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Zoom in on the bird’s upper 
body. Change background 
to a harbor. A bright scene.
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User has three editing 
instructions. The first step is to 
zoom in on the bird’s upper body.

First step is completed. 
Now, change the 
background to a harbor.

Background is changed. 
Let’s edit the third step: 
increase brightness.
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Replace the bread with 
grilled salmon.

Add teriyaki sauce on top 
of it.

Add teriyaki sauce on top 
of the salmon.

Replace it with steak.
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Figure 1. Multimodal chain-of-thought enables test-time scaling through emergent cognitive behaviors. We propose the UniT frame-
work for unified multimodal models, which induces subgoal decomposition for compositional tasks and unlocks content understanding and
memory for multi-turn editing. Controlling the number of test-time images, chain-of-thought sequential scaling outperforms best-of-N
parallel scaling across generation and reasoning benchmarks. User input Model output

Abstract

Unified models can handle both multimodal understanding
and generation within a single architecture, yet they typ-
ically operate in a single pass without iteratively refining
their outputs. Many multimodal tasks, especially those in-
volving complex spatial compositions, multiple interacting
objects, or evolving instructions, require decomposing in-
structions, verifying intermediate results, and making itera-

tive corrections. While test-time scaling (TTS) has demon-
strated that allocating additional inference compute for it-
erative reasoning substantially improves language model
performance, extending this paradigm to unified multi-
modal models remains an open challenge.

We introduce UniT, a framework for multimodal chain-
of-thought test-time scaling that enables a single unified
model to reason, verify, and refine across multiple rounds.
UniT combines agentic data synthesis, unified model train-
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ing, and flexible test-time inference to elicit cognitive be-
haviors including verification, subgoal decomposition, and
content memory. Our key findings are: (1) unified mod-
els trained on short reasoning trajectories generalize to
longer inference chains at test time; (2) sequential chain-of-
thought reasoning provides a more scalable and compute-
efficient TTS strategy than parallel sampling; (3) train-
ing on generation and editing trajectories improves out-of-
distribution visual reasoning. These results establish mul-
timodal test-time scaling as an effective paradigm for ad-
vancing both generation and understanding in unified mod-
els.

1. Introduction
Unified multimodal models [15, 66, 80] aim to merge vi-
sion, language, and more modalities into a single architec-
ture capable of both understanding and generation. Un-
like modular pipelines where separate models handle per-
ception, verification, and generation, unified models handle
all modalities within one coherent conversation, enabling
richer cross-modal grounding, continuous contextual track-
ing, and seamless interleaving of understanding and gener-
ation. However, despite this potential, existing unified mod-
els still operate mostly in a single-pass mode: they produce
an output once, without explicit mechanisms for evaluat-
ing, reflecting on, or refining their predictions. This limita-
tion becomes fundamental for tasks that intrinsically require
multi-step reasoning and self-correction, such as composi-
tional generation, multi-turn editing, and complex visual
reasoning - settings where both humans and AI naturally
benefit from extended reasoning.

Recent advances in language models have demonstrated
that test-time scaling (TTS)—allocating additional com-
putational resources during inference through extended
chain-of-thought reasoning, verification, and iterative re-
finement [13, 46, 55]—enables substantial performance
gains on complex reasoning tasks in mathematics [12], cod-
ing [7], and logic [57]. Early work on multimodal chain-of-
thought has shown similar benefits for single-round visual
understanding and generation [10, 18, 26, 53, 69]. Yet, test-
time scaling for unified multimodal models remains largely
unexplored. The challenge is nontrivial: test-time scaling
requires capabilities that currently scatter across specialized
models (image generation models for generation, vision-
language models for verification, image editing models for
refinement). Bridging this gap requires a unified framework
that systematically integrates data synthesis, model training,
and inference mechanisms for multimodal test-time scaling.
This motivates the central question:

How to enable scalable multimodal inference that al-
lows unified models to iteratively generate, reflect, and re-
fine?

