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7. SOLACE Post-Training on SD3.5-L
To assess scalability, we apply SOLACE to SD3.5-L [16], a larger
base model than the SD3.5-M used in the main experiments. Un-
less otherwise noted, we reuse the same training recipe (shortened
denoising horizon, suffix-only updates, shared probes, CFG-free
scoring). As reported in Tab. 3, SOLACE yields consistent gains

in compositional generation, text rendering, and text–image align-
ment, while remaining competitive on human-preference metrics
(e.g., HPSv2, PickScore). These results suggest that SOLACE
scales to higher-capacity text-to-image models without inducing
reward hacking and remains effective beyond the SD3.5-M set-
ting.

8. Applying SOLACE on FLUX.1-Dev
To test architectural generality, we apply SOLACE to FLUX.1 -
Dev [3], a flow-matching text-to-image generator with a design
distinct from SD3.5. We keep the core SOLACE recipe unchanged
(shortened denoising horizon, suffix-only updates, shared probes,
CFG-free scoring), adapting only to the model’s native scheduler
and inference step count. A small deviation is the suffix win-
dow: we set ω = 0.5, i.e., train on the latter half of the sched-
uler steps, which increased training stability in this setting. As
reported in Tab. 3, SOLACE delivers consistent gains in com-
positional generation, text rendering, and text–image alignment,
while remaining competitive on human-preference metrics (e.g.,
HPSv2, PickScore). The results indicate that SOLACE transfers
effectively across architectures and remains robust on another rep-
resentative flow-matching T2I model.

9. Applying SOLACE on SDXL
To verify that SOLACE is not inherently tailored to DiT-based or
flow-matching architectures, we apply SOLACE to SDXL [53],
a UNet-based latent diffusion model. Despite the architec-
tural differences (SDXL uses a UNet backbone with DDPM-
style noise scheduling rather than DiT-based flow matching), SO-

LACE produces consistent improvements in compositional gener-
ation (GenEval) and text rendering (OCR), as shown in Tab. 4.
These results suggest that SOLACE’s self-confidence reward is
architecture-agnostic and can benefit UNet-based diffusion mod-
els as well.

10. SOLACE for Text-to-Video Generation
To test the applicability of SOLACE beyond text-to-image gen-
eration, we apply SOLACE to Wan2.1-1.3B [75], a text-to-video
diffusion model. We evaluate on the VBench-1.0 [29] subset, and
report the results in Tab. 5. As shown in the table, SOLACE yields
improvements in subject consistency, background consistency, and
dynamic degree, while maintaining competitive motion smooth-
ness, demonstrating that SOLACE generalizes effectively to the
text-to-video generation setting. Qualitative results are provided
in Fig. 7. For instance, in the jellyfish example (top), SOLACE
produces noticeably more stable jellyfish movements compared to
the baseline. In the “bicycle gliding through a snowy field” exam-
ple (bottom), the baseline generates an unnatural gliding motion
where the gliding direction does not match the bicycle’s orienta-
tion, whereas SOLACE produces a much more natural and coher-
ent gliding motion.

11. Resolution Analysis
Our main experiments use 512 → 512 resolution for both training
and evaluation, following the configuration of Flow-GRPO [41].
To verify that the improvements transfer across resolutions, we
additionally train SOLACE at 1024→1024 resolution and evaluate
both models at both scales.

As shown in Tab. 6, SOLACE trained at 512 → 512
(SOLACE512) transfers well to 1024 → 1024 inference, yielding
consistent improvements in GenEval and OCR at the higher reso-
lution. SOLACE trained directly at 1024 → 1024 (SOLACE1024)
also shows gains, though with a slightly different trade-off profile
across metrics. These results confirm that SOLACE’s benefits are
not resolution-specific.

12. Comparison with Closed-Source Models
To contextualize SOLACE’s improvements, we evaluate two
closed-source models (Gemini 2.5-Flash and GPT-image-1.5) on
our benchmark suite. As shown in Tab. 7, closed-source models
achieve higher absolute scores due to larger model capacities and
proprietary training data. Nevertheless, SOLACE narrows the gap
from the SD3.5-M baseline, particularly in compositional genera-
tion and text rendering.

