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Abstract

Recent advances in visual generation have increasingly ex-
plored the integration of reasoning capabilities. They in-
corporate textual reasoning, i.e., think, either before (as
pre-planning) or after (as post-refinement) the generation
process, yet they lack on-the-fly multimodal interaction dur-
ing the generation itself. In this preliminary study, we in-
troduce Thinking-while-Generating (TWIG), the first inter-
leaved framework that enables co-evolving textual reasoning
throughout the visual generation process. As visual content
is progressively generating, textual reasoning is interleaved
to both guide upcoming local regions and reflect on previ-
ously synthesized ones. This dynamic interplay produces
more context-aware and semantically rich visual outputs.
To unveil the potential of this framework, we investigate
three candidate strategies, zero-shot prompting, supervised
fine-tuning (SFT) on our curated TWIG-50K dataset, and
reinforcement learning (RL) via a customized TWIG-GRPO
strategy, each offering unique insights into the dynamics of
interleaved reasoning. We hope this work inspires further
research into interleaving textual reasoning for enhanced vi-
sual generation. Code is released at: https://github.
com/ZiyuGuo99/Thinking-while-Generating.

1. Introduction
Visual generation have developed rapidly with diffusion [39,
41, 42] and autoregressive [7, 47, 54] models, enabling high-
fidelity synthesis across diverse domains [33, 36, 57]. De-
spite impressive visual quality, today’s generators often strug-
gle with long-horizon composition, multi-entity relations,
and adherence to nuanced textual instructions. Starting from

‘Generation with CoT’ [17, 24, 48], a growing line of work
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Figure 1. Interleaving Textual Reasoning throughout Visual
Generation. Inspired by the image-interleaved reasoning in textual
responses [8, 34, 45, 59], we reverse the modality flow and weave
textual thoughts into the unfolding canvas, delivering on-the-fly
guidance and reflection throughout synthesis.

explores reasoning as a remedy, typically injecting chain-of-
thoughts in the language modality to assist visual synthesis.

Existing CoT-based approaches can be grouped by where
the textual reasoning is applied, as compared in Figure 2:

• Think before generation as a pre-planning aid. Meth-
ods [11, 23, 28] first produce a structured or free-form
plan, e.g., detailed captions, scene layouts, or object at-
tributes and relations, and then condition the image genera-
tor on this plan. This improves global coherence and entity
placement, but the plan is fixed once generation begins,
limiting nuanced guidance and mid-course correction.

• Think after generation as a post-refinement stage. Meth-
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Figure 2. Comparison of Where the Textual Reasoning is Applied in Visual Generation: (a) Think-before-Generation [11, 23, 28] injects
a pre-planning thought prior to the synthesis, limiting fine-grained control and later correction; (b) Think-after-Generation [17, 27, 38] verifies
and revise the image once it is complete, lacking nuanced, timely adjustment with extra inference cost; (c) Our Thinking-while-Generating
interleaves thoughts and reflections throughout the synthesis, providing on-the-fly. co-evolving guidance.

ods [17, 27, 61] synthesize the entire image first, and then
elicit textual feedback via self-critique or external verifiers,
iteratively revising the visual errors. These approaches
help with local fixes and attribute binding, but reasoning
is only loosely coupled to the synthesis trajectory with-
out fine-grained, timely revision and, importantly, incur
additional, costly extra inference rounds.
Given these limitations in visual generation, we note a

complementary trend in visual understanding: recent large
multimodal models (LMMs) [9, 13, 26, 58, 59] perform
image-text interleaved reasoning, adaptively weaving inter-
mediate visual evidence (e.g., detected objects, zoomed-in
regions, or tagged images) into textual CoTs to improve in-
terpretation and analysis. Inspired by this paradigm, we pose
a natural question: as illustrated in Figure 1, Can we invert
the flow and interleave text into the intermediate visual gen-
eration process, providing on-the-fly, co-evolving reasoning
that guides synthesis as it unfolds?

