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Figure 1. UniGen-AR: A Single Model for Unified Visual Generation. Our framework jointly handles 12 diverse tasks, spanning
text-to-image synthesis, restoration, and classical perception. All outputs are generated by a single, MLLM-conditioned auto-regressive
backbone, using a unified prompting interface and a single set of model weights without any task-specific heads.

Abstract

Modern computer vision pipelines remain fragmented,
with tasks like text-to-image generation, editing, restora-
tion, and classical perception handled by separate mod-
els. We study Unified Visual Generation (UVG), a set-
ting where a single model jointly addresses all these tasks.
While diffusion-based frameworks currently dominate UVG
due to their high quality and controllability, their iterative
sampling process incurs significant inference latency and
can lead to unintended global edits. To address these lim-
itations, we propose UniGen-AR, a framework that pairs

a general-purpose multi-modal language model (MLLM)
with an efficient visual auto-regressive (VAR) decoder. This
design retains the flexibility of MLLM-based conditioning
while leveraging the sampling efficiency and latent unifi-
cation properties of VAR models. In our framework, the
MLLM encodes free-form instructions and control signals
into a unified sequence, which guides the VAR decoder
to generate image-valued outputs for 12 tasks spanning
three families. Empirically, UniGen-AR achieves up to
5× lower inference latency than diffusion-based baselines
while maintaining or improving output quality. Our ab-
lations further reveal that VQ-VAE tokenizer design, par-
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ticularly codebook size and hierarchy, is a critical factor
for VAR scalability. These results establish visual auto-
regressive modeling as a compelling and efficient backbone
for unified visual generation.

1. Introduction
Modern visual generation pipelines remain fragmented:
text-to-image synthesis, local and global editing, restora-
tion, and classical vision tasks – such as depth and surface
normal estimation and semantic segmentation – are typi-
cally handled by separate models or specialized heads [2,
41, 53, 83, 84]. In this work, we study Unified Visual Gener-
ation (UVG) [27, 37, 74], a setting in which a single model
produces diverse image-valued outputs under a shared in-
terface. UVG promises shared representations, consistent
controllability, and operational simplicity. However, scal-
ing a single model to support many output types and con-
trol modalities is non-trivial: as the catalog of tasks and out-
puts grows, the model must learn to handle heterogeneous
visual domains and control signals while maintaining co-
herent behavior across all their combinations. This imposes
a combinatorial burden and severe capacity and optimiza-
tion challenges, making scalability the central obstacle for
effective UVG.

To tackle this scaling challenge, current approaches to
UVG are dominated by diffusion-based architectures [25]
paired with powerful multimodal encoders [3]. This bun-
dled design directly addresses the combinatorial challenge:
the MLLM acts as a universal interface to interpret hetero-
geneous control signals (e.g., text, reference images), while
the diffusion backbone learns a shared generative represen-
tation for the diverse image-valued outputs. These models,
e.g., Batifol et al. [5], Comanici et al. [10], Wu et al. [74], set
a high standard for output quality and task coverage. How-
ever, they incur significant computational costs: iterative
denoising, bundled with MLLM inference, yields signifi-
cant inference latency, and the global nature of the denois-
ing process often leads to unintended spurious edits [46].
These limitations motivate the search for alternative archi-
tectures that retain rich conditioning while offering a better
latency–quality trade-off.

To this end, we revisit auto-regressive (AR) modeling
as an alternative backbone for UVG. While naı̈ve AR over
coarse image tokens often struggles with fine-grained de-
tail, recent work on visual auto-regressive (VAR) model-
ing demonstrates that next-scale prediction over discrete
visual tokens can achieve high-fidelity synthesis, stable
likelihood-based training, and efficient sampling [64]. In
the context of UVG, VAR presents two key advantages: (i)
latent unification – similar to diffusion, VAR decoders can
produce both natural images and structured predictions, like
depth maps, within a shared token space; and (ii) sampling

efficiency – AR models typically require significantly fewer
steps than diffusion to achieve comparable perceptual qual-
ity [21, 64].