We introduce UniT, a unified framework for multimodal
chain-of-thought test-time scaling. Scalable multimodal in-
ference requires the tight integration of three components:
(i) Agentic data synthesis to induce cognitive behaviors
through multi-round trajectories. We develop an automated
pipeline (Fig. 2) where vision-language models iteratively
critique and image editing models refine generated images
with explicit chain-of-thought reasoning. This naturally
produces training data exhibiting three critical cognitive be-
haviors [19]: verification—evaluating outputs against in-
structions; subgoal decomposition—breaking complex in-
structions into sequential planning steps; content mem-
ory—maintaining understanding of visual content across
rounds through unified multimodal context. (ii) Unified
model training to enable the model to internalize multi-
modal reasoning patterns. We collect approximately 12K
multi-round trajectories and fine-tune the Bagel unified
multimodal model [15] for 700 H100 hours, enabling it to
perform both understanding and refinement without switch-
ing models. (iii) Multimodal test-time scaling at inference
with flexible computational budget. The trained model per-
forms all reasoning, generation, and refinement iteratively
through explicit multimodal chain-of-thought thinking, al-
locating more rounds to more challenging tasks.

The synergy of these components enables the model to
act as a single, coherent multimodal reasoner capable of
self-evaluation and iterative improvement. The UniT frame-
work exhibits strong test-time scaling behavior (Fig. 1) with
emergent capabilities. Most notably, models trained on
shorter reasoning trajectories (averaging 3.6 rounds) effec-
tively generalize to longer inference chains at test time (av-
eraging 4.7 rounds) (Fig. 4), echoing patterns previously
seen only in text-only models [55]. Furthermore, chain-of-
thought sequential scaling substantially outperforms best-
of-N parallel sampling, achieving comparable performance
with 2.5× less computational cost (Fig. 1). This demon-
strates that iterative refinement with explicit reasoning pro-
vides more efficient use of inference compute than parallel
sampling. Critically, UniT achieves 5.56% improvement on
CompBench multi-object editing, 2.95 human preference
scores on ImgEdit multi-turn editing, and 10.34% on OneIG
instruction following compared to single-pass generation.
Moreover, it improves out-of-distribution visual reasoning
on MIRA by 53.33%, establishing multimodal chain-of-
thought test-time scaling as a unified paradigm that benefits
both generation and comprehension.

We summarize our contributions as follows:
• Unified multimodal test-time scaling. We propose

UniT, a unified framework for multimodal chain-of-
thought test-time scaling, integrating agentic data synthe-
sis, unified model training, and test-time scaling mecha-
nisms.

• Emergent extrapolation to longer reasoning chains.
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Image Gen Model

A bookshelf with no books, only picture frames.

VLM

… Wait, no: the user's request is 
"no books, only picture frames”…
Remove all books from the 
bookshelf.

VLM

…The current image has no 
picture frames…
Add picture frames to all shelves 
of the bookshelf.

Image Editing Model

Image #3 has zero discrepancies.
Image #1 has picture frames but 
books. 
Image #2 has no picture frames.
So Image #3 is best.
The user prompt is satisfied.

VLM

Image Editing Model

Figure 2. Agentic framework for synthesizing chain-of-thought
training data. Starting from a user prompt, an image generation
model generates an initial image. A vision-language model then
performs verification - evaluating whether the output satisfies the
prompt. When unsatisfactory, the VLM engages in explicit sub-
goal decomposition through thinking tokens, planning concrete
improvements, and rewriting editing instructions. This iterative
loop continues until verification succeeds, generating multi-turn
reasoning trajectories that teach unified models to refine outputs
through test-time computation. The explicit reasoning traces of
the three models capture how cognitive behaviors emerge from the
interplay between generation, verification, and planning.

We demonstrate that models trained on shorter trajecto-
ries generalize to longer inference chains at test time, ex-
trapolating beyond the training distribution.

• Broad improvements across multimodal tasks. UniT
achieves substantial gains on compositional genera-
tion/editing, multi-turn editing, and visual reasoning, es-
tablishing chain-of-thought test-time scaling as a unified
paradigm for both generation and understanding tasks.