13. Training Collapse Analysis
When and why collapse occurs. We monitor the batch-mean self-
confidence (negative log error, averaged over probes and probed
timesteps) across training iterations. Collapse is characterized by



Task-specific Image Quality Human Preference

GenEval OCR ClipScore Aesthetic PickScore HPSv2.1 ImageReward UnifiedReward

SD3.5-M (2.5B) 0.65 0.61 0.282 5.36 22.34 0.279 0.84 3.08
+ SOLACE (Ours) 0.71 0.67 0.288 5.39 22.41 0.278 0.87 3.11

SD3.5-L† (8.1B) 0.71 0.68 0.289 5.50 22.91 0.288 0.96 3.25
(Reproduced) 0.51 0.68 0.284 5.28 21.86 0.264 0.70 2.98
†+ SOLACE (Ours) 0.58 0.74 0.288 5.25 21.91 0.253 0.65 2.98

FLUX.1-Dev† (12B) 0.66 0.59 0.295 5.71 22.69 0.292 0.96 3.27
(Reproduced) 0.66 0.61 0.269 5.71 22.84 0.274 0.88 3.21
+ SOLACE (Ours) 0.66 0.65 0.271 5.67 22.69 0.292 0.90 3.23

Table 3. Applying SOLACE to SD3.5-L [16] and FLUX.1-Dev [3]. We apply SOLACE on additional models of SD3.5-L and FLUX.1-
Dev, to verify the effect of SOLACE given (1) a larger base model, and (2) a different architecture from SD3.5-M. † denotes results taken
from DiffusionNFT [96]. We base our experiments on our reproduced results based on the official weights of SD3.5-L [16] and FLUX.1-
Dev [3]. The results show that SOLACE consistently results in improved compositionality, text rendering and text-image alignment, while
being competitive at human preference metrics.

Task-specific Image Quality Human Preference

GenEval OCR ClipScore Aesthetic PickScore HPSv2.1 ImageReward UnifiedReward

SDXL [53] 0.23 0.127 0.284 5.58 22.34 0.274 0.67 2.92
+ SOLACE (Ours) 0.25 0.144 0.284 5.57 22.33 0.270 0.70 2.94

Table 4. Applying SOLACE to SDXL [53]. SOLACE yields improvements in compositional generation and text rendering on a UNet-
based diffusion model, demonstrating architecture-agnostic applicability.

Subj. BG Aesth. Motion Dyn.
Consist. Consist. Qual. Smooth. Deg.

Wan2.1-1.3B 0.94 0.96 0.59 0.97 0.47
+ SOLACE 0.95 0.97 0.58 0.97 0.51

Table 5. Applying SOLACE to Wan2.1-1.3B for text-to-video
generation. Evaluation on VBench-1.0 subset. SOLACE im-
proves subject consistency, background consistency, and dynamic
degree while maintaining competitive motion smoothness.

a rapid, sustained surge in this score (an overconfidence spike),
followed by degenerate, low-texture generations (reward hacking).
Empirically, two settings precipitate this behavior: (i) training on
too many timesteps (ω > 0.6 in |Ttrain| = ↑ω |T |↓), which ex-
poses early, easily exploitable steps; and (ii) sampling the G roll-
out candidates without CFG, which reduces exploration and in-
flates apparent self-confidence. A KL anchor alone is insufficient
to prevent these modes.
Mitigations used in SOLACE. We restrict training to the latter
60% of steps (ω = 0.6), keep CFG on during rollouts (but off

when scoring self-confidence), and retain clipping, per-timestep
weighting, and antithetic probes. These choices suppress overcon-
fidence spikes and stabilize learning.
Why SOLACE’s reward is amenable to targeted stabilization.
Since the reward is a monotonic transform of denoising error (i.e.
r = ↔ log(MSE + ε)), the degenerate solution is concrete and
diagnosable: maximizing Ez0→ωω(·|c)[r(z0)] can steer samples to-

ward latent regimes where injected noise becomes trivially pre-
dictable (e.g. low-variance, textureless outputs). Because self-
confidence is not a fixed black-box oracle, we can directly modify
the reward computation itself (solver-aligned timestep probing,
suffix-window training, and no-CFG scoring) to suppress these
shortcut solutions, rather than relying solely on generic stabiliz-
ers (e.g. KL weights or reward scaling) that do not change what
the reward measures.

14. Diversity and Semantic Correctness Analy-
sis

A natural concern with self-confidence as a reward is whether it
biases the model toward high-density but semantically incorrect
modes, or reduces sample diversity. We address both concerns
empirically.

Semantic correctness on rare compositions. Self-confidence is
computed under the same text conditioning c in r(x, c), which re-
duces pressure toward prompt-agnostic high-density modes. To
test whether SOLACE degrades on less common compositional
prompts, we evaluate on RareBench [50], a benchmark consist-
ing of diverse and complex rare concept compositions. As shown
in Tab. 8, CLIPScore on RareBench is largely preserved after
SOLACE post-training, suggesting no measurable degradation on
rare or out-of-distribution compositions.