The VAR backbone provides sampling efficiency, but to
achieve the rich, instruction-based controllability required
for UVG [37, 74], it must be paired with a powerful mul-
timodal front-end. We therefore propose UniGen-AR, a
framework that couples a general-purpose multi-modal lan-
guage model (MLLM) with a visual auto-regressive de-
coder. This architecture is designed to retain diffusion-
style flexibility while benefiting from AR efficiency. In our
framework, the MLLM encodes free-form instructions and
diverse control signals (e.g., text, reference images) into a
unified conditioning sequence. The auto-regressive decoder
then predicts discrete visual tokens conditioned on this se-
quence, which are decoded into the final image or dense
map output via a VQ-VAE [20].

To evaluate our proposed framework, we instantiate
UniGen-AR by re-purposing a powerful pre-trained text-to-
image VAR model [21] for the full UVG setting. We train
a single backbone jointly across 12 tasks spanning three
families: text-to-image generation, classic perception, and
restoration. Typical visualizations are shown in Figure 1.
Training is performed with a unified likelihood objective
under the consistent MLLM-conditioned interface. Empiri-
cally, UniGen-AR achieves strong performance across all
12 tasks, outperforming prior AR-based systems and ex-
hibiting especially strong results on restoration and classical
perception. Compared to diffusion-based UVG models un-
der matched conditioning, UniGen-AR presents a favorable
latency–quality Pareto frontier, achieving up to ∼ 5× lower
inference latency while maintaining or improving output
quality on representative benchmarks. Ablation studies fur-
ther reveal the design of the VQ-VAE tokenizer, particularly
codebook size and hierarchy, as a critical factor influencing
performance at scale.

Our contributions are summarized as follows:
• We present, to our knowledge, the first framework that

scales visual auto-regressive modeling to the full UVG
setting, unifying open-ended synthesis, restoration, and
visual perception within a single image-out backbone.

• We demonstrate a compelling latency–quality trade-off
compared to diffusion-based systems, achieving consis-
tent speedups while maintaining or improving perfor-
mance.

• We identify and validate the importance of VQ-VAE tok-
enizer design, including codebook size and hierarchy, as
a key driver of VAR scalability and effectiveness.

• We study the bidirectional connection between multi-
modal understanding and generation, showcasing how
understanding-enhanced MLLM front-ends improve con-
trol and quality in image synthesis.
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2. Related Work

Unified visual generation aims to support tasks such as
text-to-image generation, editing, restoration, and percep-
tion within a single model. Early methods explored shared
latent spaces using variational autoencoders (VAEs) and vi-
sion transformers [31, 43, 44]. More recent approaches
have adopted diffusion-based models, pretrained on large-
scale data, to address a wide range of generative tasks un-
der a unified interface [7, 15, 22, 36, 38, 75, 77, 82]. As
a follow-up, another line of work builds MLLM-mediated
pipelines for controllable image generation [5, 37, 41, 49,
74]. For example, Qwen-Image [74], Step1X-Edit [41], and
MetaQueries [49] pair powerful multimodal front-ends with
diffusion decoders to support instruction-based rendering
and precise editing. Flux-Kontext [5] and VisualCloze [37]
focus specifically on in-context learning, enabling models
to follow few-shot examples for visual tasks.

A second strand builds MLLM-mediated pipelines for
controllable generation [5, 37, 41, 49, 74]. Among them,
Qwen-Image [74], Step1X-Edit [41], and Metaquries [49]
pair powerful multimodal front-ends with diffusion de-
coders for text rendering and precise editing. Flux-
Kontext [5] and Visualcloze [37] specifically focus on in-
context learning to enable models with the capability to
learn from few-shot examples.

A smaller yet growing body of work investigates AR
modeling for image generation [4, 18, 33, 58–60, 62].
These models typically adopt the standard “next-token pre-
diction” formulation. In contrast, our work builds on the
“next-scale prediction” paradigm introduced in visual au-
toregressive (VAR) models [64], which is better suited for
UVG due to its coarse-to-fine decoding strategy.

