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Abstract

Multi-objective alignment for text-to-image
generation is commonly implemented via static
linear scalarization, but fixed weights often fail
under heterogeneous rewards, leading to opti-
mization imbalance where models overfit high-
variance, high-responsiveness objectives (e.g.,
OCR) while under-optimizing perceptual goals.
We identify two mechanistic causes: variance
hijacking, where reward dispersion induces
implicit reweighting that dominates the nor-
malized training signal, and gradient conflicts,
where competing objectives produce opposing
update directions and trigger seesaw-like oscil-
lations. We propose APEX (Adaptive Priority-
based Efficient X-objective Alignment), which
stabilizes heterogeneous rewards with Dual-
Stage Adaptive Normalization and dynam-
ically schedules objectives via P3 Adaptive
Priorities that combine learning potential, con-
flict penalty, and progress need. On Stable Dif-
fusion 3.5, APEX achieves improved Pareto
trade-offs across four heterogeneous objectives,
with balanced gains of +1.31 PickScore, +0.35
DeQA, and +0.53 Aesthetics while maintain-
ing competitive OCR accuracy, mitigating the
instability of multi-objective alignment.

1 Introduction

Vision-language generation (Bie et al., 2025) has
advanced rapidly in recent years, enabling text-to-
image (T2I) models based on diffusion and flow
matching to synthesize high-fidelity images from
natural language prompts (Ho et al., 2020; Rom-
bach et al., 2022; Lipman et al., 2023; Bie et al.,
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Figure 1: Images generated by Stable Diffusion 3.5
under different competing objective settings. For the
prompt A city square with a billboard... filled with ’Your
Ad Here’, optimizing for text clarity (left) or visual
quality (middle) leads to imbalance. APEX achieves
effective multi-objective alignment (right).

2025). As these systems move from demos to real
use cases, a single notion of quality is no longer
sufficient. Practical alignment must simultaneously
satisfy heterogeneous objectives, ranging from
discrete structural constraints (e.g., rendering legi-
ble text) to perceptual preferences (aesthetics, real-
ism, artifact suppression) (Xu et al., 2023; Zhang
et al., 2024). However, these objectives are often
competing: improving local sharpness to boost text
readability can degrade global lighting coherence
or introduce artifacts, yielding a brittle “one-metric-
at-a-time” behavior (as shown in Figure 1). There-
fore, achieving multi-objective alignment in T2I
generation is a critical challenge.

To optimize black-box, non-differentiable objec-
tives (e.g., OCR metrics and preference models),
reinforcement learning (RL) has become a standard
paradigm for post-training alignment (Ziegler et al.,
2020; Black et al., 2024) In the multi-objective set-
ting, existing approaches typically rely on Static
Linear Scalarization, which combines disparate
reward signals using fixed weights that remain con-
stant throughout training (Clark et al., 2024). De-
spite its simplicity, we find that static scalariza-
tion fails systematically for heterogeneous rewards,
producing severe optimization imbalance that can-
not be resolved by merely tuning weights. Our
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analysis identifies two mechanistic failure modes
that explain this behavior. (1) Variance Hijack-
ing. Even with equal preset weights (Figure 2, top-
right), objectives with larger dispersion or stronger
responsiveness can implicitly dominate the nor-
malized training signal, effectively hijacking the
gradient budget. In practice, high-variance, dis-
crete constraints such as OCR can saturate early
while continuing to monopolize updates, starving
low-variance perceptual objectives and preventing
further improvement elsewhere. This makes the in-
tended scalarization weights unreliable as a control
mechanism. (2) Gradient Conflicts. Because ob-
jectives share parameters, their policy gradients can
point in opposing directions. These conflicts appear
intermittently and can be severe, causing oscilla-
tions, forgetting, and “seesaw” trade-offs where
improvements in one objective coincide with re-
gressions in others. Together, variance hijacking
and gradient conflicts explain why static scalariza-
tion often yields unstable training and poor Pareto
trade-offs in T2I alignment.

These observations suggest that effective multi-
objective alignment requires state-dependent
scheduling, adjusting priorities based on train-
ing dynamics rather than fixed weights. To this
end, we propose APEX (Adaptive Priority-based
Efficient X-objective Alignment), a simple yet
effective framework that addresses both failure
modes without discarding much generated sam-
ples (unlike sample-filtering approaches such as
Parrot (Lee et al., 2024)). APEX decouples two
roles that are conflated in static scalarization: (i)
constructing a stable scalar learning signal under
heterogeneous rewards, and (ii) deciding which
objectives to emphasize at each stage of training.
Specifically, APEX introduces Dual-Stage Adap-
tive Normalization (DSAN) to neutralize vari-
ance hijacking by standardizing rewards per objec-
tive and re-normalizing after aggregation, keeping
the effective update scale stable even as priorities
change. On top of this calibrated signal space, the
P3 mechanism computes adaptive priorities from
learning potential, inter-objective conflicts, and re-
maining headroom to empirical upper bounds, dy-
namically steering optimization toward bottlenecks
while damping destructive interference.

In summary, our contributions are as follows:
First, we provide a mechanistic analysis of why
static scalarization fails in multi-objective T2I RL,
identifying variance hijacking and gradient con-
flicts as causes of optimization imbalance. Sec-

ond, we propose APEX, a decoupled framework
combining DSAN (stable normalization under het-
erogeneous rewards) with P3 (dynamic priority
scheduling from training-state signals). Third, ex-
periments on Stable Diffusion 3.5 demonstrate im-
proved Pareto trade-offs across OCR, Aesthetic,
PickScore, and DeQA, achieving substantially
higher hypervolume than static scalarization while
maintaining full sample efficiency.

