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Figure 1. Qualitative examples of SOLACE on Pick-a-Pic dataset [35]. Best viewed on electronics.

Abstract

Text-to-image generation powers content creation across
design, media, and data augmentation. Post-training of
text-to-image generative models is a promising path to im-
prove human preference alignment, factuality, and aes-
thetics. We introduce SOLACE (Self-Originating LAtent
Confidence Estimation), a post-training framework that re-
places external reward supervision with an internal self-
confidence signal: we re-noise the model’s own outputs
and measure how accurately it recovers the injected noise,
treating low reconstruction error as high self-confidence.
SOLACE converts this intrinsic signal into scalar rewards
for reinforcement learning, requiring no external reward
models, annotators, or preference data. By reinforcing
high-confidence generations, SOLACE delivers consistent
gains in compositional generation, text rendering, and text-
image alignment. Integrating SOLACE with external re-
wards yields complementary improvements while alleviat-
ing reward hacking.

1. Introduction

Text-to-image (T2I) generation has advanced rapidly with
the rise of diffusion and flow-based models, delivering high-
fidelity, diverse images from natural language prompts [9,
10, 16, 22, 51, 53, 60, 61]. These models now support
a broad range of applications: controllable image edit-
ing and inpainting [3, 6, 7, 65, 67, 81, 92]; serving as
powerful priors or pre-trained components for text-to-video
diffusion models [24, 26, 33, 36, 75, 76, 97]; data cre-
ation and augmentation pipelines for downstream percep-
tion tasks [69, 78, 85]; and text-to-3D (and 4D) recon-
struction via score distillation sampling [1, 31, 32, 34, 55,
66, 70, 79]. Recent studies show that post-training text-
to-image generative models via reinforcement learning can
yield dramatic improvements in visual appeal and aesthetic
quality [5, 41, 74], typically by optimizing external rewards
derived from human preference models [35, 80, 83] or task-
specific validators [14, 21].

However, defining a scalable and reliable reward for
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“good” images remains challenging [35, 38, 72, 80, 83].
There are numerous, weakly-aligned criteria a good image
has to satisfy, e.g., compositionality, text rendering, aes-
thetics, and text-image alignment, whose relative impor-
tance shifts across domains and prompts [38]. In practice,
external-reward post-training is also vulnerable to over-
optimization: optimizing a narrow critic can induce re-
ward hacking and regressions on non-target capabilities, de-
grading coverage or faithfulness even as the targeted score
rises [5, 41, 74]. Human-preference based reward mod-
els [35, 77, 83] are popular for their efficacy, but require
large-scale annotation for training. Operationally, exter-
nal rewards require running additional evaluators (prefer-
ence/OCR/safety models) alongside the generator during
training, increasing pipeline complexity.

Despite extensive progress in extrinsically supervised
post-training, intrinsic signals remain under-explored for
text-to-image generation. In this work, we ask: can inter-
nal feedback from the text-to-image generator itself pro-
vide meaningful signals for post-training? To this end, we
introduce Self-Originating LAtent Confidence Estimation
(SOLACE), a post-training framework that uses the model’s
own self-confidence as a reward. Inspired by Score Distil-
lation Sampling [55, 66, 79], which uses a pretrained text-
to-image generator as a critic for text-to-3D or -4D gener-
ation, we propose to let a text-to-image generator critique
its own generation. Concretely, given a sampled latent 2,
we re-noise it to selected timesteps ¢t € 7 using the forward
noising schedule, and measure how well the model recovers
the injected noise. Low reconstruction error indicates high
self-confidence. Our hypothesis is that large-scale pretrain-
ing endows diffusion models with strong priors over real
images and text-image correspondence, so self-confidence
should correlate with text alignment and realism.

Empirically, SOLACE yields consistent gains in com-
positional generation [21], text rendering [14], and text-
image alignment [58], while modestly improving human-
preference scores [35, 77, 80, 83], all without external re-
wards. Qualitative comparisons and a user study corrob-
orate these trends, indicating that intrinsic self-confidence
aligns with key aspects of image generation quality. More-
over, applying SOLACE on top of an extrinsically post-
trained model (i.e. one already fine-tuned with external
rewards) yields further improvements in compositionality,
text rendering, and alignment, with only slight drops on the
targeted external metric. This shows that intrinsic and ex-
trinsic rewards are complementary, and that SOLACE alle-
viates the reward hacking commonly observed in external-
reward post-training.