Diversity preservation. We measure diversity using the mean
pairwise CLIP embedding distance across 64 samples per prompt
on 50 DrawBench [61] prompts. As reported in Tab. 8, the diver-
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Figure 7. Qualitative results of SOLACE on Wan2.1-1.3B. SOLACE produces videos with improved visual quality and prompt adherence
compared to the base model.

sity score is maintained (and even slightly improved) after SO-
LACE post-training. This is consistent with the fact that SO-
LACE’s reward measures conditional denoising self-consistency
rather than explicitly minimizing conditional entropy H(x|c), and
the GRPO objective with KL regularization provides sufficient di-
versity preservation.

15. Effect of Negative Advantages
SOLACE uses GRPO, where updates are weighted by a signed,
within-group advantage: samples with below-average self-
confidence receive negative advantages and are explicitly down-
weighted. To verify the importance of this negative signal, we
compare against a positive-only variant that clips advantages to be
non-negative (i.e. max(Â i

t , 0)), effectively removing the penalty



Task-specific Image Quality Human Preference

GenEval OCR ClipScore Aesthetic PickScore HPSv2.1 ImageReward UnifiedReward

Inference at 512→ 512

SD3.5-M 0.65 0.61 0.282 5.36 22.34 0.279 0.84 3.08
+ SOLACE512 0.71 0.67 0.288 5.39 22.41 0.284 0.87 3.10
+ SOLACE1024 0.68 0.63 0.284 5.39 22.39 0.284 0.87 3.10

Inference at 1024→ 1024

SD3.5-M 0.65 0.57 0.293 5.98 21.91 0.305 1.15 3.48
+ SOLACE512 0.71 0.64 0.292 5.95 21.68 0.283 1.00 3.41
+ SOLACE1024 0.68 0.63 0.289 5.38 22.48 0.283 0.93 3.19

Table 6. Resolution analysis. SOLACE trained at 512 → 512 transfers effectively to 1024 → 1024 inference, with consistent gains in
compositional generation and text rendering across resolutions.

Task-specific Image Quality Human Preference

GenEval OCR ClipScore Aesthetic PickScore HPSv2.1 ImageReward UnifiedReward

SD3.5-M 0.65 0.61 0.282 5.36 22.34 0.279 0.84 3.08
+ SOLACE (Ours) 0.71 0.67 0.288 5.39 22.41 0.278 0.87 3.11

Gemini 2.5-Flash 0.75 0.72 0.270 5.70 23.02 0.287 0.79 3.45
GPT-image-1.5 0.84 0.81 0.286 5.54 23.24 0.301 1.11 3.57

Table 7. Comparison with closed-source models. While closed-source models achieve higher absolute scores due to larger capacities and
proprietary training, SOLACE narrows the gap from the SD3.5-M baseline, particularly in compositional generation and text rendering.

CLIPScore↗ Diversity Score↗
(RareBench) (DrawBench)

SD3.5-M 0.2752 0.9519
SD3.5-M + SOLACE 0.2746 0.9545

Table 8. Semantic correctness and diversity analysis. CLIP-
Score on RareBench [50] (rare compositions) and diversity score
on DrawBench [61] (64 samples per prompt, 50 prompts) show
that SOLACE preserves both semantic accuracy on uncommon
concepts and sample diversity.

for low-confidence samples.

As shown in Tab. 9, the positive-only variant underperforms the
full SOLACE objective on GenEval, OCR, and CLIPScore, con-
firming that negative advantages provide important learning sig-
nal. While the positive-only variant achieves higher aesthetic and
some human preference scores, it sacrifices the core compositional
and text-rendering gains that SOLACE targets.

16. Additional Ablation Studies

We conduct additional ablation studies and comparative experi-
ments to validate the design choices of SOLACE. The results are
summarized in Tab. 11.

16.1. Caption datasets for SOLACE
SOLACE relies on intrinsic self-confidence and thus requires only
prompts (not external reward models). We compare three prompt
sources: (i) text-rendering (OCR) prompts from Flow-GRPO [41]
(our default), (ii) PickScore [35] prompts, and (iii) GenEval [21]
prompts. As shown in Tab. 3, denser, more prescriptive prompts
(OCR) yield the strongest gains; empirically, self-confidence is
most reliable when the text condition is explicit and descriptive.
We provide the descriptions and examples for each prompt dataset
in Tab. 10.