Visual auto-regressive models factorize image generation
into scale-wise predictions over discrete visual tokens, al-
lowing coarse-to-fine decoding. The foundational work
of Tian et al. [64] demonstrates favorable scaling laws and
superior latency–quality trade-offs compared to diffusion
models. Subsequent studies extend this formulation to con-
ditional image generation in different domains beyond Im-
ageNet [8, 35, 45, 51, 55, 68, 85].

Among them, two recent approaches adapt next-scale
VAR to text-to-image generation [21, 66]. Both adopt
cross-attention modules to inject text signals into the vi-
sual decoder, following a design similar to Stable Diffu-
sion [53]. Switti [66] introduces a refined attention masking
strategy that restricts each token to attend only to spatially
local neighbors within the current scale, improving infer-
ence speed. Infinity [21] identifies large codebook sizes
in VQ-VAE as key to achieving high-quality synthesis. A
few recent works have begun extending VAR beyond text-
to-image to support editing [46, 67, 70]. However, Edit-
Infinity [67] and related methods [70] do not support di-

rect instruction-guided UVG. Instead, they rely on indi-
rect mechanisms such as modifying attention maps or text
embeddings to steer edits. The concurrent VAREdit [46]
adapts VAR models for editing, but focuses solely on this
task and does not incorporate MLLMs or address broader
UVG settings. In contrast, we present the first framework
that combines next-scale VAR modeling with MLLM-based
conditioning to support full-spectrum UVG tasks.
Unified models aim to handle both understanding (text-
out) and generation (image-out) in a single architecture.
One direction pursues tightly-coupled token-based mod-
els [28, 29, 60, 61, 63, 69, 76]. Chameleon [63] pioneered
early-fusion, any-order modeling over text and image to-
kens in a single Transformer. Emu3 [69] extends this ap-
proach to support both understanding and generation over
images and videos, using next-token prediction on discrete
tokens. LaVIT [28] and its successors integrate LLMs with
discrete visual tokenizers to perform both perception and
synthesis tasks under a unified generative interface.

A second direction explores hybrid designs that decouple
encoding and decoding while maintaining a single interface.
These approaches pair MLLM front-ends with task-specific
decoders [12, 26, 32, 48, 73, 81], often sharing a central
autoregressive core to support both instruction following
(text-out) and controllable generation or editing (image-
out). This design balances task flexibility with operational
simplicity. Our framework follows this hybrid philosophy.
By coupling an MLLM front-end with a next-scale VAR de-
coder, we enable instruction-conditioned image generation
across a wide task spectrum. Preliminary results also indi-
cate that jointly fine-tuning the MLLM and visual decoder
improves alignment between vision and language represen-
tations, suggesting a promising path toward fully unified
multimodal models, which we leave for future exploration.

3. Method

This section presents the design of UniGen-AR (illustrated
in Figure 2). We begin by reviewing VAR modeling as the
core generative backbone. We then detail how we perform
UVG based on existing T2I VAR models.

3.1. Preliminary: Visual Auto-Regressive Modeling

Vanilla VAR models. VAR [64] generates high-fidelity im-
ages by autoregressively predicting discrete visual tokens
across multiple spatial scales. It operates in a latent space
defined by a multi-scale vector-quantized tokenizer, typi-
cally implemented via a VQ-VAE [31, 65].

Given an image I , the encoder E produces K token
maps:R = E(I) = (r1, r2, . . . , rK), rk ∈ [V ]hk×wk ,
where V is the codebook size, and spatial resolution in-
creases with scale index k (i.e., h1w1 ≤ · · · ≤ hKwK). The
decoder D reconstructs the image via: Î = D(r1, . . . , rK).

3



“Predict the 
Canny edge for 
this image.”

Qwen2.5 VLVQ-VAE
Encoder

VQ-VAE
Encoder

×	NCausal VAR

Cross 
A'n FFNSelf 

Attn

Multi-scale target tokensSoSReference tokens

Multi-scale target tokensSoSReference tokens

Text embeddings

Teacher-forcingNo supervision

!