In this preliminary study, we present the first interleaved
framework for visual generation that keeps textual reasoning
in the loop, termed as Thinking-while-Generating (TWIG),
as compared in Figure 2 (c). As our approach is compatible
with multiple models and task settings, for clarity and future
extensibility, we adopt the unified understanding-generation
LMM (ULM) [7, 52, 54, 60] with autoregressive generation
paradigms, e.g., Janus-Pro [7], and experiment on text-to-
image scenarios in our study.

Given a text prompt, the model first interprets the instruc-

tion and plans an optimal interleave schedule, i.e., how many
steps to use and how to partition the canvas into local regions
for progressive synthesis. While generating each region, the
model conducts on-the-fly textual reasoning and grounds its
thoughts in the current partial visual state. This interleaved
think step serves two roles: (i) it produces nuanced guidance
for the upcoming synthesis, and (ii) it critiques and reflects
on the previously generated content. In this way, textual
reasoning co-evolves with the visual modality, providing
detailed, step-by-step directives. The image can be dynam-
ically revised and precisely steered as it unfolds within a
single generative trajectory.

We consider three candidate routes for Thinking-while-
Generating, and investigate which, if any, proves effective:

• Can zero-shot prompting alone achieve the goal? We craft
interleave-aware prompts to directly elicit global plans and
reasoning thoughts. This route reveals the latent capacity
of ULMs to self-organize interleaved reasoning without
parameter updates, but can suffer instability.

• Does supervised fine-tuning (SFT) benefit the perfor-
mance? We categorize the understanding and generation
process into nine subtasks, and curate a dataset, TWIG-
50K, for fine-tuning ULM, aiming to improve instruction
adherence and reduce visual hallucination.

• Will reinforcement learning (RL) further unlock its po-
tential? We optimize the interleaved reasoning policy
of ULM via a customized GRPO [44] algorithm, TWIG-
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GRPO, to push the performance boundary, investigating
different RL approaches and reward designs.

Our experiments indicate that the ULM itself exhibits
strong zero-shot capability for Thinking-while-Generating.
With carefully designed prompts, it substantially improves
Janus-Pro on T2I-CompBench(++) [19, 20] without addi-
tional training. Building on this, SFT with TWIG-50K pro-
vides further modest yet consistent gains, leading to more
stable behavior compared with the zero-shot baseline. Fi-
nally, optimization with our TWIG-GRPO algorithm yields
considerable improvements, underscoring the value of RL
for deciding when to think, what to say, and how to refine.
Taken together, these findings, though preliminary, are in-
formative: they demonstrate the feasibility of interleaving
textual reasoning during generation, and highlight this direc-
tion as a promising avenue for advancing visual synthesis.

It is worth noting that two relevant concurrent works,
IRG [21] and Uni-CoT [38], attempt to ‘interleave’ rea-
soning with generation, but still treat the visual systhesis
process as a monolithic block, like a combination of think-
before-generation and think-after-generation. They are well-
performed with unique insights, but not truly interleaving
reasoning within the generative process itself, limiting the
granularity and controllability.

2. Thinking-while-Generating

In Section 2.1, we first introduce the design scope and appli-
cability of Thinking-while-Generating. Then, in Section 2.2,
we present its overall pipeline and core components of the
framework in detail.

2.1. Scope and Applicability
Aiming for generalization and extensibility, Thinking-while-
Generating is conceptually compatible with diverse settings
along the following three axes:

• System Architecture. The framework can be instanti-
ated either as (i) a pipeline that couples a text-to-image
model [2, 10, 39] with an LMM [1, 30, 56], where the
LMM specializes in producing interleaved reasoning for
the text-to-image outputs; or (ii) a ULM [7, 54, 60] that
performs textual reasoning and visual generation within a
single backbone.

• Generation Paradigm. The framework is applicable for
visual generation with diffusion [12, 31, 40], discrete dif-
fusion [4, 54, 55], and autoregressive models [7, 46, 47].
For continuous diffusion models, textual thoughts are in-
terleaved at selected denoising steps; for discrete diffusion
and autoregressive models, thoughts are inserted between
segments of visual tokens to guide upcoming spans.

