

|

HED Normal Sketch

Figure 7: Visual results generated by unified multi-condition
method SCALAR-Uni under varying control types.

against other State-of-the-Art (S0TA) methods. Moreover,
as the depth is scaled up, both the generation quality and
the conditional consistency of SCALAR steadily improve.
Qualitative results are shown in Fig. 5. Besides, SCALAR
also demonstrates strong generalization by synthesizing an
object of the target class while adhering to the spatial struc-
ture of the source control image, even when the label and
control structure are inconsistent, as illustrated in Fig. 6.

Results for SCALAR-Uni. Compared to other SOTA meth-
ods, SCALAR-Uni demonstrates clear advantages in im-
age generation quality while maintaining high conditional
consistency. When compared to SCALAR, SCALAR-Uni
shows a slight drop in both generation quality and consis-
tency, which may be attributed to the need to accommodate
multiple control conditions, thereby reducing the effective
training data per condition. Overall, SCALAR-Uni exhibits
strong performance and generalization as a unified frame-



Figure 8: Results of zero-shot hybrid controllable genera-
tion with SCALAR-Uni, combining two control types (e.g.,
Depth+Sketch) to generate images with both characteristics.

work for multi-condition controllable generation. More vi-
sualization details can be found in Fig. 7.

Zero-shot Hybrid Controllable Synthesis. SCALAR-Uni
is tested. We consider two different categories of control im-
ages as inputs (e.g., Depth+Sketch). In addition to the corre-
sponding control images, the class conditions of both inputs
are also fed into SCALAR-Uni. No retraining is conducted.
As shown in Fig. 8, SCALAR-Uni successfully combines
different control types and generates high-quality images
with the characteristics of both controls. It demonstrates the
strong generalization ability of SCALAR-Uni, where the
Unified Control Alignment maps diverse control features
into a common, modality-agnostic latent space.

Ablation Study

Ablations on Image Encoder £. In Tab. 2, we conduct
experiments using different image encoders (or pretraining
schemes). Unlike previous approaches (Li et al. 2024d; Yao
et al. 2024), SCALAR and SCALAR-Uni adopt frozen im-
age encoders to preserve the robust features obtained from
large-scale self-supervised pretraining. Inspired by (Bolya
et al. 2025b; Ye et al. 2025), we extract multi-layer features
including intermediate layers, instead of relying solely on
the final output, which improves image generation quality
while maintaining control consistency. As shown in Tab. 2
(a) to (e), DINOV2 outperforms other pretrained vision mod-
els such as ViT (Dosovitskiy 2020) and SAM (Kirillov et al.
2023). Furthermore, comparing (b), (c), (a), and (e) indicates
that increasing the scale of the image encoder significantly
boosts performance under the same backbone. Considering
the trade-off between parameter size and effectiveness, we
use DINOV2-S for the d12 architecture and DINOv2-B for
all other settings. The comparison from (e) to (h) demon-
strates that deeper VAR leads to further improvements in
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Image Para. Canny Depth
x| b coder & | of & [MOdellgp | F14 |FID) RMSEL
(a) | DINOvV2-S |22.1M| d12 |3.12 29.0| 3.83 36.03
(b)| VIT-S |21.8M| d12 |4.34 242|501 42.00
(¢)| VIT-B |86.4M| d12 |4.23 26.0|4.83 40.77
(d)| SAM-B |89.6M| dl12 |6.13 284|572 4041
(e) | DINOv2-B |86.6M| d12 |295 29.4|3.68 3550
(f) |DINOv2-B [86.6M | d16 | 245 31.7|3.63 34.77
(g) | DINOv2-B |86.6M| d20 |2.34 32.8|3.61 33.34
(h) | DINOv2-B |86.6M | d24 | 2.14 33.1|3.09 33.13

Table 2: Ablation of Image Encoder £ and the depth of our
SCALAR.

Canny Depth
Model FID, FIf | FID, RMSE|
SCALAR-Uni-d12 | 331 275 | 421 3857
W0 Latign ineq. 6 | 373 264 | 440  40.79
SCALAR-Uni-dl6 | 278 308 | 373  37.24
W0 Latign ineq.6 | 2.88 302 | 409  37.85
SCALAR-Uni-d20 | 2.64 317 | 3.69 3712
W0 Latign ineq. 6 | 2.84 315 | 374  36.88

Table 3: Ablations on SCALAR-Uni regarding the unified
control alignment L5,

both generation quality and control accuracy, suggesting that
deeper models can better exploit visual representations.
Ablations on Unified Control Alignment. We conduct ab-
lations on SCALAR-Uni to validate the effectiveness of Uni-
fied Control Alignment on Canny and Depth. As shown
in Tab. 3, thanks to the strong general visual representation
capability of DINOv2, SCALAR can effectively capture the
differences across modalities and achieve preliminary align-
ment of multi-modal control signals. After incorporating
Unified Control Alignment, SCALAR-Uni consistently out-
performs SCALAR across different network depths in both
image generation quality and control consistency. Results
in Tab. 3 demonstrate that SCALAR-Uni, constructed by
integrating SCALAR with Unified Control Alignment, offers
a simple and effective solution for controllable image gener-
ation under diverse conditions.

Conclusion and Future Work

Conclusion. In this work, we propose SCALAR, a con-
trollable generation method based on VAR that introduces
a Scale-wise Conditional Decoding mechanism adapted
for the hierarchical nature of VAR models. By leverag-
ing a pretrained image encoder to extract semantically
rich control features and injecting them into scale-specific
layers, SCALAR enables persistent and structured guid-
ance throughout the generation process. Our extension,
SCALAR-Uni, further supports unified multi-conditional
control. We hope our findings will inspire further research
on controllable generation within VAR models.

Future Work. (1) The spatial transform to align with each
scale is worth further study. (2) SCALAR is currently evalu-
ated only on ImageNet. We plan to extend to t2i generation.
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