The key contributions of our work are as follows:

* We present SOLACE (Self-Originating LAtent

Confidence Estimation), a post-training framework
using self-confidence as reward.

* We define self-confidence as the model’s ability to re-
cover noise injected into its own outputs: we re-noise the
generated latent, measure reconstruction error, and con-
vert it into a scalar reward for GRPO post-training.

* Across standard benchmarks and a comprehensive user
study, SOLACE yields consistent gains in compositional-
ity, text rendering, and text—image alignment, while mod-
estly improving human-preference metrics.

* SOLACE complements external-reward pipelines: apply-
ing SOLACE on top of externally post-trained models im-
proves non-target capabilities (compositionality, text ren-
dering, alignment) with only mild trade-offs on the tar-
geted external metric, mitigating reward hacking.

2. Related Work

Text-to-image generative models. Text-to-image genera-
tion is a rapidly advancing field, which was initially domi-
nated by diffusion models [2, 9, 10, 51, 53, 60, 61]. Recent
work increasingly adopts flow matching [3, 16, 68] and se-
quence models [8, 46, 73, 86] for improved efficiency and
generation quality. Advances span architectures [3, 16, 51],
image recaptioning [4, 9, 10], and tokenization [30, 73, 87].
In this work, we focus on reinforcement-learning based
post-training to improve text-to-image models, using the
self-confidence of the generative model as the intrinsic re-
ward.

Text-to-image model alignment via post-training. Post-
training is emerging as an effective paradigm to align
existing text-to-image models toward desired objectives,
e.g., human preference. This can take the form of direct
fine-tuning given differentiable rewards [13, 56, 57, 83]
or Reward Weighted Regression (RWR) [15, 17, 37, 52].
Some schemes build on reinforcement learning to lever-
age PPO [63]-style policy gradients [5, 18, 25, 48, 94], or
perform Direct Preference Optimization (DPO) or its vari-
ants [19, 39, 42, 43, 59, 74, 84, 88, 91]. More recently,
Flow-GRPO [41] introduces GRPO [64] for flow match-
ing models, by converting the ODE of flow matching sam-
pling to SDE:s to inject stochasticity. However, external re-
wards increase training costs (an additional model must run
alongside the generator) and raise the risk of reward hack-
ing [42, 43, 59, 74]. In this work, we define self-confidence
as the model’s ability to recover noise injected into its own
outputs, and use this intrinsic signal for post-training, im-
proving compositional generation, text rendering, and text-
image alignment without reward hacking.

Intrinsic signals for post-training. Intrinsic signals for
post-training have recently gained traction in language
modeling as scalable alternatives to human-labeled prefer-
ence data, leveraging self-derived feedback such as con-
fidence/uncertainty estimates, self-evaluation, and self-
consistency to guide reinforcement learning or preference
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optimization without annotators [11, 12, 54, 82, 89, 90,
93, 95, 98]. Recently, Intuitor [95] showed that using
self-certainty as a confidence-based intrinsic reward en-
ables single-agent reinforcement learning across diverse
tasks without relying on explicit feedback, gold labels, or
environment-based validation. Bringing the same princi-
ple to text-to-image generation is non-trivial: generation
proceeds along continuous denoising trajectories and like-
lihoods are implicit, unlike token-level discrete objectives
in LLMs. In this work, we define self-confidence of flow-
matching models as their ability to recover noise injected
into their own outputs, inspired by score-distillation sam-
pling [55, 66]. This enables dense, on-policy feedback with-
out labeled data or reward models. Empirically, we show
that this self-confidence signal aligns with compositional-
ity, text rendering, and text-image alignment.