2. Related Works
Test-time scaling. Test-time scaling allocates additional
computation during inference to improve model perfor-
mance. We distinguish two primary approaches: parallel
and sequential methods. Parallel scaling generates multi-

ple independent candidates and selects the best via criteria
such as best-of-N sampling [4, 34] or majority voting [29],
typically guided by outcome reward models [1, 70]. Se-
quential scaling [24, 33, 56] enables iterative refinement
where models critique and improve outputs across multi-
ple rounds. Self-refinement approaches [43] exemplify this
by having models explicitly reason about deficiencies and
produce progressively better solutions. Tree-based meth-
ods such as Monte Carlo Tree Search [11, 37, 75, 78] and
REBASE [68] occupy a middle ground, using process re-
ward models [35, 62, 64] to guide structured search. Recent
breakthroughs including o1 [46] and DeepSeek-R1 [13]
demonstrate that reinforcement learning enables effective
utilization of extended inference computation. Budget forc-
ing [45, 56] trains models to produce reasoning chains of
controllable cost by varying computational budgets during
training. While most test-time scaling research focuses on
text-only reasoning, recent work has explored search-based
methods for image and video generation [23, 36]. How-
ever, unified multimodal test-time scaling interleaving text
and images remains largely unexplored, which we address
in this work.

Unified multimodal models. Unified models that jointly
handle understanding and generation have attracted sub-
stantial interest. Autoregressive approaches [9, 40, 50, 59,
63, 66] extend next-token prediction to both text and dis-
crete image tokens. Additional diffusion methods [16, 48,
60, 61] augment language models with external diffusion
modules for image generation. Unified integrated trans-
formers [15, 41, 54, 72, 79] deeply integrate language mod-
eling and diffusion within single architectures. Our work
builds upon Bagel [15], pretrained on large-scale inter-
leaved text-image sequences. Our framework generalizes
to all three paradigms as they naturally handle interleaved
multimodal inputs and outputs.

Multimodal chain-of-thought. Chain-of-thought reason-
ing [65] has proven effective for text-based problem-
solving, motivating extensions to multimodal tasks. Vi-
sual chain-of-thought methods [17, 25, 27, 39, 53, 76] in-
corporate visual representations into reasoning steps for
multimodal understanding. Recent work explores inter-
leaved reasoning [21, 26] across text and visual modali-
ties. Uni-CoT [49] further demonstrates a unified model
that couples macro- and micro-level reasoning for vision-
language understanding, but it does not study compute scal-
ing or iterative editing. In text-to-image generation, stud-
ies investigate whether explicit reasoning improves gener-
ation quality [15, 18, 22, 31, 69]. Reflection-based ap-
proaches [10, 67, 82] iteratively critique and refine gener-
ated images. Our work differs by focusing on both seman-
tic correctness and visual quality through test-time scaled
refinement, while demonstrating that multimodal chain-of-
thought benefits both generation and understanding tasks as
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a unified paradigm.

3. Method
We extend test-time compute scaling from text-only reason-
ing to unified multimodal models. As illustrated in Fig. 2,
we develop an agentic framework to automatically collect
chain-of-thought training data, then control test-time com-
putational budget through iterative refinement rounds. Se-
quential chain-of-thought scaling outperforms parallel best-
of-N sampling (Fig. 1) while inducing emergent cognitive
behaviors—verification and subgoal decomposition.
Key distinction. The multi-model agentic framework de-
scribed in Sec. 3.1 is used solely for synthesizing training
data. At inference time (Sec. 3.3), we use only the single
unified BAGEL model [15], which performs all planning,
generation, reflection, and refinement operations without
external models.

3.1. Multimodal Chain-of-Thought Data
Agentic data collection pipeline. Our automated
pipeline synthesizes multimodal chain-of-thought trajecto-
ries through iterative reflection-editing (Fig. 2):
1. Prompt generation: Llama-4-Scout-17B-16E [44] gen-

erates 20K diverse prompts covering compositional at-
tributes, spatial relations, and complex multimodal tasks
based on [58].

2. Initial generation: Flux Pro [3] produces initial images
from prompts. For complex prompts, the VLM (Qwen3-
VL) decomposes the prompts into subgoals and executes
the first step in initial generation.

3. Reflection: Qwen3-VL [51] evaluates whether the im-
age satisfies the prompt. If not, it generates ex-
plicit chain-of-thought reasoning, identifying deficien-
cies, planning improvements, and specifying editing in-
structions.