❄

Figure 2. Architecture of UniGen-AR. Left: We extend an Infinity-style VAR backbone with a multimodal language model encoder to
support Unified Visual Generation with reference images. The MLLM encodes the instruction and reference image, whose text embeddings
seed a learnable [SoS] token and provide keys/values for cross-attention, while finest-scale reference tokens are prepended as a non-
predictive context prefix; Right: A block-wise causal mask lets all target tokens attend to reference and text context while preserving the
standard coarse-to-fine VAR schedule.

With the training multi-scale token sequenceR, VAR de-
fines an autoregressive factorization across scales:

pθ(R) =

K∏
k=1

pθ(rk|r<k), (1)

where r<k denotes tokens from coarser scales. Each rk is
predicted in parallel, conditioned on r<k and scale-specific
position embeddings. A block-wise causal mask ensures
each token in rk only attends to tokens in r≤k. Inference
proceeds sequentially from k = 1 to K, with key-value
caching for efficiency.

The model is trained with teacher forcing using the sum
of cross-entropy losses over all token positions and scales:

LVAR =

K∑
k=1

nk∑
i=1

CE
(
pθ(· | r<k), r

(i)
k

)
, (2)

where nk = hkwk is the number of tokens at scale k, and
r
(i)
k is the ground-truth token (from E) at position i.

Text-conditioned next-scale prediction. To enable text-to-
image generation, the VAR factorization in Equation (1) is
extended to condition on a prompt t, encoded by a frozen
language model ψ(t):

pθ(R) =

K∏
k=1

pθ(rk|<k, ψ(t)). (3)

Following prior work [21, 66], the text embedding ψ(t) is
injected at each transformer layer via cross-attention. A
learnable start-of-sequence ([SoS]) token, derived from a
projection of ψ(t), is prepended at the coarsest scale to

bootstrap generation. Training remains unchanged, using
block-wise causal masking and the loss in Equation (2).

Infinity [21], a state-of-the-art T2I VAR model serving
as our backbone VAR model in our main experiments, re-
places the standard categorical tokenizer with a bitwise tok-
enizer that encodes each visual token as a binary vector. In-
stead of predicting a single index, Infinity predicts the bits
of this code, so that increasing the bit-width enlarges the
effective vocabulary exponentially while only mildly grow-
ing the classifier head. This binary indexing enables ex-
tremely large visual vocabularies and thus higher-fidelity
reconstruction and richer visual details. The bitwise de-
sign remains compatible with cross-entropy-style training,
implemented as independent binary cross-entropy losses
over bits. At inference time, Infinity conditions on the
text prompt t and autoregressively generates the multi-scale
residual token maps (r1, . . . , rK) with cached key–value at-
tention states, following the VAR coarse-to-fine schedule.

3.2. From Text-to-Image to Unified Visual Genera-
tion

We use Infinity [21] as our T2I backbone and extend its
architecture to UVG with reference images. To enable
image-to-image transformations, the model must first un-
derstand the input images; we therefore introduce a multi-
modal encoder that processes reference images (and text)
into a shared token space. Our overall design is illustrated
in Figure 2.

Reference- and target-tokenization. Given a reference
image Iref and a target image Itar, we first encode them
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with the same multi-scale VQ-VAE encoder E :

Rref = E(Iref), Rtar = E(Itar). (4)

For the target image, we keep all scales Rtar =
(rtar1 , . . . , rtarK ) as in vanilla Infinity. For the reference im-
age, we only retain the finest scale rrefK , and discard coarser
scales:

Rref = (rrefK ), rrefK ∈ [V ]hK×wK . (5)