3. Preliminary: GRPO for Flow Matching
3.1. Flow Matching and Rectified Flow

Flow matching bypasses score learning in conventional dif-
fusion models [27, 71] by directly regressing the target ve-
locity of a transport ODE along a user-chosen path between
data and a reference distribution [40, 44]. Recent state-of-
the-art generative models [3, 16, 36, 75] adopt the Recti-
fied Flow (RF) framework. Specifically, let zg ~ pgaa and
x1~ p1 (e.g., N(0, I)); RF chooses the straight-line path

=1 —t)xo+tay, (D
for which the target velocity is constant in ¢:

v* = Oy = 1 — 0. 2)
Training reduces to direct regression of this constant veloc-

ity at random (2, t) pairs:

2
£<9) = E:Do’\/pdﬂm,Ilwpl,tNZ/{[O,l] Hv* - Uo(xt7t)H2' (3)

After training, sampling solves the deterministic ODE

= vgp(x4, 1), t:1-0, 4)

dt
starting from 1 ~ p; and transporting to xg.
3.2. GRPO for Flow Matching

For a policy 7y, we consider a policy-gradient objective that
maximizes expected cumulative reward while regularizing
updates toward a reference policy 7 via a KL penalty:

mgux E(Soyaoy---é'T,(lT)NTfe

| 2 Rlstnar) =83 Dirmo(- | s0) | mree(- | 51)
=0 t=0 (5)

where R(s;,a;) is the per-step reward. Group Relative Pol-
icy Optimization (GRPO) [64] proposes to use a group rel-
ative formulation to estimate the advantage for each sample
to optimize Eq. (5).

Flow-GRPO [41] integrates GRPO into flow matching
models for online RL post-training. The iterative denoising
process in flow matching can be formulated as a Markov
Decision Process [5]: given a text prompt ¢, the flow model
pe samples a group of G images {z}}% , and the corre-
sponding sampling trajectories {(x%, x4 ,,---,28)}5,.
The advantage of the ¢-th image is calculated by normal-
izing the group-level rewards:

4 Rlah,e) —mean({R(zh, 0}E.)
t s({R(zf, )} Z,)

(6)

Finally, GRPO optimizes the policy model by maximizing
Trow-GRPO = B0 (24)6 | g, (o) (73 A, 0, €, B), where

~

fr, g,@,e,ﬁ) = mean[min(rf, clipe(rti)) tl} — B Dxku,

it

Dy, = mean Dxr(mo(- | s¢) || mret (- | 5¢))

clip,(r) £ clip(r, 1 —¢, 1 +e).

o )
and ri(0) = % Flow-GRPO then converts the
deterministic O(’Id)E/of Eq. (4) into an equivalent SDE that
matches the original model’s marginal probability function
at all timesteps, in order to meet the GRPO policy update
requirements, e.g., stochasticity is necessary for exploration
in RL post-training. We adopt Flow-GRPO to post-train
flow-matching text-to-image models.

4. Method: SOLACE

Overview. We present SOLACE (Self-Originating LAtent
Confidence Estimation), a post-training method for text-to-
image generators that requires no external reward models.
SOLACE uses the model’s own self-confidence as an in-
trinsic reward: after generating an output, we re-noise it at
selected timesteps and measure how accurately the model
recovers the injected noise. Aggregating these per-timestep
recovery errors yields a single on-policy scalar reward for
reinforcement learning. In the following, we detail the com-
putation of the self-confidence reward (Sec. 4.1) and the sta-
bilization techniques for SOLACE training (Sec. 4.2). An
overview of SOLACE is shown in Fig. 2.

4.1. Intrinsic Self-Confidence Reward

Sampling a group of images for GRPO. Given a text
prompt ¢, we sample GG independent reverse trajectories in
the latent space Z under the flow policy 7y:

ng—%) NN(O,I),Zt(Z_)l NT‘-@(. ‘ Zt(l)? C) ai: 17"'7G' (8)
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Figure 2. Overview of SOLACE. Given a text prompt ¢, we generate G different latents. Without decoding, we re-noise the latents using

K noise probes across ¢ € T C [0, 1]. For each generated latent zéi)

, we formulate the text-to-image generative model’s self-confidence of

the generated latent as the ability to denoise the re-noised latent. We leverage this self-confidence as an internal reward scalar value, which
we use to post-train the text-to-image generative model using GRPO [41, 64]. We omit the KL term in this figure for better readability.