4. Refinement: Flux Kontext [32] or Qwen-Image-Edit
[52] applies editing instructions.

5. Iteration: Steps 3-4 repeat until the VLM determines
the output satisfies the prompt.

Cognitive behaviors. As demonstrated in Fig. 1, 2, this
agentic pipeline naturally induces three critical cognitive
behaviors: (i) verification—VLMs evaluate outputs against
specifications to determine when refinement is needed; (ii)
subgoal decomposition—complex compositional tasks are
planned in sequential editing steps; (iii) content mem-
ory—the model maintains understanding of image content
across refinement rounds through unified multimodal con-
text.
Data filtering. We apply quality filtering to ensure training
efficiency:
• Length constraint: Trajectories exceeding 8 rounds are

removed to balance efficiency with reasoning depth.

Method Alignment↑
NP T&P Short Medium Long Overall

Janus-Pro [8] 0.557 0.533 0.609 0.548 0.515 0.552
BLIP3-o [6] 0.719 0.671 0.754 0.712 0.674 0.706
Bagel [14] 0.776 0.734 0.782 0.769 0.759 0.764
Bagel+CoT [14] 0.798 0.767 0.824 0.793 0.767 0.790

UniT 0.853 0.844 0.859 0.849 0.812 0.843

Table 1. Compositional generation, OneIG-Bench. NP de-
notes the natural language prompt. T&P denotes the tag-based
and phrase-based prompt. Short, Medium and Long represent the
length of the prompts, where Short denotes the number of words
is less than 30, Medium denotes the number between 30 and 60,
and Long denotes the number exceeding 60. Bagel+CoT indicates
Bagel with text-only chain-of-thought.

• Quality regression: Trajectories where the final image
has worse instruction-following quality than any of the
first three images (measured by Qwen3-VL) are removed.

• Relevance filtering: Individual rounds with editing
prompts semantically irrelevant to the original task (mea-
sured by Llama-4-Scout-17B-16E) are removed.

• Minimal visual changes: Rounds with perceptual editing
distance below LPIPS < 0.03 [74] between consecutive
images are removed.

• Benchmark deduplication: Training prompts are dedu-
plicated from evaluation benchmarks using 5-gram
matching to prevent data leakage.

This filtering retains 12k high-quality trajectories for
training.

3.2. Training and Inference

Training. We use Bagel [15], a unified multimodal ar-
chitecture with understanding and generation capabilities,
trained on the dataset from Sec. 3.1 for 700 H100 hours. To
simulate user prompts for multi-turn editing, 10% of inter-
mediate image editing instructions don’t require losses.
Inference. We adopt a framework that incorporates two
complementary classifier-free guidance (CFG) schemes ap-
plied in a nested manner: (1) text CFG, conditioning
with versus without the current text instruction, and (2)
image CFG, conditioning with versus without all images
in the generation history (including both the initial input
image if exists and previously generated outputs). For-
mally, let vt denote the fully conditional prediction, vt,unc
the text-unconditional prediction, and vi,unc the image-
unconditional prediction. We apply CFG sequentially: first
text guidance vtext = vt,unc + st(vt − vt,unc), then image
guidance vfinal = vi,unc + si(vtext − vi,unc), with scales
st=4.0 and si=2.0. The nested application—where im-
age guidance is applied on top of the text-guided predic-
tion—enables independent control over prompt adherence
and visual consistency. This strategy helps maintain strong
alignment with text instructions while preserving structural
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Bagel UniT

The dog with a leash sits 
quietly, and the other 
without a leash runs 
wildly.

Remove the shoes, add 
a helmet on top of the 
skateboard, change 
the background to 
outdoor skatepark.

Remove the grass in front of the bear. 
Add the yellow flowers in the bottom 
right corner of the image. 
Change the style to cartoon style.

Figure 3. UniT enables iterative refinement for compositional instructions through multimodal chain-of-thought reasoning. UniT
exhibits: (i) error verification and correction—identifying and fixing constraint violations that Bagel misses (top: correcting leash
placement and dog action); (ii) subgoal decomposition with subject consistency—sequentially addressing instructions while maintaining
subject identity across rounds (middle: preserving bear features through style transformation, bottom: skateboard consistency); (iii) quality
preservation—maintaining visual fidelity through iterative refinement rather than degradation (top: reduced artifacts and haloing).

coherence across multi-turn editing sequences, with notable
benefits for generation quality and consistency in iterative
refinement workflows.