• Task Scenarios. The framework applies beyond T2I, e.g.,
image-to-image [3, 18, 57], text-to-video [14, 16, 37, 49],

text-to-3D [15, 29, 36], and related generative tasks: as
long as an LMM (or ULM) can provide reasoning thoughts
for the target modality, they can be interleaved to steer
generation.

As a preliminary study, we adopt a single ULM with an
autoregressive generation paradigm (e.g., Janus-Pro [7]) for
clarity of exposition, promising headroom, and end-to-end
training efficiency. We denote its understanding forward
pass by ULMu and the generation forward pass by ULMg .

2.2. Framework Overview
Figure 3 presents the overall Thinking-while-Generating
(TWIG) framework, which interleaves textual reasoning with
visual generation through three schemes: when to think, what
to say, and how to refine.

When to Think (Scheduling). Given an input prompt T ,
ULMu first determines an interleaved reasoning schedule,
denoted as S = {Vk}Kk=1, according to:

S = ULMu(T ),

where each Vk denotes a target visual region at which rea-
soning is applied (e.g., token spans in autoregressive and
discrete diffusion models, or timestep windows in continu-
ous diffusion models). This decouples the generation process
into smaller, more controllable sub-tasks guided by the inter-
leaved textual reasoning. Scheduling can be static (fixed K,
uniform spacing) or adaptive (variable K, content-dependent
Vk). In Section 3.1, we investigate different schedules and
find that a static schedule with K = 3 performs the best,
based on the heuristic that most images consist of three
semantic components: upper background, central content,
and lower background. Additionally, current capabilities
of ULMu are limited in reliably generating well-structured
adaptive schedules, which remains a future work.

What to Say (Reasoning Content). At each scheduled rea-
soning point, ULMu provides a textual thought τk intended
to guide the generation of the visual region Vk. This thought
serves as a localized sub-prompt exclusively targeted at Vk,
offering finer-grained guidance and alignment than prior
think-before-generation approaches. The generation of τk is
conditioned on three elements, i.e., the input prompt T , the
previous thoughts {τj}j<k, and the visual content generated
for prior regions {Vj}j<k, formulated as:

τk = ULMu(T, {τj}j<k, {Vj}j<k).

This allows τk to incorporate accumulated contextual infor-
mation and to plan appropriately for the next visual segment.
Subsequently, ULMg synthesizes the target region Vk, con-
ditioned on all reasoning thoughts and the visual content
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Figure 3. Overall Pipeline of Thinking-while-Generating. The framework comprises three components: When to Think for globally
determining the interleaved generation schedule; What to Say for producing the step-by-step textual thought as fine-grained guidance; and
How to Refine for a region-level reflection on the current canvas with optional corrective updates. ULMu and ULMg denote to apply a
single ULM for understanding and generation, respectively.

produced up to by:

Vk = ULMg({τj}j≤k, {Vj}j<k).

It is important to note that ULMg is only required to pos-
sess text-to-image capabilities, no need for image-to-image
functionality. This is because the visual context {Vj}j<k

is not provided as image input to the model. Instead, we
directly extend the textual pre-context from {τj}j<k to
{τj}j≤k at the beginning of the token sequence, while pre-
serving the generated visual content {Vj}j<k unchanged at
the end of the sequence. This modification preserves the
autoregressive generation process within a single trajectory,
without introducing discontinuities or new generation rounds,
as illustrated in Figure 4 (a).

How to Refine (Reflection). After generating each visual
region Vk, we allow ULMu to perform an immediate, region-
level revision step that couples visual critique and an optional
correction process. This enables finer-grained corrections

while significantly reducing computational cost compared to
prior think-after-generation approaches that conduct global
post-revision. Before producing the next reasoning thought
τk+1, ULMu first generates a reflection tuple ck = (rk, τ̂k),
given all the generated textual and visual contents as:

ck = ULMu(T, {τj}j≤k, {Vj}j≤k),

where rk ∈ [0, 100] is an integer representing the critic
score assigned to the current region Vk, and τ̂k is a revised
sub-caption intended for potential correction. The score rk
evaluates the semantic alignment and visual coherence of Vk

with respect to its guiding prompt τk. If rk exceeds a prede-
fined threshold θ, the model proceeds directly to generate the
next reasoning thought without revision. Otherwise, a local
reflection is triggered to refine only the current sub-region,
guided by τ̂k, as defined by:

V̂k = ULMg({τj}j<k, τ̂k, {Vj}j<k).