2 Related Work

RL for T2I Alignment. As T2I architectures
evolve from Latent Diffusion Models (LDMs)
(Rombach et al., 2022) to Flow Matching frame-
works (Lipman et al., 2023), the research focus has
shifted from high-fidelity image synthesis to pre-
cise alignment with multi-faceted human intents.
Reinforcement Learning (RL) has emerged as the
core paradigm for post-training alignment: meth-
ods like DPOK (Fan et al., 2023) and DDPO (Black
et al., 2024) stabilize training via KL regulariza-
tion and policy optimization. Human preference
benchmarks (Xu et al., 2023; Kirstain et al., 2023)
provide unified reward signals; DRaFT (Clark et al.,
2024) validated static linear scalarization for mul-
tiple rewards. Notably, Flow-GRPO (Liu et al.,
2025) successfully extended Group Relative Policy
Optimization to flow matching models, improving
single-step efficiency. However, these methods re-
main primarily single-objective driven. In contrast,
our APEX mechanism introduces dynamic prior-
ity scheduling, extending optimization to complex
heterogeneous multi-objective scenarios.

Multi-Objective Optimization. Finding a Pareto-
optimal balance between conflicting objectives
remains a central challenge. Parrot (Lee et al.,
2024) approximates the Pareto front through non-
dominated sorting (NSGA-II Deb et al. 2002), but
relies on rejection sampling with significant sam-
ple wastage. T2I-R1 (Jiang et al., 2025) integrates
Chain-of-Thought for semantic planning, yet em-
ploys fixed ensemble averaging without dynamic
priority allocation. In the LLM domain, Lu et al.
(2025b) addresses the failure of fixed-weight lin-
ear scalarization by introducing dynamic reward
weighting. Concurrent work (Lyu et al., 2025) ex-
plores independent reward normalization. Inspired
by these, APEX addresses unique T2I challenges:
cross-modal heterogeneous rewards (e.g., discrete
OCR versus smooth aesthetics) cause severe “vari-
ance hijacking,” where high-variance signals im-
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Figure 2: Overview of the APEX framework. Top: The training loop generates rollouts from prompts, evaluates
them with multiple reward models, and performs GRPO-based policy optimization. DSAN eliminates variance
hijacking via Dual-Stage Adaptive Normalization (DSAN), producing balanced gradient contributions. Bottom: The
P3 mechanism analyzes per-objective policy gradients ∇θJk(θt) (used only for weight computation, not parameter
updates) to compute dynamic weights w(t)

k by fusing learning potential, conflict penalty, and progress need, which
are subsequently fed back to DSAN for advantage aggregation.

plicitly dominate optimization. APEX mitigates
this through DSAN for signal calibration and a P3

priority scheduler that fuses gradient geometry with
Utopia Point (Marler and Arora, 2004) metrics to
guide toward the Pareto front efficiently.

A concurrent method, AW-GRPO (Lu et al.,
2025a), also introduces dynamic reward weighting
for multi-objective text generation. Three key dis-
tinctions separate APEX from this approach. First,
AW-GRPO targets LLM text generation with rela-
tively homogeneous rewards (e.g., BLEURT, read-
ability), whereas our T2I setting involves cross-
modal heterogeneous rewards with up to ∼9×
variance disparity between objectives. Second,
AW-GRPO adjusts weights based on reward slope;
our P3 uses gradient geometry—including con-
flict detection via cosine similarity and distance-
to-utopia tracking—specifically designed to handle
the bursty gradient conflicts characteristic of T2I
optimization. Third, AW-GRPO relies on standard
weight-then-normalize GRPO (susceptible to vari-
ance hijacking); APEX’s DSAN explicitly decou-
ples normalization from aggregation to eliminate
this failure mode.

3 Method

3.1 Preliminaries
We consider a flow-matching-based text-to-image
model parameterized by θ. Given a prompt c ∼ D,
the model generates an image x0 ∈ RH×W×3 by
denoising from an initial latent x1 along a con-
tinuous time variable j ∈ [0, 1] (with j = 1 be-
ing noise and j = 0 being data). In practice, we
discretize time into T steps {jt}Tt=0 with j0 = 0
and jT = 1, and denote the discrete trajectory as
τ = {xjT , xjT−1 , . . . , xj0}.

Standard flow matching inference follows a de-
terministic reverse-time ODE: dxj = vθ(xj , j) dj,
which is unsuitable for policy-gradient-style align-
ment due to the lack of stochastic exploration and
an explicit tractable transition density. To enable
stochastic sampling while preserving the model’s
marginal distribution, we adopt the ODE-to-SDE
conversion from recent work on stochastic flow
matching (Albergo et al., 2023; Liu et al., 2025):

dxj = vθ(xj , j) dj

+
σ2
j

2j
(xj + (1− j) vθ(xj , j)) dj + σj dw,

(1)
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where w is a standard Wiener process and σj con-
trols stochasticity. This SDE is constructed so
that its marginal distribution matches the original
ODE model under suitable conditions. Details and
derivations are provided in Appendix A.

We discretize Eq. (1) using a numerical SDE
solver (e.g., Euler–Maruyama), yielding a stochas-
tic Markov chain with Gaussian transitions:

πθ(xjt−1 | xjt , c) = N
(
xjt−1 ; µθ(xjt , jt, c), Σjt

)
.