The original untrained Bagel model can also be forced to
reason chain-of-thought with our inference code. However,
the image quality degrades quickly as context images scale
and the Bagel model can’t verify its image outputs prop-
erly. It usually hallucinates visual content according to user
prompts. Thus the untrained Bagel model is not feasible for
practical multimodal chain-of-thought reasoning. Training
is required to enable effective multimodal chain-of-thought
reasoning.

3.3. Budget Forcing for Test-time Scaling
We adapt budget forcing [45] from text-only to mul-
timodal test-time scaling. While text-based methods
control reasoning tokens, we control image generation
rounds, which dominate inference latency. At test time,
the unified BAGEL model performs all operations au-
tonomously—planning, generation, reflection, and refine-
ment—without relying on external models.
Controlling computational budget. At inference, we
specify computational budget C as the number of image
generation rounds. Each round consists of textual chain-of-
thought reasoning followed by image generation or editing.
To enforce budget C:

• Forcing extended reasoning: If the model terminates be-
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Figure 4. Training vs. inference round distribution demon-
strates beyond-training generalization. The model is trained on
trajectories averaging 3.6 refinement rounds, but effectively gener-
alizes to longer inference chains averaging 4.7 rounds at test time.
This distribution shift reveals the model’s emergent ability to ex-
tend inference beyond its training distribution, a key property of
effective test-time scaling.

fore C rounds, we suppress EOS, append “Let’s edit the
image”, wait for reasoning completion, then force image
generation.

• Budget constraint: If the model generates more than C
images, we use only the final image from round C.
This enables studying sequential chain-of-thought scal-

ing (iterative refinement building on previous outputs) ver-
sus parallel best-of-N scaling (generating N independent
images and selecting the best). We present detailed scaling
analysis in Sec. 5.1.
Beyond-training generalization. Models trained on trajec-
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Content Content Version
Method Memory Understand Backtrack Overall

Bagel [14] 1.76 1.34 0.82 1.31
Bagel+CoT [14] 2.24 2.67 0.84 1.92

UniT 4.29 5.02 3.48 4.26

Table 2. Multi-turn editing, ImgEdit. Human evaluation score
from 0-10, normalized over 3 turns of editing.

tories averaging 3.6 rounds generalize to longer inference
chains averaging 4.7 rounds at test time (Fig. 4), exhibit-
ing problem-solving capabilities beyond their training dis-
tribution. This establishes test-time compute as a general
paradigm for unified multimodal models.

4. Experiments

We evaluate on text-to-image generation, compositional
editing, multi-turn editing, and visual reasoning bench-
marks. Chain-of-thought TTS achieves substantial gains
across both generation and understanding tasks.

4.1. Experiment Settings

Evaluation setup. We evaluate with computational budgets
C=1 to C=10 (maximum due to GPU memory), controlled
via Sec. 3.3. For ImgEdit multi-turn editing, we apply C
refinement rounds independently to each of three sequen-
tial turns, with maximum C=4 per turn due to memory con-
straints.
Baselines. We compare: (1) Bagel, base model without
chain-of-thought; (2) Bagel+CoT, textual thinking only;
(3) UniT, our full multimodal chain-of-thought with inter-
leaved text and image reasoning. We report C=10 rounds
(C=4 for ImgEdit) unless specified otherwise.
Human evaluation protocol. For ImgEdit multi-turn edit-
ing, 3 expert annotators with computer vision backgrounds
independently rate outputs on a 0-10 scale across three cri-
teria: content memory (tracking edits across turns), con-
tent understanding (correctly interpreting instructions), and
version backtracking (maintaining coherence). We evalu-
ate 100 randomly sampled test examples per method. Inter-
annotator agreement is high (Krippendorff’s α = 0.82), and
final scores are averaged across annotators.

4.2. Compositional Generation and Editing

We evaluate on OneIG-Bench-EN [5] for compositional
generation (Table 1), achieving 10.34% improvement over
base model at C=10. On CompBench [30] multi-object
compositional editing subset (Table 3), we achieve 5.56%
improvement from C=1 to C=10. Fig. 1 demonstrates that
iterative refinement with explicit reasoning enables better
compositional understanding and generation.