16.2. Effect of group size
We clarify a typographical error in the main paper: although we
stated G=24, all experiments used G=16. Varying G shows
that G=16 outperforms G=8 (more within-prompt exploration
improves group-relative normalization) while G=32 destabilizes
training: larger groups reduce the number of distinct prompts per
batch, lowering inter-prompt diversity and increasing the risk of
over-optimization under relative advantages. In practice, G=16
strikes a robust compute–stability trade-off.

16.3. Stepwise vs. aggregated reward
Although SOLACE’s self-confidence can be computed per step,
we find that using the aggregated reward, i.e., averaging weighted
per-step scores over the probed timesteps, consistently performs
better than optimizing stepwise advantages. Stepwise improve-
ments at individual timesteps need not translate to a better final
sample and tend to increase variance and solver sensitivity; ag-



Task-specific Image Quality Human Preference

GenEval OCR ClipScore Aesthetic PickScore HPSv2.1 ImageReward UnifiedReward

SD3.5-M 0.65 0.61 0.282 5.36 22.34 0.279 0.84 3.08
+ SOLACE 0.71 0.67 0.288 5.39 22.41 0.278 0.87 3.11
+ SOLACE (positive-only) 0.69 0.62 0.285 5.80 21.57 0.281 0.91 3.20

Table 9. Effect of negative advantages. Removing negative advantages (positive-only variant) degrades compositional generation, text
rendering, and text-image alignment, demonstrating that the full signed advantage is important for SOLACE’s effectiveness.

(i) Text-rendering (OCR) prompts — default

Characteristics Dense, explicit textual content (exact strings, font/placement hints), strong conditioning for legibility and alignment.
Examples “A postage stamp design featuring the motto ”Unity in Diversity”, showcasing a vibrant collage of people from

various ethnic backgrounds, each holding hands in a circle, set against a backdrop of colorful, interwoven patterns
symbolizing unity and cultural richness.”
“In a luxurious hotel lobby, an elegant digital display above the elevator reads ”Now Playing”. Soft, ambient elevator
music fills the space, enhancing the serene and welcoming atmosphere. A plush, modern sofa and a glass coffee table
are seen in the foreground, with polished marble floors reflecting the ambient light.”
“A sleek, modern corporate lobby featuring a large, minimalist sculpture prominently inscribed with ”Innovate or
Perish”, reflecting the company’s commitment to forward-thinking. The sculpture stands against a backdrop of glass
and steel, with subtle lighting enhancing its form and the powerful message it conveys.”

(ii) PickScore prompts

Characteristics Open-ended statements; often adds context with simple concatentation of adjectives; weaker constraints on text
content/layout.

Examples “An attractive young woman petting a cat”
“(a girl in steampunk fantasy world), (ultra detailed prosthetic arm and leg), (beautifully drawn face:1.2), blueprints,
(magic potions:1.4), mechanical tools, plants, (a small cat:1.1), silver hair, (full body:1.2), magic dust, books BREAK
(complex ultra detailed of medieval fantasy city), (steampunk fantasy:1.2), indoors, workshop, (Steam-powered
machines:1.2), (clockwork automatons:1.2), (a small wooden toy), (intricate details:1.6), lamps, colorful details,
iridescent colors, BREAK illustration, ((masterpiece:1.2, best quality)), 4k, ultra detailed, solo, (photorealistic:1.2),
asymmetry, looking at viewer, smile”
“Cyborg cow, cyberpunk alien india, body painting, bull, star wars design, third eye, mehendi body art, yantra,
cyberpunk mask, baroque style, dark fantasy, kathakali characters, high tech, detailed, spotlight, shadow color, high
contrast, cyberpunk city, neon light, colorful, bright, high tech, high contrast, synthesized body, hyper realistic, 8k,
epic ambient light, octane rendering, kathakali, soft ambient light, HD,”

(iii) GenEval prompts

Characteristics Compositional verification (objects, counts, relations), moderate specificity, minimal typography.
Examples “a photo of a yellow bus and an orange handbag”

“a photo of four surfboards”
“a photo of a book left of a cat”

Table 10. Prompt sources compared for SOLACE. Denser, text-focused prompts (OCR) provide stronger supervision signals for intrinsic
self-confidence, leading to larger gains than more open-ended (PickScore) or simple compositional (GenEval) prompts.

gregation provides a more stable, outcome-aligned signal for post-
training.