(2)
The closed-form Gaussian density enables tractable
computation of (i) per-step log-probabilities
log πθ(xjt−1 | xjt , c), (ii) likelihood ratios used
by PPO/GRPO, and (iii) analytical KL divergence
to a reference policy πref (Appendix B).

GRPO for flow matching policies. To align
πθ without training an additional critic, we adopt
Group Relative Policy Optimization (GRPO) (Shao
et al., 2024). For each prompt c, we sample a group
of G independent trajectories under the stochas-
tic policy induced by Eq. (2), obtaining images
{x(i)0 }Gi=1. Let θold be the behavior policy. The
per-step likelihood ratio is

r
(i)
t (θ) =

πθ(x
(i)
jt−1
| x(i)jt

, c)

πθold(x
(i)
jt−1
| x(i)jt

, c)
. (3)

GRPO maximizes a clipped objective, regularized
by KL divergence to the reference policy (see Ap-
pendix A.3 for the complete formulation).

3.2 Problem Formulation

Given a prompt c ∼ D, the policy πθ samples an
image x0 ∼ πθ(· | c). We are provided with K het-
erogeneous reward functions {Rk(x0, c)}Kk=1 (e.g.,
text-image faithfulness, aesthetics, OCR quality),
and we aim to improve all of them during fine-
tuning. Define the expected performance of each
objective

Jk(θ) ≜ Ec∼D, x0∼πθ(·|c)[Rk(x0, c)] , (4)

where k ∈ {1, . . . ,K}. The alignment goal is
naturally multi-objective, i.e., to improve the vec-
tor
[
J1(θ), . . . , JK(θ)

]⊤. Since our optimizer op-
erates on a scalar loss, a common practice is to
optimize a scalarization of objectives:

J(θ;w) ≜
K∑

k=1

wk Jk(θ), (5)

where w ∈ ∆K−1 = {w : wk ≥ 0,
∑K

k=1wk =
1}. Equivalently, at the sample level this corre-
sponds to a scalarized reward

R(x0, c;w) =

K∑

k=1

wk Rk(x0, c). (6)

All rewards are defined on the final image x0 (ter-
minal reward), while the policy is the stochastic
reverse-time trajectory induced by Eq. (2).

Why dynamic weights are needed? Most prior
pipelines use a fixed w throughout training, such as
DRaFT (Clark et al., 2024). In practice, a fixed w
does not guarantee balanced progress across objec-
tives because the optimization state changes over
time. Concretely, (i) some objectives may currently
provide stronger learning signals than others, (ii)
objectives can interact through shared parameters
and may help or hinder each other, and (iii) some
objectives may plateau earlier and benefit less from
continued emphasis. These effects evolve during
fine-tuning, motivating a state-dependent weight-
ing rule w(t) that adapts to the current training
dynamics, where t denotes the training step index.

Under GRPO, a direct instantiation plugs the
scalarized reward in Eq. (6) into group-relative ad-
vantage normalization:

R(i) =

K∑

k=1

w
(t)
k Rk(x

(i)
0 , c),

Â(i) =
R(i) −mean({R(m)}Gm=1)

std({R(m)}Gm=1) + ϵ
.

(7)

While simple, this weight-then-normalize baseline
can be unstable under heterogeneous rewards and
time-varying weights: objectives with larger disper-
sion can disproportionately shape the normalized
advantage, and changing w(t) can shift the advan-
tage statistics and effectively rescale the update
from one iteration to the next. This motivates (i)
an advantage construction that is robust to reward
heterogeneity, and (ii) a principled mechanism for
updating w(t) from the observed optimization state.

3.3 The APEX Method
We propose APEX, a dynamic multi-objective
alignment method built on GRPO. APEX is de-
signed as a two-level solution that jointly stabi-
lizes the training signal and adapts the objective
priorities: (i) Dual-Stage Adaptive Normalization
(DSAN) constructs a scalar advantage whose scale
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is stable under heterogeneous rewards and chang-
ing weights, and (ii) the P3 mechanism updates
weights from the current learning signal strength,
inter-objective interaction, and remaining improve-
ment room. Together, DSAN and P3 form a closed
loop: P3 adjusts what to emphasize, while DSAN
ensures the resulting scalar advantage remains com-
parable across iterations and does not inadvertently
change the effective update strength. An overview
of APEX is provided in Figure 2.

3.3.1 Dual-Stage Adaptive Normalization
Stage 1. Per-objective group standardization.
For each objective k, we compute a group-relative
standardized advantage:

Ã
(i)
k =

Rk(x
(i)
0 , c)−mean({Rk(x

(m)
0 , c)}Gm=1)

std({Rk(x
(m)
0 , c)}Gm=1) + ϵ

,

(8)
where ϵ is a small constant for numerical stability.
This aligns objectives onto a comparable scale so
that no single reward dominates the update merely
due to scale or dispersion.

Stage 2. Post-aggregation normalization.
Given weights w(t), we aggregate standardized ad-
vantages and normalize again:

V (i) =

K∑

k=1

w
(t)
k Ã

(i)
k ,

Â
(i)
final =

V (i) −mean({V (m)}Gm=1)

std({V (m)}Gm=1) + ϵ
.