Foreground Background
Method LC-T↑ LC-I↑ PSNR(dB)↑ SSIM↑ LPIPS↓ Overall↑

HQ-Edit [28] 19.163 0.757 12.987 0.412 0.421 0.007
UltraEdit [77] 20.022 0.795 22.326 0.719 0.164 0.609
AnyEdit [73] 19.875 0.809 22.789 0.697 0.129 0.622
SEED-X [20] 19.092 0.795 20.638 0.788 0.138 0.595
GoT [18] 19.919 0.804 21.296 0.826 0.127 0.668
Step1X-Edit [38] 20.213 0.828 22.696 0.873 0.089 0.844
FLUX.1 Kontext [32] 20.983 0.836 24.013 0.938 0.064 0.965
Qwen-Image-Edit [52] 21.058 0.836 21.927 0.810 0.121 0.782
Bagel [14] 20.434 0.842 24.370 0.917 0.069 0.936
Bagel+CoT [14] 20.658 0.846 24.691 0.926 0.065 0.956

UniT 21.127 0.854 25.442 0.942 0.055 0.988

Table 3. Multi-object editing, CompBench. LC-T denotes local
CLIP scores between the edited foreground and the local descrip-
tion. LC-I refers to the CLIP image similarity between the fore-
ground edited result and ground truth (GT) image. Overall scores
are computed using min-max normalization for each metric.

4.3. Multi-Turn Editing
We evaluate on ImgEdit [71] multi-turn editing subset (Ta-
ble 2), achieving 225.19% improvement from C=1 to C=4.
This demonstrates that maintained context and reasoning
chains are critical for multi-turn interactions. The model’s
content memory through unified multimodal context en-
ables coherent interactions as computational budget in-
creases (Fig. 1).

4.4. Visual Reasoning
On MIRA [81] for out-of-distribution visual reasoning (Ta-
ble 4), we achieve 53.33% improvement from C=1 to C=10
(Fig. 1). The remaining gap to frontier models (GPT-
5, Qwen2.5-VL-72B) reflects base model capability dif-
ferences: these models benefit from significantly larger
scale and proprietary training data. Our key contribution is
methodological, demonstrating that TTS successfully trans-
fers to multimodal domains; as base unified models im-
prove, the UniT framework directly benefits. This estab-
lishes multimodal chain-of-thought test-time scaling as a
unified paradigm enhancing both generation and compre-
hension tasks. The cognitive behaviors induced by our
agentic framework (Fig. 2)—verification, subgoal decom-
position, and content memory—transfer from generation to
understanding tasks.

4.5. Qualitative Results
Fig. 1 and Fig. 3 demonstrate how multimodal chain-
of-thought test-time scaling progressively refines outputs
through iterative reasoning, revealing the three cognitive be-
haviors—verification, subgoal decomposition, and content
memory.
Compositional generation. For complex compositional
prompts, Round 1 produces partial solutions with compo-
sitional errors—missing objects, incorrect attributes, or vi-
olated spatial constraints. The model’s explicit reasoning
identifies deficiencies, and through subgoal decomposition,
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First step is to zoom in on 
the missing part.

Which of the five pieces 
fits perfectly into the 
missing part of the object?

I need to match the 
pattern. The missing part 
contains the right ear and 
the corners of two flowers. 
The answer is B.

Figure 5. Chain-of-thought visual reasoning on MIRA. The
model decomposes the puzzle into subgoals (zoom in, identify pat-
terns) before selecting the matching piece, demonstrating cogni-
tive behaviors transferring from generation to understanding tasks.

breaks corrections into sequential steps. By Round 10, the
output achieves precise alignment with all requirements,
demonstrating systematic error correction through explicit
reasoning.
Visual reasoning. For MIRA geometry tasks, the model’s
chain-of-thought reveals how verification supports iterative
problem-solving. Early rounds may produce incorrect anal-
yses, but the reasoning shows self-critique, allowing iden-
tification of flaws and revision in subsequent rounds. Sub-
goal decomposition breaks complex reasoning into steps.
These examples demonstrate that cognitive behaviors trans-
fer from generation to understanding tasks.