This produces terminal latents {zéz)}f’;l and trajectories
{(zéf),z(Tlll, . .,zéz)) ¢ ,. Using multiple independent
draws yields the group required for group-relative advan-
tage normalization in GRPO. While we can sample G dif-
ferent images from the same initial noise z7 due to the
added stochasticity from [41], we sample different initial

noise to improve exploration during GRPO training.

Sampling noise probes for re-noising. We draw a shared
set of K noise probes in latent space:

™ N, I), m=1,... K, )

so that candidate ¢ and candidate j are perturbed by the
same probes {e™}X_ | For rectified flow, we re-noise a

terminal latent zél) via the linear forward kernel

20 = (1= 2P 4 te™ e T 0,1, (10)

where 7T is the set of re-noising levels used for evalua-
tion. We take K even (K > 2) and use antithetic pair-
ing to enforce exact mean zero within the probe set, i.e.,
emtKE/2) — _(m) form =1,..., K/2.

Calculating self-confidence. For each noised latent 2"
(Eq. (10)), we query the flow-matching model’s velocity
field vg(2{"™,t, ¢). Under the rectified-flow parameteriza-
tion, the velocity predicts a linear transform of the injected
noise; specifically, we recover a noise estimate via

E\g(zt(i’m),t,c) = v9<zt(i’m),t,c> + z(()i). (11)

We then measure the reconstruction error against e(™):

X 2
2 (zg“’”), t, c) — lm) H2 (12)

1 K
MSE;; = — >
m=1

To turn small errors into large rewards while stabilizing dy-
namic range, we use the negative log transform,

Siw = — log(MSE;; +9), (13)

where § > 0 avoids log 0. This choice (i) approximates a
Gaussian log-likelihood score under an i.i.d. noise model,
(ii) compresses outliers, and (iii) yields additive contribu-
tions across timesteps. Aggregating over a set of re-noising
levels 7 C [0, 1] gives the scalar intrinsic reward

. 1
RSOLACE(Z(())vc) = mzw(t) Sie- (14)
teT

We use w(t) = 1 in practice for simplicity. Note that exter-
nal rewards typically operate in pixel space, Ry (z(?,c),
where z() = Dec(z(()i)) for a fixed decoder Dec: Z — X.
In contrast, Rsorack is computed directly in latent space,
avoiding decoding and keeping the signal model-native.

4.2. Stabilization and Efficiency Techniques

Denoising reduction for efficient training. Following
Flow-GRPO [41], we shorten the reverse-time horizon by
subsampling the denoising steps. This reduces compute
without degrading gains: e.g., while SD3.5 uses 40 steps
at inference, we use 10 during training. We find that this
does not sacrifice image quality at test time, while enabling
faster training.

Timestep selection for self-confidence probing. We probe
self-confidence at the exact scheduler timesteps used by the
SD3.5 sampler (same discretization and indices), ensuring
alignment with the generation trajectory. This avoids mis-
match between sampling and probing, yielding more reli-
able credit assignment.

Training on selective timesteps. We observe that train-
ing on all denoising timesteps easily leads to collapse (e.g.,
blank or textureless images), a form of reward hacking in
which the model steers latents toward regimes where in-
jected noise becomes trivially easy to predict. We miti-
gate this by training on only a suffix of the schedule, i.e. a
fixed percentage of the later reverse steps, where the denois-
ing task remains informative but is harder to exploit. Let
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Figure 3. Qualitative results of SOLACE on SD3.5 [16] across DrawBench [61], GenEval [21] and OCR [14]. SOLACE shows
consistent improvements over the baseline SD3.5.
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Tirain C T denote this suffix window (|Tsrain| = [ |7 1]);
we apply GRPO losses only on ¢ € Tipain, Which stabilizes
learning without collapse.

CFG-free self-confidence computation. Although G im-
ages are sampled with CFG for GRPO training, SOLACE
self-confidence is computed without CFG. CFG forms a
mixture field Ucfg = Vuncond 1 S (Ucond - Uuncond); com-
puting self-confidence on this mixture would measure con-
fidence of the guided proxy rather than the base conditional
model. Empirically, omitting CFG during self-confidence
computation yields stronger and more stable improvements.