(9)

Stage 2 makes the overall advantage distribution
stable even when w(t) changes, preventing inadver-
tent iteration-to-iteration rescaling of the effective
GRPO update. Empirical evidence of advantage
variance dynamics is provided in Appendix D.4.

3.3.2 P3 Adaptive Priority Mechanism
APEX assigns each objective k a priority score Ψ(t)

k

and maps priorities to weights through softmax:

Ψ
(t)
k = P learn

k · Pconflict
k · Pneed

k ,

w
(t)
k =

exp(Ψ
(t)
k /τ)

∑K
ℓ=1 exp(Ψ

(t)
ℓ /τ)

.
(10)

P3 is motivated from the local dynamics of
optimizing the scalarized objective J(θ;w) =∑

k wkJk(θ). The multiplicative aggregation fol-
lows non-compensatory selection principles in
multi-criteria optimization (Marler and Arora,

2004) (derivation in Appendix C.1). A gradient
step gives ∆θ ∝ ∑ℓwℓ∇Jℓ, and the first-order
change of objective k is

∆Jk ≈ ∇J⊤
k ∆θ

= η
K∑

ℓ=1

wℓ ∇J⊤
k ∇Jℓ

= η

(
wk∥∇Jk∥2

+
∑

ℓ̸=k

wℓ∥∇Jk∥ ∥∇Jℓ∥ cosϕk,ℓ

)
.

(11)

Eq. (11) suggests using (i) gradient magnitude as
a learning-signal strength proxy and (ii) cosine
similarity as an inter-objective interaction (syn-
ergy/conflict) proxy. Since this local approxima-
tion does not reflect long-term objective saturation,
we further introduce a progress need signal based
on distance to an empirical upper bound.

Learning potential (LP). We define

P learn
k =

∥∇θJk(θt)∥∑K
ℓ=1 ∥∇θJℓ(θt)∥+ ϵ

, (12)

where ϵ is a small constant (set to 10−8) for numer-
ical stability, preventing division by zero. Gradient
estimation details are provided in Appendix D.1.

Conflict penalty (CP). We penalize objectives
that conflict with others:

Pconflict
k = 1 +

1

K − 1

∑

ℓ̸=k

min
(
0, cosϕk,ℓ

)
,

cosϕk,ℓ =
⟨∇Jk,∇Jℓ⟩

∥∇Jk∥ ∥∇Jℓ∥+ ϵ
. (13)

Progress need (PN). Let Uk be an empirical up-
per bound (utopia point) and R̄

(t)
k be a running

performance estimate. We define

Pneed
k = 1 +max

(
0,

Uk − R̄
(t)
k

Uk + ϵ

)
. (14)

Estimation details for Uk and R̄
(t)
k are provided in

Appendix D.1, enabling bottleneck identification.

Default Settings. TheP3 mechanism is designed
for adaptive scheduling rather than monotonic con-
vergence. It possesses formal stability guaran-
tees: softmax normalization ensures weights never
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vanish or concentrate on a single objective, with
weight ratios bounded by exp(2/τ) (Appendix C
for proofs).

Unless otherwise stated, we set τ = 1. Putting
everything together, APEX replaces the naive ad-
vantage in Eq. (7) with DSAN (Eqs. (8)–(9)) and
updates weights using P3 (Eq. (10)).

4 Experiment

We evaluate APEX on Stable Diffusion 3.5
Medium (SD3.5-m) (Esser et al., 2024) across
four heterogeneous objectives to answer: (i) Does
APEX improve Pareto trade-offs over static weight-
ing? (ii) How does APEX resolve variance hijack-
ing and gradient conflicts? (iii) Are DSAN and
P3 both necessary? Section 4.1 describes exper-
imental setup; Section 4.2 presents main results;
Section 4.3 analyzes training dynamics; Section 4.4
validates each component via ablation studies.

4.1 Experimental Setup

Objectives. Four heterogeneous reward func-
tions are selected, spanning from structural con-
straints to perceptual qualities: (1) OCR (Sa-
haria et al., 2022): measuring text fidelity via
normalized Levenshtein distance, representing dis-
crete structural constraints with high variance; (2)
PickScore (Kirstain et al., 2023): human pref-
erence model for image-text alignment trained
on large-scale feedback; (3) DeQA (You et al.,
2025): multi-modal LLM-based metric quantifying
distortions and low-level artifacts; (4) Aesthetic
Score (Schuhmann et al., 2022): CLIP-based re-
gressor for aesthetic appeal. OCR is evaluated on
the Flow-GRPO test set (Liu et al., 2025), while
others use DrawBench (Saharia et al., 2022).

Baselines. We compare APEX against Static Lin-
ear Scalarization, the standard approach using
equal fixed weights (wi=1/K), a common baseline
isolating the effect of dynamic weighting. Single-
Objective Specialists (optimized for individual re-
wards) are reported as performance bounds.

Implementation Details. We utilize LoRA (Hu
et al., 2022) for efficient fine-tuning with
GRPO (Shao et al., 2024) adapted for flow match-
ing to enable fast training on 8x NVIDIA A100
GPUs. Training employs 10 denoising steps (vs. 40
for inference) for efficiency. Key hyperparamters
are: group size G=24, learning rate 3×10−4, tem-
perature τ=1. We report single-run results fol-

lowing standard practice (Black et al., 2024; Clark
et al., 2024). See Appendix D.1 for full details.

4.2 Main Results

4.2.1 Quantitative Evaluation
Table 1 compares APEX against baselines across
four objectives. We report the un-tuned SD3.5-M
(Base) model and Single-Objective Specialists to
establish performance bounds.