This localized corrective mechanism mitigates the accumula-
tion of visual misalignments with timely revision. Likewise,
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Figure 4. Illustration of Interleaved Token Sequence: (a) In What
to Say, the textual pre-context extends from {τj}j<k to {τj}j≤k

(K = 2), guiding the generation of the next Vk while leaving the
earlier {Vj}j<k untouched; (b) In How to Refine, the thought τk is
revised to τ̂k, and only the local region V̂k is re-generated to replace
Vk. Neither operation requires the ULM to possess image-to-image
capabilities, and both preserve a single text-to-image generation
trajectory without launching a fresh pass or full re-generation.

as presented in Figure 4 (b), we directly update the textual
pre-context from τk to the revised τ̂k, and re-generate only
the local part V̂k to replace Vk at the end of the token se-
quence, which also preserves a single trajectory without
requiring the costly full re-generation.

In sum, Thinking-while-Generating (i) first schedules a
number K of interleaved reasoning points (when); then for
each k = 1, . . . ,K, (ii) produces a textual thought that lo-
cally steers the next visual update (what); and (iii) performs
a region-level reflection with optional correction (how). The
loop of (ii) and (iii) preserves a single generative trajectory,
enabling on-the-fly guidance and precise local revision.

3. Implementation Exploration
In this section, we implement three candidate approaches for
Thinking-while-Generating: zero-shot prompting (3.1), su-
pervised fine-tuning (3.2), and reinforcement learning (3.3).
We present experimental results that highlight their respec-
tive strengths. Please refer to detailed experimental settings
and visualizations in the Supplementary Material.

3.1. Zero-shot Prompting
Prompt Customization. To elicit satisfactory zero-shot
Thinking-while-Generating, we meticulously design a series
of interleave-aware prompts for ULM, corresponding to the
three components described in Section 2.2. Please refer to
the final prompt templates in the Supplementary Material.

Table 1. Zero-shot Experiments of Thinking-while-Generating on
T2I-CompBench [19]. We denote our zero-shot model as TWIG-
ZS, and mark the improvement over the baseline, Janus-Pro-7B [7].
Panels (a), (b), (c), and (d) present four ablation studies.

Setting Attribute Binding Object Relationship Complex↑
Color↑ Shape↑ Texture↑ Spatial↑ Non-Spatial↑

v.s. Baseline

Janus-Pro-7B [7] 63.59 35.28 49.36 20.61 30.85 35.59
TWIG-ZS 73.11 41.55 64.77 21.98 30.90 36.65
Improve +9.52 +6.27 +15.41 +1.37 +0.05 +1.06

(a) Where the Textual Reasoning is Applied

Think-before-Gen. 65.12 36.20 51.05 20.88 30.82 35.92
Think-after-Gen. 64.72 37.95 50.62 21.05 30.87 36.27
Thinking-while-Gen. 73.11 41.55 64.77 21.98 30.90 36.65

(b) Interleaved Reasoning Step

K = 2 72.79 42.26 64.64 21.97 30.89 36.83
K = 3 73.11 41.55 64.77 21.98 30.90 36.65
K = 4 72.95 41.90 64.70 22.03 31.10 37.02

(c) How to Partition Vk in Space

Uniform Spacing 73.11 41.55 64.77 21.98 30.90 36.65
Adaptive Spacing 72.43 40.88 63.92 21.67 30.88 36.33

(d) Whether to Perform Reflection

w/o Reflection 73.11 41.55 64.77 21.98 30.90 36.65
1-round Reflection 73.90 46.02 66.10 24.50 30.81 37.04
2-round Reflection 73.68 45.72 66.02 24.42 30.88 36.92

• For when to think, we prompt the model to adopt a global
view, sketching the image’s high-level semantics and struc-
ture step by step from the input prompt. For an adaptive
schedule, we additionally prompt the model to output the
relative ratios of visual parts across the canvas.