Online calculation of self-confidence. We can compute
self-confidence either (1) online, using the model being
trained (7p), or (2) offline, using a fixed base model (7rf).
While offline computation does not cause severe over-
optimization [20], online computation yields better perfor-
mance. We conjecture that as the model improves through
SOLACE post-training, its self-confidence estimates be-
come more reliable, reinforcing further gains.

5. Experiments

5.1. Implementation details

We use a group size G = 16 and number of noise probes
K = 8 with antithetic pairing in our experiments. While
SOLACE requires no external reward models, annotators,
or preference data for training, it does require a prompt cor-
pus to generate the terminal latents for training; we use
the train set of the visual text rendering task [14] from
Flow-GRPO [41], which holds longer and more informa-
tive prompts compared to Pick-a-Pic [35] or GenEval [21].
We note that SOLACE improves across different prompt
sources (see supplementary Sec. 16). We use LoRA [28, 47]
with rank » = 32 and scaling factor o« = 64 for parameter-
efficient post-training. We use the AdamW [45] optimizer
with constant learning rate of 3e~*, and the KL regular-
izer weight 3 = 0.04. In |Tirain| = [p|T]], we set
p = 0.6, which yields improvements without reward hack-
ing or training collapse. An image resolution of 512x512 is
used for both training and testing. We use a CFG guidance
scale of 7.0 at inference. All experiments are carried out on
8XNVIDIA RTX PRO 6000 Blackwell GPUs. We include
more training details in the supplementary materials.

5.2. Evaluation setting

(1) Compositional image generation. @ We evaluate
on GenEval [21], consisting of complex compositional
prompts including object counting, attribute binding, and
spatial relations. Evaluation is performed across six tasks:
position, counting, attribute binding, colors, two objects,
and single object. We follow the official evaluation pipeline,
which detects object bounding boxes and colors, then infers
spatial relations from the generated image. The scores are

calculated in a rule-based manner e.g. for object counting,
r=1-— w where Ny, is the number of generated
objects, while Nref is the specified number of objects in the
prompt.

(2) Visual text rendering. We use the 1,000 GPT4o [49]-
generated test prompts from [41]. In each prompt, the exact
string that should appear in the image (i.e. target text) is
specified by "{text}" We adhere to [22] to report 7 =
max (0, N <), where N, is the minimum edit distance
between the rendered text and the target text, and N is the
non-whitespace length of the target text.

(3) Human preference alignment. We report the model-
based reward outputs from Pickscore [35], HPSv2 [80], Im-
ageReward [83] and UnifiedReward [77], trained on large-
scale human preference data. We use the test prompts from
DrawBench [61] to generate the images for evaluation.

(4) Image quality evaluation. We additionally report
the CLIP-Score [58] and Aesthetic Score [62] on Draw-
Bench [61], to evaluate the overall quality of generated im-
ages independent of the above task-specific criteria.

5.3. Results

Quantitative results. Results are shown in Tab. 1. Ap-
plying SOLACE on SD3.5-M yields consistent gains across
task-specific, image quality, and human preference met-
rics. While improvements in human preference are mod-
est, we observe substantial gains in compositional genera-
tion (GenEval [21]), text rendering (OCR [14]), and CLIP-
Score [58], nearly matching the performance of SD3.5-L in
these metrics despite having less than % of the parameters
(2.5B vs. 8.1B). This shows that the model’s intrinsic self-
confidence is strongly correlated with compositionality, text
rendering, and text-image alignment.

We also analyze the effect of applying SOLACE af-
ter post-training SD3.5-M with external rewards via Flow-
GRPO [41]. The results show that while performance on
the targeted external reward is mildly compromised, we
consistently gain improvements across GenEval, OCR, and
CLIPScore. This strengthens our hypothesis that intrinsic
self-confidence is strongly correlated with compositionality,
text rendering, and text-image alignment, and that SOLACE
alleviates the reward hacking typically seen in external-
reward post-training. In Fig. 5, we show visual examples
of SD3.5-M post-trained with FlowGRPO (PickScore), then
further post-trained with SOLACE, showing that the two re-
wards are complementary.