Limitations of Single-Objective Optimization.
Specialists achieve peak performance in their target
domains at the cost of other objectives. The OCR-
Only model’s aesthetic score (5.32) and DeQA
(4.06) both fall below the base model; such regres-
sions yield zero hypervolume despite substantial
OCR gains. This confirms that single-objective RL
causes excessive optimization of discrete structural
constraints while sacrificing perceptual quality.

Variance Hijacking in Static Weighting. The
static baseline exhibits optimization imbalance. Al-
though reaching OCR accuracy of 0.88, its gains
in PickScore (+0.90 over base) and DeQA (+0.17)
lag behind APEX (+1.31 and +0.35 respectively),
while its aesthetic score (5.51) shows minimal im-
provement. This supports: without scale calibra-
tion, high-variance OCR signals implicitly “hijack”
the optimization trajectory, starving low-variance
objectives of gradient budget.

Pareto Advancement via APEX. APEX achieves
superior multi-objective balance through DSAN
and P3. While maintaining competitive OCR (0.83
vs. 0.88 for static weighting), APEX substantially
improves perceptual objectives: PickScore reaches
23.03 (98% of the specialist), DeQA achieves
4.42 (highest among all models), and Aesthetic
attains 5.92 (tied for best). This demonstrates that
adaptive scheduling enables near-specialist perfor-
mance on individual metrics without sacrificing
multi-objective balance. APEX’s hypervolume
(4.49×10−5, 10.9× static weighting) quantifies
this Pareto dominance (Appendix D.2).

4.2.2 Qualitative Validation
Visual comparisons (Figure 6, Appendix D.3) vali-
date the quantitative findings. APEX demonstrates
improved coordination of text rendering, semantic
coherence, and visual context, addressing failure
modes such as spelling errors and style inconsis-
tencies that occasionally appear in Static-Weight
generations. In perceptual quality, APEX shows
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Model Text Rendering Human Pref. Image Quality Hypervolume
OCR Acc. (↑) PickScore (↑) DeQA (↑) Aesthetic (↑) (↑)

Base Model

SD3.5-M 0.59 21.72 4.07 5.39 -

Single-Objective Specialists

Flow-GRPO (OCR-Only) 0.92 22.44 4.06 5.32 0.00
Flow-GRPO (PickScore-Only) 0.69 23.53 4.22 5.92 1.11

Multi-Objective Generalists

Flow-GRPO (Static-Weight) 0.88 22.62 4.24 5.51 0.41
APEX (Ours) 0.83 23.03 4.42 5.92 4.49

Table 1: Main Results. Performance comparison on text rendering (evaluated on OCR test set), as well as human
preference and image quality (both evaluated on DrawBench). Hypervolume approximates each model’s Pareto
contribution as the product of normalized improvements over the base model (SD3.5-M). Metrics are normalized
for HV computation: OCR∈ [0, 1] (inherently scaled), PickScore/26, DeQA/5, Aesthetic/10 (see Appendix D.2).
Bold indicates the best performance across all models (ties included), while underline marks the best within the
multi-objective group when it differs from the global best.

Figure 3: Training dynamics revealing variance hi-
jacking. Four subplots track four reward objectives
across training steps, comparing APEX (blue) and
Static-Weight baseline (red). The baseline shows OCR
plateauing while Aesthetic stagnates, whereas APEX
achieves balanced growth across all dimensions.

enhanced lighting modeling, color interaction, and
physical plausibility, while Static-Weight exhibits
more limited gains over the base model in these
fine-grained aesthetic dimensions.

4.3 Analysis of Training Dynamics

We analyze training dynamics to reveal why static
scalarization fails and how APEX achieves adap-
tive multi-objective scheduling.

Revealing the Pathology of Variance Hijacking.
By comparing the training trajectories of APEX

and the Static-Weight baseline (Fig. 3), we demon-
strate the variance hijacking phenomenon. In
the static baseline, OCR accuracy plateaus near

Figure 4: Analysis of P3 dynamics and Hypervolume
progression. (a–c) The three P3 factors—Learning Po-
tential, Progress Need, and Conflict Penalty—which
jointly guide adaptive weight scheduling. (d) Cumula-
tive Hypervolume comparison showing APEX achieves
3.2× the dominated space volume of the static baseline.

∼0.88 while normalized Aesthetic Score stag-
nates at ∼0.54 throughout training. Even after
OCR plateaus, other objectives (image quality, hu-
man preference) fail to improve, indicating that
high-variance OCR signals continue to dominate
gradient updates, leaving low-variance objectives
under-optimized. In contrast, APEX achieves syn-
chronized growth across all dimensions through
DSAN’s two-stage normalization; Stage 2 renor-
malization is verified by variance decay analysis in
Appendix D.4.

Observations on the P3 Mechanism. We decon-
struct how the three P3 factors jointly guide adap-
tive scheduling (Figure 4a-c). The LP factor tracks
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gradient magnitudes: OCR consistently exhibits
high gradient norms, reflecting strong parameter
sensitivity, and LP accordingly assigns higher base
priority. The PN factor complements this by moni-
toring distance to empirical upper bounds (Utopia
Points); objectives far from saturation receive ad-
ditional emphasis, redirecting optimization toward
bottleneck dimensions with maximal improvement
potential. The CP factor addresses a distinct chal-
lenge: gradient conflicts exhibit “bursty” behav-
ior, with intermittent severe negative correlations
between objectives. CP acts as a dynamic shock
absorber, detecting these conflict episodes and tem-
porarily downweighting interfering objectives to
prevent destructive gradient interference. Together,
these three factors allow APEX to balance exploita-
tion (LP), exploration of underperforming dimen-
sions (PN), and conflict avoidance (CP).