The concurrent work, EditVAR [46], also demonstrates that
finest-scale tokens are sufficient for UVG tasks. This de-
sign, prepending the finest reference tokens, leaves the orig-
inal VAR scale schedule unchanged: the reference tokens
are never traversed by the next-scale generation process and
are excluded from the loss.
Multimodal encoder. We replace the Infinity’s text en-
coder, T5 [9], with a multimodal language model ψ
(Qwen2.5-VL [3]) to encode the input instruction t, to-
gether with the reference image: Zt = ϕ(I ref, t). Simi-
lar to prior efforts in the Diffusion regime [74], Zt are the
pure text embeddings from the last self-attention layer of
the MLLM encoder to remove the redundancy. These text
embeddings are used in two ways, following Infinity [21]:
a learnable [SoS] token is obtained by projecting the text
embedding and prepended at the coarsest scale to bootstrap
generation, and the text embedding also serves as the key
and value sequence for the cross-attention layers that mod-
ulate the visual tokens.
Unified token sequence and causal masking. We unify
reference and target tokens into a single autoregressive se-
quence

s =
(
rref , [SoS], rtar1 , . . . , rtarK

)
, (6)

where the reference tokens are prepended before the [SoS]
token. Conceptually, rref acts as a non-predictive con-
text prefix, the [SoS] token marks the autoregressive start,
and the multi-scale target tokens follow the standard VAR
schedule.

We implement a block-wise causal mask M ∈
{0, 1}|s|×|s|, visualized on the right side of Figure 2, that
enforces:
• reference tokens are visible to all subsequent tokens

([SoS] and target tokens) but are never used as prediction
targets;

• the [SoS] token and all target tokens respect the original
next-scale causal ordering: tokens in scale k can attend to
reference tokens, [SoS], and all tokens in rtar<k, but not to
future scales.

Training and inference. Training follows teacher forcing
as in Equation (2). At inference time, we perform iterative
next-scale prediction as in standard VAR: we first sample
rtar1 conditioned on rref and t, then proceed to finer scales
until rtarK is obtained. Due to the causal mask, tokens at each

step can freely attend to the entire reference sequence and
the text context while respecting the multi-scale ordering.
When no reference image is provided, the same decoding
procedure reduces to conventional T2I generation.

4. Experimental Evaluations
4.1. Experimental Setup

Training data. Following prior work [37, 72, 77], we train
UniGen-AR using publicly available paired datasets. For
text-to-image (T2I) generation, we use the LAION-COCO-
Aesthetic subset [54, 77], containing approximately 4M
images. For perception tasks, we adopt the Graph200K
dataset from VisualCloze [37], which provides 200K im-
ages paired with annotations for depth estimation, surface
normals, edge detection, and human pose estimation. For
image restoration, we consider five tasks: deblurring, de-
raining, colorization, inpainting, and low-light enhance-
ment. We follow the processing scheme of VisualCloze
to generate the noisy version of these labels. For referring
image segmentation, we use RefCOCO [80], which con-
tributes roughly 320K (image, mask, text) triplets. For style
transfer, we train on StyleBooth [23], containing around
11K images. In total, our training corpus comprises roughly
6M paired examples across 12 UVG tasks.
Implementation details. We initialize our system from
the pretrained Infinity-2B model [21]. We replace its orig-
inal T5 [9] text encoder with Qwen2.5-VL (3B) [3] for
multimodal conditioning. Following [74], we extract only
the textual embeddings from the MLLM and omit visual
embeddings. Training proceeds in two stages: Stage I
(alignment). We freeze the entire Qwen2.5-VL and In-
finity backbones, except for the text-normalization layer,
text-projection layer, and unconditional embeddings used
for classifier-free guidance. This aligns the pretrained In-
finity decoder with the new Qwen2.5-VL conditioning. In
this stage, we only train the model with the T2I data. Stage
II (UVG training). We jointly train the Infinity backbone
components on the full mixture of 12 tasks. Each batch is
either a pure T2I batch or a mixed batch drawn from all
other tasks, with the T2I sampling probability set to 0.25.
All outputs are generated at a fixed resolution of 512×512.

Stage I is trained for 2 epochs with an effective batch
size of 256; Stage II is trained for 100K steps with an effec-
tive batch size of 128. We use AdamW [42] with learning
rates of 1e-4 (Stage I) and 5e-6 (Stage II). Training requires
approximately 3 days for Stage I and 7 days for Stage II on
a single NVIDIA H100 node.
Evaluation benchmarks. We evaluate on three groups of
tasks. T2I generation: GenEval benchmark [19], follow-
ing Infinity [21]. Perception tasks: depth estimation and
surface normals on NYUv2 [56]. Restoration tasks: low-
light enhancement on LOL [71], deblurring on GoPro [47],
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Figure 3. Qualitative comparisons across UVG tasks. UniGen-AR consistently produces higher-quality results than the UVG baseline
OmniGen and achieves visually comparable or superior outputs to specialized models, notably outperforming InstructIR [11] on deraining.