5. Discussion
We analyze factors contributing to effective multimodal
test-time scaling: sequential versus parallel scaling, cogni-
tive behaviors, and data quality.
Experimental protocol. Unless specified otherwise, we
use computational budget C=10 (C=4 for ImgEdit) and re-
port: alignment score for OneIG-Bench, overall normalized
score for CompBench, human evaluation score (0-10) for
ImgEdit, and accuracy for MIRA.

5.1. Sequential vs. Parallel Scaling
We compare chain-of-thought sequential scaling against
best-of-N parallel scaling. Following [45], sequential scal-
ing builds on intermediate results through iterative refine-
ment, while parallel scaling generates outputs indepen-
dently.
Setup. For both approaches, we control the number of gen-
erated images (C=N ) from 1 to 10. Sequential scaling uses
budget forcing (Sec. 3.3). Parallel scaling generates N in-
dependent images and selects the best via HPSv3 [42].
Compute accounting. We use the number of generated im-
ages as our compute metric (C=N ), which accurately re-
flects computational cost because: (i) image generation via
diffusion models dominates wall-clock time—as noted in

Sec. 3.3, image generation rounds control inference latency;
(ii) marginal text tokens from VLM reflection have negligi-
ble effect on latency compared to diffusion sampling; (iii)
computational cost scales linearly with the number of im-
ages generated. We exclude selection costs (HPSv3 for par-
allel scaling, VLM verification for sequential scaling) from
our comparison as these represent arbitrary model choices
rather than fundamental algorithmic requirements. Under
this metric, sequential scaling achieves comparable perfor-
mance to parallel with 2.5× fewer generated images (e.g.,
C=4 sequential matches N=10 parallel on OneIG-Bench).

Results. Sequential scaling consistently outperforms par-
allel scaling across all tasks (Fig. 1). At C=10 (C=4 for
ImgEdit), sequential achieves 4.85% improvement over par-
allel on OneIG-Bench, 3.89% on CompBench, 71.77% on
ImgEdit, and 33.72% on MIRA. This advantage manifests
through:

• Steeper scaling slopes: Sequential achieves larger per-
formance improvements per additional image, indicating
more efficient test-time compute use.

• Sustained improvements: Sequential shows continued
gains up to C=10, while parallel plateaus after a few sam-
ples.

Iterative refinement with explicit chain-of-thought rea-
soning provides more effective test-time compute scaling
than independent sampling. The advantage stems from se-
quential scaling accumulating successful edits and learning
from previous iterations: each round builds on prior images
with explicit CoT corrections, leveraging expanded textual
context (reflections, plans). Parallel scaling generates inde-
pendent samples without inter-sample learning, explaining
why it plateaus earlier—it cannot systematically refine to-
ward the target.

Latency considerations. Sequential and parallel scal-
ing serve complementary use cases: sequential optimizes
performance while parallel optimizes latency. Sequential
scaling also benefits from unique acceleration techniques
including speculative decoding, KV-cache reuse across
rounds, and early stopping when the model determines sat-
isfaction, which can significantly reduce the latency gap in
practice.

Unified model vs. modular pipeline. At inference, UniT
performs all reasoning, generation, and refinement within
a single model, unlike the multi-model agentic pipeline
used for data synthesis (Sec. 3.1). While the teacher
pipeline (Flux Pro + Qwen3-VL) scores slightly higher due
to frontier-scale components, UniT offers faster inference
by eliminating inter-model communication overhead, seam-
less multimodal context within a single architecture, and
practical single-model deployability.

30263



Method EG↑ PBR↑ ASLP↑ CT↑ Overall↑

GPT-5 [47] 14.5 29.9 10.8 17.9 16.5
Qwen2.5-VL (72B) [2] 14.5 21.7 11.1 8.6 13.1
Bagel [14] 9.7 7.9 3.5 12.3 7.5
Bagel+CoT [14] 8.0 9.5 4.8 14.2 9.2

UniT 12.5 11.2 6.1 16.3 11.5

Table 4. Multimodal reasoning, MIRA, with direct input. We
report results across four reasoning categories: EG (Geometry),
PBR (Physics), ASLP (Puzzles), and CT (Causal), along with the
overall average score.