User study. In Fig. 4, we provide the results of a user study
on prompts from PartiPrompt [86] and HPSv2 [80], asking
users to assess the generated images based on visual ap-
peal/realism and text alignment. We summarize ~3,600 re-
sponses from 40 participants. The results show that SD3.5-
M post-trained with SOLACE consistently outperforms the
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Task-specific Image Quality Human Preference

Model GenEval OCR ClipScore Aesthetic PickScore HPSv2.1 ImageReward UnifiedReward
SDXL 0.55 0.14 0.287 5.60 22.42 0.280 0.76 2.93
SD3.5-L 0.71 0.68 0.289 5.50 2291 0.288 0.96 3.25
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 2241 0.278 0.87 3.11
SD3.5-M 0.95 0.65 0.293 532 22.51 0.272 1.06 3.18
+ FlowGRPO 0.67 0.92 0.290 532 22.41 0.280 0.95 3.14
0.54 0.68 0.278 5.90 23.50 0.314 1.26 3.37
SD3.5-M 0.92 0.71 0.294 5.35 22.50 0.277 1.06 3.26
+ FlowGRPO 0.72 0.89 0.291 5.39 22.45 0.284 0.97 3.19
+SOLACE (Ours) 077 070  0.287 5.63 22.73 0.286 1.07 3.26

Table 1. Quantitative results of SOLACE. We evaluate SOLACE on SD3.5 [16] across GenEval [21], Text Rendering, human preference
models [35, 77, 80, 83], and image quality metrics. SOLACE yields consistent gains across all quantitative metrics. In the bottom section,
each row of SD3.5-M + FlowGRPO corresponds to a different external reward used for FlowGRPO training; the blue cell indicates which
metric was used as the external reward.

PartiPrompts HPSv2

Same Same
(14.5%) (24.4%)

Which image is more visually realistic and appealing?

Same Same
(28.4%) (40.6%)

Which image better aligns with the text description?
Figure 4. User study against baseline SD3.5-M [16] on PartiPrompts [61] and HPSv2 [80]. The user study shows that SOLACE
post-training yields favorable visual realism/appeal, and text-image alignment.

Task-specific Image Quality Human Preference

GenEval OCR ClipScore Aesthetic PickScore HPSv2.1 ImageReward UnifiedReward
Number of noise probes K
K=4 0.71 0.66 0.287 5.37 22.34 0.273 0.81 3.08
K = 8 (Ours) 0.71 0.67 0.288 5.39 22.41 0.278 0.87 3.11
K =16 0.70 0.67 0.288 5.42 22.34 0.278 0.86 3.09
Classifier-Free Guidance for self-confidence calculation
(¢} 0.68 0.59 0.287 5.38 22.39 0.278 0.85 3.10
X (Ours) 0.71 0.67 0.288 5.39 22.41 0.278 0.87 3.11
Offline vs Online Self-Confidence
Offline 0.69 0.61 0.285 5.36 22.36 0.274 0.82 3.07
Online (Ours) 0.71 0.67 0.288 5.39 22.41 0.278 0.87 3.11

Table 2. Ablation study results of SOLACE. We validate the design choices of SOLACE over number of noise probes K, the usage of
CFG for self-confidence calculation, and online/offline self-confidence calculation. Our current configurations yield superior results.

baseline in both visual realism/appeal and text alignment. 5.4. Ablation study and analyses

Qualitative comparison. We provide additional qualita- In Tab. 2, we provide ablation study results to validate the

tive comparisons in Fig. 1 and Fig. 3, showing that SO-
LACE yields visually appealing results with improved com-
positionality and text rendering, even without any external
reward. We note that SOLACE learns to generate images
more tailored to the given prompt; when prompted with de-
tailed descriptions, SOLACE produces realistic outputs.

design and hyperparameter choices of SOLACE.

Analyses on number of noise probes K. We vary K
across 4, 8, 16. The results show that i = 8 yields slightly
better results overall. While K = 16 slightly outperforms
K = 8 in aesthetic score, the improvement is negligible
relative to the additional compute cost.
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+ FlowGRPO + SOLACE

+SOLACE + FlowGRPO

“a photo of a yellow bicycle and a red motorcycle”

TR

“a photo of a red skis and a brown tie”

Figure 5. Effect of SOLACE post-training SD3.5-M after post-
training on PickScore [35] using FlowGRPO [41]. SOLACE
complements external rewards, showing the best compositional
generation and visual appeal on GenEval [21]. Post-training on
external rewards yields high visual appeal, but sacrifices composi-
tionality as shown above (Column 3: Generates yellow motorcycle
instead / generates unwanted human).