Model # Params GenEval
Two Obj. Position Color Attr. Overall

SDv1.5 [53] 0.9B 0.38 0.04 0.06 0.43
SDv2.1 [53] 0.9B 0.51 0.07 0.17 0.50
DALL-E 2 [52] 6.5B 0.66 0.10 0.19 0.52
DALL-E 3 [6] - - - - 0.67
SDXL [50] 2.6B 0.74 0.15 0.23 0.55
SD3 (d=21) [14] 2B 0.74 0.34 0.36 0.62

LlamaGen [57] 0.8B 0.34 0.07 0.04 0.32
Chameleon [63] 7B - - - 0.39
Emu3 [69] 8.5B 0.81 0.49 0.45 0.66
Infinity [21] 2B 0.85 0.49 0.57 0.73

UniGen-AR (Ours) 2B 0.76 0.41 0.45 0.68

Table 1. GenEval Text-to-Image Results. Comparison with
diffusion-based models (top) and autoregressive models (bottom).
UniGen-AR achieves competitive performance while using only
public data and supporting 12 unified visual generation tasks.

and deraining on Rain-13K [16].
Qualitative comparisons for all tasks appear in Figures 1

and 3, with additional examples provided in the supplemen-
tary. More details about our training data and implementa-
tion are also included in the supplementary.

4.2. Main results
We report results on T2I generation (Table 1), perception
tasks, and image restoration (Table 2). Representative out-

puts are shown in Figure 3. For T2I, we compare against
both diffusion-based and autoregressive models; for percep-
tion and restoration tasks, we compare with specialized task
models and recent UVG systems.

Text-to-image generation. Table 1 shows that: (1)
UniGen-AR achieves strong performance on GenEval, out-
performing larger diffusion-based models such as DALL-E
2 [52], demonstrating that next-scale VAR remains compet-
itive even in the unified setting. (2) Compared with the In-
finity checkpoint, our model shows a mild drop in perfor-
mance, likely due to Infinity’s use of large-scale proprietary
training data. (3) Despite using only public data, our model
surpasses diffusion counterparts with similar model sizes,
including SD3 (2B) [14]. This suggests that VAR-based
backbones retain strong prior knowledge during finetuning
and remain a compelling alternative to diffusion for control-
lable image generation.

Perception and image restoration tasks. Based on the
results in Table 2, we offer the following observations:
(1) UniGen-AR consistently outperforms the strongest AR-
based UVG model X-Prompt [60] across all evaluated tasks,
highlighting the advantage of coarse-to-fine refinement in
next-scale prediction. (2) Compared with specialized task-
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Model NYUv2-Depth NYUv2-Normal LOL-Lowlight GoPro-Deblur Rain100L-Derain
RMSE (↓) Mean Angle Err ↓ PSNR (↑) SSIM (↑) PSNR (↑) SSIM (↑) PSNR (↑) SSIM (↑)

Depth Anything [78] 0.206 - - - - - - -
Marigold [30] 0.224 - - - - - - -
Bae et al. [1] - 14.90 - - - - - -
InvPT [79] - 19.04 - - - - - -
AirNet [34] - - 18.18 0.735 24.35 0.781 32.98 0.951
InstructIR [11] - - 23.00 0.836 29.40 0.886 36.84 0.937

InstructCV [17] 0.297 - - - - - - -
UnifiedIO [43] 0.387 - - - - - - -
OmniGen [77] 0.480 - 13.38 0.392 13.39 0.321 12.02 0.233
X-Prompt [60] 0.277 19.17 19.71 0.810 21.04 0.761 25.53 0.843

UniGen-AR (Ours) 0.245 18.76 21.03 0.825 22.99 0.774 33.71 0.926
Table 2. Results on Perception and Restoration Tasks. UniGen-AR significantly outperforms AR-based UVG prior work (X-Prompt)
and demonstrates competitive performance on image restoration tasks.