17. Additional Implementation Details
In this section we summarize the main implementation choices
used in our SOLACE training pipeline. We acknowledge and
correct a typographical error in the main paper: although we
stated that the group size was G = 24, all experiments were in
fact conducted with G = 16. The summary of hyperparameters

and configurations is illustrated in Tab. 12.

17.1. Base models and LoRA configuration
We build on the StableDiffusion3Pipeline

from diffusers with the pretrained model SD3.5-M:
stabilityai/stable-diffusion-3.5-medium. We
freeze all components except the denoiser: the VAE and all text
encoders are kept fixed and used only for inference. Only the
main transformer (UNet-like denoiser) is updated during training,
based on LoRA. We run the text encoders in mixed precision



Task-specific Image Quality Human Preference

GenEval OCR ClipScore Aesthetic PickScore HPSv2.1 ImageReward UnifiedReward

Caption dataset used for SOLACE

- 0.65 0.61 0.282 5.36 22.34 0.279 0.84 3.08
PickScore prompts 0.70 0.62 0.285 5.26 22.13 0.278 0.65 2.96
GenEval prompts 0.71 0.62 0.286 5.32 22.35 0.275 0.80 3.05
OCR prompts (Ours) 0.71 0.67 0.288 5.39 22.41 0.278 0.87 3.11

Group size G

8 0.70 0.64 0.285 5.29 22.28 0.267 0.75 3.00
16 (Ours) 0.71 0.67 0.288 5.39 22.41 0.278 0.87 3.11
32 0.61 0.51 0.274 5.18 21.73 0.226 0.16 2.73

Step-wise reward vs. Aggregated reward

Stepwise 0.67 0.60 0.285 5.39 22.36 0.277 0.83 3.07
Aggregated (Ours) 0.71 0.67 0.288 5.39 22.41 0.278 0.87 3.11

Table 11. Additional ablation/comparative results. The results show that our current design choices for the (1) Caption dataset used, (2)
Group size G, and (3) Aggregated self-confidence rewrads yield the best performances.

(fp16 in our main SOLACE runs) and keep the VAE in fp32

for stability.
For parameter-efficient fine-tuning we apply LoRA to the trans-

former with
• LoRA rank r = 32 and scaling factor ϑ = 64,
• Gaussian initialization of LoRA weights,
• Target modules inside each attention block:

attn.add k proj, attn.add q proj,
attn.add v proj, attn.to add out,

attn.to k, attn.to q, attn.to v, attn.to out.0.

All non-LoRA base weights remain frozen.

17.2. Datasets and prompt processing
We consider two kinds of prompt datasets:
• Plain text prompt datasets. We store the prompts in plain text

files train.txt and test.txt. Each line contains a single
prompt string. (e.g. PickScore, Text Rendering dataset)

• GenEval-style metadata. For experiments on
GenEval-style prompts we use JSONL files
{train,test} metadata.jsonl, where each line
is a JSON object that contains at least a "prompt" field and
additional metadata.
For each batch of prompts we compute text embeddings using

the three SD3.5 text encoders. We also precompute embeddings
for the empty prompt "" and use them as unconditional embed-
dings for classifier-free guidance (CFG) during sampling and log-
probability computation.

17.3. Distributed sampling and grouping
We use HuggingFace Accelerate [23] for distributed training. Let
N be the number of GPUs (processes), and let Bsample denote the
per-device sample batch size. In our main SOLACE setting we
use N = 8, Bsample = 8, G = 16. Thus a single sampling batch
contains NBsample = 64 images, corresponding to 64/16 = 4
distinct prompts, each with G = 16 candidate images. We train

for 2,000 iterations, which takes around 30 hours on 8→NVIDIA
332 RTX PRO 6000 Blackwell GPUs.

17.4. KL regularization
Following Flow-GRPO, regularize the policy via a KL term that
constrains the transition mean to stay close to a reference (the base
model without LoRA):
• The SDE step module returns the current mean µε and a refer-

ence variance ϖ
2
t .

• We compute a reference mean µref by temporarily disabling
LoRA adapters and re-evaluating the same step.

• Assuming Gaussian transitions with equal variance, the per-step
KL divergence simplifies to

DKL =
1

2ϖ2
t

↘µε ↔ µref↘22 .

We average this KL over spatial dimensions and the batch and add
it to the policy loss with weight ϱ = 0.04.

18. User Study Instructions and Interface
We provide the details of the instructions and interface used for
the user study.