Overall Capability Boundary Analysis. Finally,
we quantify overall optimization effectiveness us-
ing the Hypervolume (HV) metric (Figure 4d),
which measures the volume of objective space dom-
inated by a model’s Pareto set. We evaluate 10
evenly-spaced checkpoints on a held-out test set,
using early-training performance as the reference
point (see Appendix D.2 for details). The static
baseline’s hypervolume growth decelerates signifi-
cantly in later stages (final HV≈ 0.0003), confirm-
ing its inability to escape the performance ceiling
imposed by variance hijacking. In contrast, APEX
maintains robust growth throughout training, ulti-
mately achieving 3.2× the baseline’s hypervolume
(HV ≈ 0.0010). This 3.2× improvement demon-
strates that APEX successfully expands the Pareto
frontier, improving perceptual objectives without
sacrificing OCR capability.

4.4 Ablation Studies

To verify the necessity of each component in
APEX, we conduct two sets of ablation experi-
ments: (1) removing DSAN to validate the scale
calibration module, and (2) individually ablating
each P3 factor to quantify their contributions. Due
to computational constraints, we focus on early-to-
mid training dynamics where component effects
are most pronounced; extended stability analysis is
provided in Appendix D.5.

Necessity of Scale Calibration (DSAN). We com-
pare APEX with a variant removing DSAN (APEX
w/o DSAN). Figure 5 shows that both w/o DSAN
and Static-Weight suffer from variance hijacking:

Figure 5: Ablation study on DSAN. Reward trajec-
tories over the first 400 steps, comparing APEX Full,
APEX w/o DSAN, and Static-Weight. Removing DSAN
degrades convergence due to variance hijacking, yet the
P3 mechanism still outperforms static weighting. This
confirms that DSAN is essential for the adaptive priority
mechanism to reach peak performance.

Variant Cumulative HV ∆ vs Full

APEX 4.26× 10−4 —
w/o LP 3.73× 10−4 −12.5%
w/o CP 3.65× 10−4 −14.5%
w/o PN 3.82× 10−4 −10.3%

Table 2: P3 Factor Ablation. Cumulative Hypervol-
ume computed over training rewards (50-step averaging
window) up to step 600 (see Appendix D.2 for details).
Removing any factor leads to 10–15% degradation, with
conflict penalty (CP) showing the largest impact.

perceptual objectives (Aesthetic, PickScore, DeQA
in subplots b-d) stagnate throughout training. How-
ever, w/o DSAN consistently outperforms Static-
Weight across all objectives (Figure 5), with the
most pronounced improvement in OCR (subplot
a). This suggests that P3 improves weight allo-
cation even without scale calibration. Yet APEX
Full substantially outperforms w/o DSAN across
all perceptual dimensions. This confirms that while
P3 provides incremental benefits independently,
DSAN is essential to fully overcome variance hi-
jacking and unlock the full potential of adaptive
multi-objective scheduling.

Contribution of P3 Factors. Table 2 presents cu-
mulative Hypervolume when individually remov-
ing each factor. Conflict penalty (CP) has the
largest impact: removing it causes −14.5% degra-
dation, as competing gradient directions trigger
oscillations without CP’s damping effect. Learn-
ing potential (LP) ablation leads to −12.5% drop,
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demonstrating the importance of gradient-based
priority scheduling. Progress need (PN) removal
results in −10.3% degradation, showing that moni-
toring distance to upper bounds prevents premature
saturation. The comparable magnitudes (10–15%)
indicate all three factors are necessary, addressing
a distinct aspect of multi-objective optimization.

5 Conclusion

In this paper, we introduce APEX to address op-
timization imbalance in multi-objective vision-
language alignment, where heterogeneous rewards
cause overfit to high-variance objectives. Our anal-
ysis identified two root causes: variance hijack-
ing, where high-variance objectives dominate gra-
dient updates, and gradient conflicts between com-
peting directions. APEX resolves these through
Dual-Stage Adaptive Normalization (DSAN) and
P3 Adaptive Priorities. On Stable Diffusion 3.5,
APEX achieves 10.9× the hypervolume of static
scalarization with balanced improvements (+1.31
PickScore, +0.35 DeQA, +0.53 Aesthetics) while
maintaining competitive OCR, providing a princi-
pled framework for multi-objective alignment.

Limitations

Despite its effectiveness, APEX has several lim-
itations that warrant future investigation. APEX
requires gradient estimation for priority computa-
tion. While manageable, this overhead scales with
the number of objectives. Moreover, constrained
by computational resources, our validation is lim-
ited to SD3.5-Medium. Our future work will ex-
plore: (i) generalizing APEX to diverse architec-
tures (e.g., SDXL, Flux) and modalities (video, au-
dio) to validate its architecture-agnostic design; (ii)
independent alignment metrics such as VIEScore
to complement the current reward-based evaluation
suite; and (iii) extending APEX to LLM alignment
tasks, which face similar multi-objective optimiza-
tion challenges with heterogeneous rewards.