• For what to say, we guide the model to focus strictly on the
local region currently being generated while maintaining
coherence with previously generated visual and textual
context. We discourage any spatial-anchor tokens; the
model should produce only the descriptive content.

• For how to refine, we prompt the model to provide a critic
score evaluating along five criteria (color accuracy, object
completeness, detail richness, spatial relationships, and
visual coherence), ensuring a consistent standard across
cases. The template enforces that any revision is local and
does not contradict validated prior regions.

Experiments and Analysis. In Table 1 (top), we present
the performance of our zero-shot model, TWIG-ZS. We ob-
serve that our carefully designed prompts yield surprisingly
strong improvements over the baseline, significantly sur-
passing Janus-Pro-7B [7] across multiple dimensions. This
highlights the potential of our framework and its natural
applicability within current ULMs, making the zero-shot
variant a strong foundation for subsequent SFT and RL. By
default, we adopt an interleaved schedule with K = 3 and
uniform spacing, and permit at most one round of reflection.
We conduct four ablations:

• Ablation (a): Thinking-while-Generating versus Think-
before/after-Generation under identical zero-shot settings.
Interleaving provides nuanced, on-the-fly guidance rather

26299



Table 2. SFT Experiments of Thinking-while-Generating on T2I-
CompBench [19]. We denote our fine-tuned model as TWIG-SFT,
and mark the improvement over TWIG-ZS. Panel (a) ablates the
varying proportions of thinking (T), generation (G), and reflection
(R) data in TWIG-50K. Panel (b) reports the standard deviation
(Std) across random seeds to assess stability.

Model / Setting Data Attribute Binding Object Relationship Complex↑
T / G / R Color↑ Shape↑ Texture↑ Spatial↑ Non-Spatial↑

v.s. Baseline

Janus-Pro-7B [7] – 63.59 35.28 49.36 20.61 30.85 35.59
TWIG-ZS – 73.11 41.55 64.77 21.98 30.90 36.65
TWIG-SFT 74.58 52.42 67.95 27.02 31.24 38.22
Improve – +1.47 +10.87 +3.18 +5.04 +0.34 +1.57

(a) Effect of Training Data Composition

Think-heavy 73.38 50.92 66.47 26.08 30.97 37.68
Gen-heavy 74.12 51.77 67.28 26.58 31.09 37.94
Think-Gen-equal 74.58 52.42 67.95 27.02 31.24 38.22
Reflect-lite 72.76 49.75 65.93 26.36 30.92 37.21
Reflect-heavy 71.88 48.98 65.05 25.62 30.84 36.87

(b) Stability across 5 Random Seeds

TWIG-ZS Std↓ – 0.82 0.70 0.76 0.45 0.38 0.91
TWIG-SFT Std↓ 0.65 0.59 0.61 0.40 0.36 0.80

than only pre-planning or post-refinement, and consis-
tently outperforms the alternatives.

• Ablation (b): Number of interleaved reasoning steps under
a uniform schedule. We find K = 3 is optimal, aligning
with the heuristic that many images decompose into three
semantic components: upper background, central content,
and lower background.

• Ablation (c): Adaptive scheduling of interleaved spacing.
Despite exploring multiple prompting strategies, current
ULMs struggle to reliably follow such instructions, leading
to unstable or poorly structured adaptive schedules.

• Ablation (d): Effectiveness of reflection during reasoning.
A single reflection round corrects misalignments and im-
proves performance across aspects; however, conducting
two rounds brings no further gains, likely limited by the
critique–and–revision capacity of zero-shot ULMs.

3.2. Supervised Fine-tuning

SFT Task Formulation. Building on the zero-shot base-
line, we investigate whether SFT can enhance the capabili-
ties. We decompose the Thinking-while-Generating process
into nine supervised tasks that mirror the inference loop,
using a fixed number of three reasoning steps. These com-
prise three thinking targets for ULMu (upper/central/lower
thoughts), three reflection targets for ULMu (three scores
with revised thoughts), and three generation targets for
ULMg (three visual regions). This enables the model to
learn structured reasoning, localized reflection, and region-
wise generation in an interleaved, context-aware manner.