Instructions. For each text prompt, you will be shown a pair
of AI-generated images (left and right). For every image pair, you
are asked to answer the following two questions independently:
1. Visual realism and appeal: Which image do you find to be

more visually realistic and appealing?
2. Text–image alignment: Which image better aligns with the

given text description?
For each question, please select your preferred image (left or

right) based solely on the specified criterion.

Interface. The user interface used in the study is illustrated in
Fig. 9.



Category Hyperparameter Value (SOLACE, SD3.5-M)

Model Base model stabilityai/stable-diffusion-3.5-medium (SD3.5-M)
Components trained Transformer (denoiser) only; VAE and all text encoders frozen

LoRA LoRA usage use lora = True

Rank r 32

Scaling factor ϑ 64

Init of LoRA weights Gaussian
Target modules attn.add k proj, attn.add q proj,

attn.add v proj, attn.to add out,
attn.to k, attn.to q, attn.to v, attn.to out.0

Data / prompts Train / test files train.txt, test.txt (one prompt per line)
Tokenization SD3.5 tokenizers; max length 128 (embeddings), 256 (logging)

Sampling Image resolution 512→ 512

Sampler steps (train / eval) train:10, eval:40
Train timestep fraction train.timestep fraction = 0.99≃ Ttrain = 9

Suffix proportion ω in GRPO 0.6
Guidance scale (train/eval) sample.guidance scale = 4.5

Noise level (SDE step) sample.noise level = 0.7

Train batch size / GPU (sampling) sample.train batch size = 8 images
Test batch size / GPU sample.test batch size = 16 images
Images per prompt (group size G) sample.num image per prompt = 16

Number of GPUs 8

Batches per epoch (sampling) sample.num batches per epoch = 4

Global samples / batch 8 (bs) → 8 (GPUs) = 64 images
Prompts / batch 64/16 = 4 prompts per sampling batch
Same latent per prompt sample.same latent = False

Self-confidence (SOLACE) Probes per step K 8 (antithetic pairing: K/2 noise, K/2 negated)
Probe timesteps Last half of used timesteps: j = 4, . . . , 8 (for Ttrain = 9)
Noise schedule for probe ςt = φt/1000; xt = (1↔ ςt)x0 + ςt↼

Per-step score st = ↔ log(MSEt + 10↑6), MSE between injected and predicted noise
Normalization Per-timestep batch-wise z-score, then mean over timesteps
CFG inside probe Disabled (conditional branch only)

Training (GRPO) PPO / GRPO clip range ωi,t clipped to [1↔ clip range, 1 + clip range] (PPO style)
KL regularizer weight train.beta = 0.04

KL form DKL = ↘µε ↔ µref↘22
/
(2ϖ2

t ) (mean-only Gaussian)

Optimization / EMA Optimizer AdamW on LoRA parameters (no base-parameter updates)
Learning rate 3→ 10↑4 (constant)
Gradient clipping Global norm clipping at train.max grad norm

EMA usage train.ema = True

EMA decay 0.9

EMA update interval Every 8 optimizer steps (update step interval = 8)
EMA usage in eval EMA weights used for evaluation; online weights restored afterwards

External rewards / eval Training reward Internal self-confidence only (no external reward in training)
SDS-only eval Optional SDS self-confidence evaluation on EMA model for monitoring

Table 12. Hyperparameters and key implementation details for SOLACE training on SD3.5-M.



All Timesteps
Selective Timesteps

No CFG during sampling
CFG during sampling

Figure 8. Visualization of training collapse in SOLACE. Self-
confidence (y-axis) versus training iteration under different set-
tings. Using ω > 0.6 or sampling rollouts without CFG drives a
steep, short-horizon increase in self-confidence, followed by de-
generate outputs—evidence of reward hacking. SOLACE’s de-
fault settings (ω=0.6 and CFG for rollouts) avoid this behavior
while preserving steady improvements.

19. Additional Qualitative Results
We provide side-by-side samples for (i) PickScore–post-trained
(Flow-GRPO) SD3.5–M, (ii) FLUX.1–Dev, and (iii) SD3.5–L in
Fig. 10. Across diverse prompts, SOLACE yields visibly sharper
text rendering, more faithful object counts and relations, and fewer
artifacts, echoing the quantitative gains in compositionality, text
rendering, and text–image alignment, with no obvious regressions
on non-target aspects.

Figure 9. User study interface used to collect human preferences
between pairs of AI-generated images.
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Figure 10. Additional qualitative results of SOLACE. We present additional qualitative results of SOLACE when applied to (1) Flow-
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