Configuration OneIG CompBench ImgEdit MIRA
Align (%) Overall (%) Score Acc (%)

All behaviours 84.3 98.8 4.26 11.5
w/o Verification 81.2 (-3.1) 96.8 (-2.0) 3.55 (-0.71) 9.6 (-1.9)
w/o Subgoal Decomp. 80.5 (-3.8) 96.3 (-2.5) 3.75 (-0.51) 10.3 (-1.2)
w/o Content Memory 82.8 (-1.5) 97.8 (-1.0) 2.45 (-1.81) 10.8 (-0.7)

Table 5. Cognitive behavior ablation. Impact of removing verifi-
cation, subgoal decomposition, or content memory from our agen-
tic framework.

5.2. Ablation on Cognitive Behaviors
Setup. We train three ablated models, each removing one
cognitive behavior: (1) w/o Verification, reflection stages
do not evaluate quality; (2) w/o Subgoal Decomposition,
planning stages removed; (3) w/o Content Memory, mul-
timodal context not maintained across rounds.
Results. Table 5 shows task-specific sensitivities. Remov-
ing subgoal decomposition particularly hurts compositional
tasks (3.8% and 2.5% drops on OneIG-Bench and Comp-
Bench), demonstrating its importance for planning multi-
step generations. Most critically, removing content mem-
ory devastates multi-turn editing with 42.5% relative drop
on ImgEdit (from 4.26 to 2.45), while minimally impacting
single-turn tasks (1.0-1.5% drops). Removing verification
most significantly impacts visual reasoning (1.9% drop on
MIRA), highlighting its importance for validating reason-
ing steps. These patterns confirm each cognitive behavior
serves a distinct functional role.

5.3. Data Quality Analysis
We analyze the impact of data quality by ablating individual
filters from our curation pipeline (Sec. 3.1).
Setup. We train three ablated models, each removing one
quality filter: (1) w/o Quality regression filter, including
trajectories where refinement degrades quality; (2) w/o Rel-
evance filtering, including rounds with semantically irrele-
vant editing prompts; (3) w/o Minimal visual changes fil-
ter, including rounds with negligible visual refinement.
Results. Table 6 shows task-specific sensitivities. Re-
moving relevance filtering causes the largest degradation
on compositional tasks (3.1% on OneIG-Bench, 2.5%

Data Configuration OneIG CompBench ImgEdit MIRA
Align (%) Overall (%) Score Acc (%)

Full curated dataset 84.3 98.8 4.26 11.5
w/o Quality regression filter 82.5 (-1.8) 97.5 (-1.3) 3.30 (-0.96) 10.0 (-1.5)
w/o Relevance filtering 81.2 (-3.1) 96.3 (-2.5) 3.60 (-0.66) 10.3 (-1.2)
w/o Min. visual changes filter 83.5 (-0.8) 98.0 (-0.8) 3.10 (-1.16) 10.9 (-0.6)

Table 6. Data quality ablation. Impact of removing individual
curation filters (Sec. 3.1) from the training data pipeline.

on CompBench), as off-topic edits undermine maintain-
ing compositional constraints. Removing the minimal vi-
sual changes filter most significantly hurts multi-turn edit-
ing (1.16 points on ImgEdit), demonstrating that learning
meaningful incremental progress is critical for sustained
interactions. For visual reasoning (MIRA), removing the
quality regression filter has the largest impact (1.5%), as
learning from degraded trajectories impairs converging to-
ward correct answers. Different quality dimensions matter
for different capabilities; effective test-time scaling requires
curating data along multiple axes.

6. Conclusion

We have presented a unified approach to multimodal chain-
of-thought test-time scaling that extends inference-time
compute from text-only reasoning to models handling
both visual understanding and generation, establishing a
paradigm that benefits both generation and comprehen-
sion across modalities. Our key contributions—an agentic
framework that induces cognitive behaviors (verification,
subgoal decomposition, content memory), budget forcing
for beyond-training generalization, and evidence that se-
quential reasoning outperforms parallel sampling—yield
substantial gains across compositional generation, multi-
turn editing, and visual reasoning, demonstrating that iter-
ative refinement through explicit reasoning unlocks signif-
icant performance improvements on complex multimodal
tasks.
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