TWIG-50K Dataset. To support the task formulation, we
curate a high-quality dataset termed TWIG-50K. The con-
struction process comprises multiple stages of synthetic su-
pervision using advanced commercial models.

Table 3. RL Experiments of Thinking-while-Generating on T2I-
CompBench [19]. We denote our reinforced model with GRPO [43]
as TWIG-RL, and mark the improvement over the TWIG-SFT.
Panels (a) and (b) present the results of two ablation studies.

Setting Attribute Binding Object Relationship Complex↑
Color↑ Shape↑ Texture↑ Spatial↑ Non-Spatial↑

v.s. Baseline

Janus-Pro-7B [7] 63.59 35.28 49.36 20.61 30.85 35.59
TWIG-ZS 73.11 41.55 64.77 21.98 30.90 36.65
TWIG-SFT 74.58 52.42 67.95 27.02 31.24 38.22
TWIG-RL 82.49 61.28 73.19 34.06 31.99 40.31
Improve +7.91 +8.86 +5.24 +7.04 +0.75 +2.09

(a) TWIG-GRPO Strategy

ULMg-GRPO 80.12 59.87 72.01 32.47 31.30 39.88
ULMu-GRPO 78.36 57.94 70.68 30.93 31.27 39.63
TWIG-GRPO 82.49 61.28 73.19 34.06 31.99 40.31

(b) Reward Model Ensemble

Human Preference 79.83 60.97 71.35 20.68 30.53 38.71
+ Object Grounding 80.44 60.01 73.79 25.84 31.15 39.94
++ VQA Consistency 80.87 59.29 74.26 30.05 31.41 39.52
+++ LMM Alignment 82.49 61.28 73.19 34.06 31.99 40.31

• For what to say (∼17K, three tasks), we source 5.5K text
prompts from the training split of T2I-CompBench [19],
and adopt GPT-4o [22] to generate stepwise sub-captions
that segment the image into three coherent parts (up-
per background, central content, lower background).
These sub-captions are concatenated and fed to GPT-4o-
Image [22] to synthesize images that are semantically con-
sistent with the specified divisions. We then filter low-
quality instances and organize them into interleaved for-
mats aligned with the Thinking-while-Generating protocol.
Note that, since the reasoning step count is fixed to three,
we do not collect supervision data for when to think.

• For how to refine (∼17K, three tasks), building on the
interleaved samples above, we construct three visual un-
derstanding tasks focused on critique and revision. GPT-4o
is prompted to evaluate each region by assigning a critic
score along five criteria (the same as zero-shot settings)
and to provide a revised sub-caption that addresses defi-
ciencies identified by the critique. If the original image
attains a high score, the revised thought simply repeats, a
case that may not trigger re-generation during inference.

• To enhance the generation capability of ULMg (∼16K,
three tasks), we construct interleaved visual generation
data from the image–sub-caption pairs obtained in the
when/what stage. Each training instance conditions
the generation of region Vk on cumulative reasoning
thoughts {τj}j≤k and previously generated visual con-
tents {Vj}j<k. Note that this remains text-to-image su-
pervision to preserve a single generation trajectory (not
image-to-image), augmented with a visual pre-context.

Experiments and Analysis. In Table 2 (top), we present
the performance of our fine-tuned model, TWIG-SFT. Rela-
tive to the zero-shot baseline (TWIG-ZS), SFT delivers mod-
est and reliable gains across benchmarks, with the largest
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Table 4. Performance Comparison on T2I-CompBench++ [20]. The best and the second-best scores are highlighted.