Model Two Obj. Position Color Attr. Overall inf. time (s/img)

SD3 (d=21) 0.74 0.34 0.36 0.62 3.18
Infinity 0.85 0.49 0.57 0.73 0.92

Qwen+SD3 0.68 0.36 0.29 0.52 5.23
Qwen+Infinity 0.75 0.45 0.43 0.64 1.05

Table 3. Diffusion vs. VAR decoders. We compare SD3 (diffu-
sion) and Infinity (VAR) under identical finetuning settings. VAR
provides better generation accuracy and is substantially faster at
inference.

specific models, a performance gap remains—reflecting the
inherent challenge of UVG, where a single model must
master diverse, heterogeneous objectives. (3) Notably, our
model showcases superior performance on the restoration
tasks. In particular, for low-light enhancement and derain
tasks, our model surpasses a dedicated restoration model
(AirNet [34]), suggesting that the bitwise VQ-VAE used in
Infinity provides a favorable structure for correcting token-
level degradations.
Qualitative comparisons. Figure 3 illustrates that UniGen-
AR produces higher-quality results than the UVG baseline
OmniGen [77] across all evaluated tasks. Moreover, for
most tasks, our outputs are visually comparable to those
of specialized models. Notably, on the deraining task,
UniGen-AR achieves cleaner rain removal than the state-of-
the-art dedicated model InstructIR [11]. These qualitative
results further highlight the strength of our MLLM–VAR
architecture for UVG and suggest promising potential for
real-world applications.

4.3. Ablation Study

Diffusion vs. VAR. We first compare the impact of the de-
coder architecture by replacing the Infinity VAR decoder
with the SD3 diffusion decoder, while keeping all other
training settings (i.e., data, steps, resolution) identical. For
efficiency, all variants are finetuned for two epochs on the
T2I subset only; therefore, absolute numbers differ from Ta-

Model LOL-Lowlight GoPro-Deblur Rain100L-Derain
PSNR (↑) PSNR (↑) PSNR (↑)

Infinity + T5 20.10 22.17 29.32
Infinity + Qwen 21.03 22.99 29.71

Table 4. Effect of multimodal encoder. Replacing T5 with
Qwen2.5-VL leads to significant improvements on all restoration
tasks, indicating the benefit of multimodal grounding.

ble 1. Results are summarized in Table 3.
Both models exhibit performance drops relative to their

original checkpoints, primarily due to the substantially
smaller and purely public finetuning data. Nevertheless, un-
der this controlled setting, the VAR-based Infinity decoder
consistently outperforms the diffusion-based SD3 decoder
across all GenEval categories. This highlights next-scale
prediction as a robust alternative to diffusion when fine-
tuned jointly with a multimodal encoder. Interestingly, in-
tegrating Qwen2.5-VL improves the spatial grounding ca-
pability of the SD3 variant – its Position score increases
from 0.34 to 0.36 with poorer training data, showcasing the
benefit of replacing a text-only encoder with an MLLM for
UVG. Finally, the Infinity variants achieve approximately
5× faster inference than their SD3 counterparts, underscor-
ing the practical appeal of VAR for real-time or interactive
generation workloads.
Choice of multimodal encoder. To evaluate the value
of multimodal conditioning, we compare Qwen2.5-VL [3]
with the original T5 [9] encoder used in Infinity. Both
variants are trained on the same data and with the same
schedule. Table 4 reports results on three image restora-
tion tasks. The Qwen-based model achieves notably higher
PSNR across all tasks. This suggests that sending both the
reference image and the instruction prompt into an MLLM
yields text embeddings that implicitly encode object- and
region-level semantics, which are more informative than the
purely linguistic embeddings produced by T5. As UVG
tasks often require localized reasoning, this multimodal
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Figure 4. Impact of visual tokenizers. Better reconstruction
fidelity leads to substantially improved generation quality, high-
lighting the tokenizer as a key design factor in VAR-based models.