Furthermore, while APEX’s P3 Conflict Penalty
factor provides built-in mitigation against reward
hacking by downweighting objectives that pro-
duce conflicting gradients, over-optimization to-
ward proxy reward models (e.g., PickScore, DeQA)
may still degrade broader qualities not captured by
these metrics. APEX does not expand the base
model’s capabilities but only rebalances existing
alignment objectives, which inherently limits the
scope of any reward hacking. Nevertheless, prac-

titioners are advised to monitor for distributional
drift when deploying APEX with new reward func-
tions.

Finally, improving OCR accuracy and photore-
alism may inadvertently facilitate the generation
of more convincing misleading content (e.g., fal-
sified signage, deepfake text). We emphasize that
APEX is a training-time optimization framework
and does not introduce new generative capabilities
beyond those of the underlying base model. De-
ployment should be accompanied by appropriate
content moderation mechanisms.
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A Stochastic Flow Matching and GRPO
Formulation

For completeness, we provide the derivation of the
SDE formulation in Section 3.1, following Albergo
et al. (2023); Liu et al. (2025). We adapt the nota-
tion to our multi-objective framework.

A.1 From ODE to SDE
Standard flow matching models use a determinis-
tic ODE for generation: dxj = vθ(xj , j)dj, where
xj = (1 − j)x0 + jx1 with x0 ∼ X0 (data) and
x1 ∼ N (0, I) (noise). To enable stochastic sam-
pling, we construct an SDE with matching marginal
distributions.

Consider a forward SDE:

dxj =
[
vθ(xj , j) +

σ2
j

2 ∇ log pj(xj)
]
dj

+σjdw,
(15)

where σj controls stochasticity. By the Fokker-
Planck equation (Øksendal, 2003), this SDE pre-
serves the ODE’s marginal density pj(x).

Reverse-time SDE. Applying the standard time-
reversal formula (Anderson, 1982):

dxj =
[
vθ(xj , j)−

σ2
j

2 ∇ log pj(xj)
]
dj

+σjdw.
(16)

Score function for rectified flow. For the linear
interpolation xj = (1−j)x0+jx1, the conditional
score is∇ log pj|0(xj |x0) = −x1/j. The marginal
score is:

∇ log pj(xj) = −1
jE[x1|xj ]. (17)

From the velocity field definition vθ(xj , j) =
E[x1 − x0|xj ] and the interpolation relation, we
derive:

E[x1|xj ] = (1− j)vθ(xj , j) + xj . (18)

Substituting Eq. (18) into Eq. (17):

∇ log pj(xj) = −xj

j −
1−j
j vθ(xj , j). (19)

Final SDE form. Plugging this into Eq. (16):

dxj = vθ(xj , j)dj

+
σ2
j

2j

(
xj + (1− j)vθ(xj , j)

)
dj

+ σjdw,

(20)

which is Eq. (1) in the main text.

A.2 Euler-Maruyama Discretization
Discretizing Eq. (20) with time step ∆j = jt−1 −
jt < 0:

xjt−1 = xjt +
[
vθ(xjt , jt)

+
σ2
jt

2jt
(xjt + (1− jt)vθ(xjt , jt))

]
∆j

+ σjt
√
|∆j| ϵ,

(21)

where ϵ ∼ N (0, I). This yields the Gaussian tran-
sition in Eq. (2):

πθ(xjt−1 |xjt , c) = N (xjt−1 ;µθ,Σjt), (22)

with

µθ = xjt +
[
vθ(xjt , jt)

+
σ2
jt

2jt
(xjt + (1− jt)vθ(xjt , jt))

]
∆j, (23)

Σjt = σ2
jt |∆j| · I. (24)

Following Liu et al. (2025), we use σj =
a
√
j/(1− j) with a = 0.7. The Gaussian form

enables tractable computation of log-probabilities
and likelihood ratios used by GRPO (formulated
below).

A.3 GRPO Objective for Flow Matching
Building on the Gaussian transition in Eq. (2),
GRPO optimizes:

JGRPO(θ) = Ec∼D

[
1

G

G∑

i=1

(
1

T

T−1∑

t=0

min
(
r
(i)
t Â(i),

clip(r(i)t , 1− ϵ, 1 + ϵ)Â(i)
)

− βDKL(πθ∥πθold)

)]
,

(25)

where r(i)t is the likelihood ratio (Eq. 3), Â(i) is the
group-relative advantage, and DKL is the trajectory-
level KL divergence (see Appendix B for analytical
computation).
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B KL Divergence Computation

This appendix provides (i) the analytical form of
the KL divergence between Gaussian policies used
in our GRPO objective, and (ii) explicit expres-
sions for the discretization scheme referenced in
Section 3.1.

B.1 KL Divergence for Gaussian Policies
Given two Gaussian transition policies πθ and πref
with distributions

πθ(xjt−1 |xjt , c) = N (xjt−1 ;µθ,Σjt), (26)

πref(xjt−1 |xjt , c) = N (xjt−1 ;µref,Σjt), (27)

the per-step KL divergence has a closed form.
Since both policies share the same covariance
Σjt = σ2

jt
|∆j| · I (as derived in Appendix A), the

KL divergence simplifies to:

DKL(πθ∥πref) = Exjt−1
∼πθ

[
log

πθ
πref

]

=
1

2σ2
jt
|∆j|∥µθ − µref∥2.