Model Attribute Binding Object Relationship Numeracy↑ Complex↑
Color↑ Shape↑ Texture↑ 2D-Spatial↑ 3D-Spatial↑ Non-Spatial↑

Current Generative Models

Show-o [54] 56 41 46 20 - 30 - 29
SD-XL-base-1.0 [35] 58.79 46.87 52.99 21.31 35.66 31.19 49.91 32.37
Attend-and-Excite [5] 64.00 45.17 59.63 14.55 32.22 31.09 47.73 34.01
PixArt-α [6] 66.90 49.27 64.77 20.64 - 31.97 - 34.33
GoT [11] 65.51 50.08 58.36 24.57 31.13 - 37.54
Show-o + PARM [17] 75 56 66 29 - 31 - 37
FLUX.1 [25] 74.07 57.18 69.22 28.63 38.66 31.27 61.85 37.03
Emu3 [51] 75.44 57.06 71.64 - - - - -
T2I-R1 [23] 81.30 58.52 72.43 33.78 - 30.90 60.97 39.93

Thinking-while-Generating

Janus-Pro-7B [7] (Baseline) 63.59 35.28 49.36 20.61 32.94 30.85 41.32 35.59
TWIG-ZS 73.11 41.55 64.77 21.98 33.68 30.90 50.01 36.65
TWIG-SFT 74.58 52.42 67.95 27.02 35.57 31.24 51.70 38.22
TWIG-RL 82.49 61.28 73.19 34.06 38.87 31.99 61.93 40.31

improvements on Shape and Spatial categories. This demon-
strates the effectiveness of our fine-tuning recipe and the
curated TWIG-50K dataset. By default, we inherit the opti-
mal model settings from TWIG-ZS, and adopt a balanced
data mixture with equal thinking and generation tasks. We
further provide two analyses:

• Ablation (a): Effect of data composition from TWIG-50K.
Balancing thinking (T) and generation (G) provides the
best trade-off and strengthens Thinking-while-Generating
from both sides. However, adding reflection data (R) de-
grades the results, where the thoughts become longer and
over-corrections appear more frequently. This suggests
that, TWIG-ZS already exposes most of the model’s re-
flection proficiency, and oversupplying R diverts capacity
away from learning stable T and G behaviors. Although
the reflection subset cannot contribute here, we hope it will
facilitate future research on critique-and-revise training.

• Comparison (b): Inference stability across five random
seeds. We report the standard deviation (Std) over differ-
ent runs, and observe that SFT notably tightens disper-
sion compared to TWIG-ZS, indicating more predictable
behavior. Qualitatively, SFT shortens verbose thoughts,
curbs hallucinations, improves attribute persistence across
adjacent regions, and reduces spurious reflection triggers
near the decision threshold.

3.3. Reinforcement Learning

TWIG-GRPO Strategy. To further advance performance,
we employ RL to enhance the interleaved reasoning. Specifi-
cally, we adopt the GRPO algorithm [43] with the training
prompts from T2I-CompBench, and tailor it to our Thinking-
while-Generating framework. Within this setup, the ULM
performs multiple forward passes within a single rollout

during GRPO training. A key design question is which com-
ponents should be reinforced through the reward mechanism:
all stages, or only the understanding or generation phases?
We propose to reinforce all of them simultaneously through
our TWIG-GRPO strategy. Concretely, we compute a single
reward based on the final generated image and the input
prompt, and utilize it as a shared reward to optimize the
policies of every thinking, generation, and reflection pass
jointly. This approach not only simplifies implementation
(no need to compute rewards for each local visual subtask),
but also enables consistent reinforcement across ULMu and
ULMg, allowing global information to flow across differ-
ent paths and thereby enhancing the overall synergy of the
TWIG framework.

Reward Model Design. Since a high-quality image must
satisfy multiple aspects (overall aesthetics, object attributes
and relationships), we explore to combine complementary
reward models for joint optimization and mitigating reward
hacking [23]: (i) human preference scores (HPS v2 [53]), (ii)
object grounding scores (GroundingDINO [32]), (iii) VQA
consistency scores (GIT [50]), and (iv) LMM alignment
scores (the fine-tuned ORM [17]). We utilize an unweighted
average of the four reward model, and this simple strategy ef-
fectively leverages our framework’s generality for RL gains.