grounding becomes particularly beneficial.
Impact of visual tokenizer. We further study the influence
of the discrete visual tokenizer by training three variants us-
ing VQ-VAEs from VAR [64], Switti [66], and Infinity [21].
Different from the core experiment, here we finetune the
checkpoint from the vanilla VAR model All models are
trained in a single-stage T2I setting for two epochs. Figure 4
shows reconstruction FID (rFID) on ImageNet [13, 24] and
GenEval [19] performance. We observe a strong inverse
correlation between rFID and generation quality: tokeniz-
ers with lower reconstruction error yield higher GenEval
scores. This underscores the visual tokenizer as a central
bottleneck in VAR-style architectures. Improving token ex-
pressiveness and reconstruction fidelity remains a promis-
ing direction for advancing VAR generation.

4.4. Multimodel Understanding and Unified Visual
Generation

Thus far, we have focused on how an MLLM can provide
stronger conditioning signals for the VAR backbone. In this
experiment, we take a slightly different perspective: treat-
ing UniGen-AR as a visual-output branch of an MLLM, we
investigate whether improving the MLLM’s understanding
ability can, in turn, enhance its visual generation.

To control for data and isolate the effect, we exclusively
reuse the same T2I subset employed for training the gen-
erator. Each T2I sample is repurposed into a VQA-style
instance by converting the caption into an answer and as-
signing a fixed question template: “Generate a caption
for this image.” To increase linguistic diversity, we follow
and pre-sample 50 paraphrased variants of this question via
Qwen2.5-VL itself for training. During joint training, we
finetune the last 10 layers of Qwen2.5-VL together with the

Setting Two Obj. Position Color Attr. Overall

Ours ((UVG only)) 0.75 0.45 0.43 0.64
Ours (Joint MMU+UVG) 0.82 0.47 0.46 0.69

Table 5. Multimodal understanding improves unified visual
generation. Jointly finetuning Qwen2.5-VL for multimodal un-
derstanding leads to consistent performance gains on GenEval, es-
pecially for multi-object reasoning, highlighting the practicality of
coupling understanding with generation.

Infinity decoder. The multimodal-understanding loss up-
dates only the Qwen layers, whereas the UVG loss updates
both Qwen and Infinity in a coupled manner. All variants
are trained for two epochs on T2I data for fair comparison.

Table 5 reports the results. We observe that jointly train-
ing for multimodal understanding consistently improves
T2I generation quality. The gains are especially pronounced
for the Two Objects category in GenEval, which requires
resolving relationships across multiple entities—an ability
naturally strengthened by the auxiliary understanding ob-
jective. These findings suggest that multimodal understand-
ing and multimodal generation are mutually beneficial: en-
hancing the semantic reasoning capability of the MLLM
leads to improved visual generation fidelity. This synergy
points toward a promising direction for future unified archi-
tectures that treat understanding and generation as tightly
coupled objectives rather than isolated tasks.

5. Limitation and Future Work

Limitation. A key limitation of our current design lies in
its fixed output resolution of 512 × 512. While this choice
simplifies training across heterogeneous tasks, it prevents
UniGen-AR from flexibly adapting to inputs of arbitrary
size. Adopting the dynamic-resolution strategies used in
Stable Diffusion [53] and Infinity [21], e.g., multiple groups
of resolution choices and spatial padding, represents a prac-
tical next step toward broad deployment.

We additionally present typical failure modes in the sup-
plementary material.

We have three future research directions following
the current work: First, extending UniGen-AR to addi-
tionally handle editing tasks remains an important avenue,
especially those requiring fine-grained, spatially localized
modifications. Second, inspired by recent advances in
MLLMs [39, 40] and diffusion transformers [5, 14], we aim
to move from cross-attention conditioning toward a unified
self-attention architecture, which we believe offers stronger
coupling between modalities and improved controllability.
Finally, our preliminary findings suggest that joint training
of the MLLM and VAR decoder benefits multimodal align-
ment; we therefore see fully unified modeling – capable
of both multimodal understanding (text-out) and generation
(image-out) – as an exciting long-term goal.
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