CFG for self-confidence. Using CFG during self-
confidence computation results in a slight performance
drop. We conjecture this is because CFG is an inference-
time technique, and using it inside the reward would opti-
mize the guided proxy rather than the base conditional pol-
icy mg(- | 2t,c¢). This may incentivize reward hacking via
guidance strength rather than learning a better 7.

Online self-confidence vs Offline self-confidence. We
compare post-training performance when self-confidence is
computed online (i.e. using the model being trained, my)
versus offline (i.e. using the fixed base model, 7). Using
offline self-confidence as a static reward results in lower
performance across metrics, suggesting that online com-
putation, which improves alongside the model, provides a
stronger training signal.

Observed causes of training collapse. Training collapses
when (1) we train on too many timesteps, i.e. p > 0.6 in
| Terainl [p|T]], or (2) we do not use CFG for sam-
pling the G candidates. In both cases, over-optimization
against the self-confidence reward occurs, producing tex-
tureless images due to reward hacking. See the supplemen-
tary for detailed analysis.

Rationale of self-confidence as reward. We test whether
self-confidence correlates with image quality by comparing
three inference regimes: (i) 10 steps without CFG, (ii) 10
steps with CFG, and (iii) 20 steps with CFG. As shown
in Fig. 6, the self-confidence distribution shifts rightward
from (i) to (iii), matching the rise in visual quality. Since
the same model computes the signal regardless of guidance
or step count, better samples are easier to self-denoise, mo-
tivating self-confidence as a reward.

“A road sign near a cliff warns "Steep Drop" with a prominent skull icon, set against a dramatic, foggy backdrop that emphasizes
the danger and isolation of the location.”

A bustling supermarket aisle with a clear sign reading "Baking Supplies Section", featuring shelves stocked with flour, sugar, and
spices. Shoppers are browsing, and the lighting highlights the vibrant packaging of baking ingredients
- . ) ] 'y a a

BakinG (o
Bl SUPPLIES

......
Sampling steps: 10
CFG: Enabled
Mean Self-Confidence: 0.5157

Sampling steps: 20
CFG: Enabled
Mean Self-Confidence: 0.9773

Sampling steps: 10
CFG: Disabled
Mean Self-Confidence: 0.3147

Figure 6. Rationale of SOLACE. Distributions of self-confidence
under three inference settings. The distribution shifts rightward
(higher self-confidence) as visual quality improves, showing that
noise recovery accuracy is predictive of sample quality.

5.5. Limitations of SOLACE

One limitation is that intrinsic self-confidence does not
align strongly with human preference; observed gains on
preference metrics are modest. Also, while SOLACE im-
proves compositional generation, text rendering, and text
faithfulness, it cannot target a specific alignment objective
on its own. However, we showed that SOLACE can be in-
tegrated with external rewards to target specific alignments
while alleviating reward hacking and improving composi-
tionality or text rendering capabilities (Tab. 1). We note that
SOLACE’s self-confidence is computed under the same text
conditioning c in r(z, ¢), which reduces (but does not elim-
inate) the risk of reinforcing prompt-agnostic high-density
modes; we provide empirical analysis on rare compositions
and diversity preservation in the supplementary (Sec. 14).

6. Conclusion

We introduced SOLACE, a post-training framework that re-
places external rewards with intrinsic self-confidence, de-
fined as the model’s ability to recover noise injected into its
own outputs. Across benchmarks and a user study, reinforc-
ing higher self-confidence yields consistent improvements
in compositionality, text rendering, and text-image align-
ment. SOLACE also complements external rewards: apply-
ing it on externally post-trained models improves non-target
capabilities while alleviating reward hacking. We demon-
strate SOLACE’s generality across architectures, model
scales, resolutions, and modalities in the supplementary.
Future directions include (i) multi-view extensions to carry
SOLACE to 3D and 4D generation, and (ii) calibrating in-
trinsic signals for task-targeted reward shaping.
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