Experiments and Analysis. In Table 3 (top), we present
the performance of our reinforced model, TWIG-RL. Com-
pared with TWIG-SFT, the initialization point, RL de-
livers substantial gains, e.g., exceeding +5%, across the
three Attribute Binding categories and the Spatial category.
This highlights the remaining headroom of the Think-while-
Generating paradigm once a policy is guided in a right
direction with an appropriate GRPO strategy and reward
ensemble designs. In Table 4, we report the three TWIG
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A round doughnut and a square napkin. A candle hidden by a bag.

The glowing moon rose above the distant hill and the calm sea. A blue apple and a green vase.

Baseline

Text Prompt 𝑇

Baseline

Text Prompt 𝑇Text Prompt 𝑇

Text Prompt 𝑇

Figure 5. Qualitative Comparison of TWIG Variants: the baseline (Janus-Pro-7B [7]), TWIG-ZS, -SFT, and -RL. Our method
demonstrates progressive improvements in compositional fidelity, object counting, and visual realism.

The head of a brown 
cow is starting to 

appear at the top of 
the scene under a 

blue sky.

A brown cow’s full head, 
with open eyes, curved 
horns and wide ears, is 
clearly visible against a 

clean blue sky.

The lower area shows 
the toy and bottle on 
a light surface with 

soft, even tones.

The lower area shows 
clearer shadows on the 

surface and a more 
defined base beneath 

the toy.

Three swans 
glide across a 
calm blue lake 

under a clear sky.

Exactly three swans move 
across the lake with a 
sharper horizon and 

smoother water surface.

A blue backpack and a brown cow.

On the 
hillside, the 

person stands 
on the grass.

The person stands on a hillside 
with the balloon on the right, 

both casting consistent shadows 
that match the sunlight.

Reflect

Three swans. A plastic toy and a glass bottle.A balloon on the right of a person.

✓✗

Text Prompt 𝑇 Text Prompt 𝑇Text Prompt 𝑇 Text Prompt 𝑇
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Before Reflection After Reflection

Figure 6. The Reflection Capacity of TWIG-RL. The reflection within our Thinking-while-Generating refines both semantic and visual
consistency, e.g., improving spatial alignment, shadow coherence, and overall realism across diverse prompts.

approaches in comparison with current generative models
on T2I-CompBench++ [20]. Our method offers a flexible
trade-off between implementation efficiency (ZS) and com-
petitive performance (RL), allowing practitioners to balance
the cost and quality according to deployment needs. Further-
more, in Figures 5 and 6, we present three visualizations,
i.e., illustrating the improvements across different variants,
the reflection capability, and the image-text interleaved rea-
soning process, respectively, which highlight the qualitative
effectiveness of our methods.

• Ablation (a): Different strategies for GRPO algorithms.
Our TWIG-GRPO jointly reinforces all (up to nine) local
visual subtasks within a single rollout. We investigate to
separately optimize the understanding-related tasks (think-
ing and reflection) and the generation-related tasks, each
using the shared reward to update ULMu and ULMg, re-
spectively. As compared, the separate enhancements fail
to surpass the joint strategy, highlighting their comple-
mentary nature and mutual reinforcement. Only when
combined under the full TWIG-GRPO strategy can the RL
potential of the interleaved reasoning be fully realized.

• Ablation (b): Ensemble of multiple reward models. We
begin with a single HPS v2, and progressively incorporate
other three rewards. HPS v2 primarily improves global
aesthetics and stylistic coherence; GroundingDINO tight-
ens entity presence and localization; GIT curbs instruc-
tion violations and strengthens attribute consistency; the
fine-tuned ORM improves holistic text–image alignment.
Adding components steadily improves performance, and
the ensemble of four achieves the best overall balance.

4. Conclusion

In this paper, we introduce the Thinking-while-Generating
(TWIG) paradigm, an interleaved framework that keeps tex-
tual reasoning in the loop during visual generation. Starting
from carefully designed zero-shot prompts, then enhancing
with SFT, and finally optimizing a policy via RL, our TWIG
model learns to think, generate, and reflect within a single
visual generation trajectory. We hope this paradigm may
inspire future research to fully investigate the potential of
interleaved visual generation schemes.
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