(28)

Substituting the mean expressions from Eq. (23)
in Appendix A:

DKL(πθ∥πref) =
(∆j)2

2σ2
jt
|∆j|

∥∥∥vθ(xjt , jt)

+
σ2
jt

2jt

(
xjt + (1− jt)vθ

)

− vref(xjt , jt)

− σ2
jt

2jt

(
xjt + (1− jt)vref

)∥∥∥
2

=
|∆j|
2σ2

jt

∥∥∥
(
1 +

σ2
jt
(1−jt)

2jt

)

× (vθ − vref)
∥∥∥
2
.

(29)

For our noise schedule σj = a
√
j/(1− j) with

a = 0.7, and uniform time grid ∆j = −1/T ,
Eq. (29) provides an efficient way to compute the
KL penalty in the GRPO objective without expen-
sive Monte Carlo estimation.

Trajectory-level KL. The trajectory-level KL di-
vergence is:

DKL(πθ(τ |c)∥πref(τ |c))

=

T−1∑

t=0

DKL(πθ(xjt−1 |xjt , c)∥πref(xjt−1 |xjt , c)).

(30)

B.2 Discretization Scheme Details
As mentioned in Section 3.1, we discretize the SDE
(Eq. 1) using the Euler-Maruyama method. The
mean and covariance of the resulting Gaussian tran-
sition (Eq. 2) are given by Eqs. (23) and (24) in
Appendix A.

Time grid. We use a uniform grid with T steps:
jt = t/T for t = 0, 1, . . . , T , yielding constant
step size ∆j = jt−1 − jt = −1/T (negative for
the reverse process).

Log-probability computation. The per-step log-
probability is:

log πθ(xjt−1 |xjt , c) = −d
2 log(2πσ

2
jt |∆j|)

− ∥xjt−1
−µθ∥2

2σ2
jt
|∆j| ,

(31)

where d = H×W ×3 is the image dimensionality
and µθ ≡ µθ(xjt , jt, c) from Eq. (23).

These closed-form expressions enable efficient
computation of likelihood ratios (Eq. 3) and KL
divergence in our GRPO-based optimization.

C Stability Analysis of APEX

Global convergence to Pareto optimality under
stochastic gradients and dynamic weighting re-
mains an open question. Following the analysis
framework of Lu et al. (2025b), we prove that the
P3 weight update mechanism maintains numerical
stability through bounded priority scores and soft-
max normalization: weights remain bounded and
update smoothly without collapse or explosion.

C.1 Why Multiplicative Aggregation
The P3 mechanism combines three factors via mul-
tiplication (Eq. 10):

Ψk = P learn
k · Pconflict

k · Pneed
k . (32)

This design follows the geometric aggregation prin-
ciple in multi-criteria optimization (Marler and
Arora, 2004), offering several advantages over ad-
ditive formulations:

Non-compensatory aggregation. Additive com-
bination Ψk = λ1P

learn
k + λ2P

conflict
k + λ3P

need
k

allows a high score in one factor to compensate
for low scores in others. Multiplicative aggrega-
tion prevents this: low performance in any factor
yields low overall priority, ensuring objectives are
prioritized only when all three conditions (high
gradient, low conflict, room for improvement) are
simultaneously met.
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Parameter-Free Combination. All factors are
normalized to comparable ranges (Lemma 1), so
their product directly yields a composite score
without requiring tuning of mixing coefficients
{λ1, λ2, λ3}.

C.2 Assumptions

We adopt standard assumptions from the RL and
multi-objective optimization literature.

Assumption 1 (Bounded Policy Gradients). For
each objective k ∈ {1, . . . ,K}, the policy gradient
is bounded: ∥∇θJk(θ)∥ ≤M <∞.

Assumption 2 (Bounded Rewards). All reward
functions are bounded: Rk(x0, c) ∈ [0, Rmax] for
all k, x0, c.

Assumption 3 (Empirical Utopia Points). The
Utopia Point Uk is set to the empirical upper bound
achieved by single-objective specialist models (Sec-
tion 4.1). The running performance estimate R̄

(t)
k

tracks the model’s current capability on objective
k during multi-objective training, typically remain-
ing below Uk.

Assumptions 1 and 2 are standard in policy gra-
dient analysis (Wang et al., 2017; Kumar et al.,
2023). In our setting, Assumption 2 holds because
rewards are either normalized (OCR ∈ [0,1]) or
inherently bounded (PickScore, DeQA, Aesthetic).
For Assumption 3, we set Uk to single-objective
specialist performance (Section 4.1).

C.3 Bounded Priority Factors

Lemma 1 (Bounded Priority Factors). Under As-
sumptions 1, 2, and 3, the priority factors satisfy:

P learn
k ∈ [0, 1], (33)

Pconflict
k ∈ [0, 1], (34)

Pneed
k ∈ [1, 2]. (35)

Proof. (i) By definition (Eq. 12), P learn
k is a normal-

ized fraction, hence ∈ [0, 1].
(ii) From Eq. 13:

Pconflict
k = 1+

1

K − 1

∑

ℓ̸=k

min(0, cosϕk,ℓ). (36)

Since min(0, cosϕ) ∈ [−1, 0], the sum ranges in
[−(K − 1), 0], giving Pconflict

k ∈ [0, 1].

(iii) From Eq. 14 with Uk > R̄
(t)
k ≥ 0 (Assump-

tions 2 and 3):

Pneed
k = 1 +max

(
0,

Uk − R̄
(t)
k

Uk + ϵ

)

∈
[
1, 1 +

Uk

Uk + ϵ

)
⊆ [1, 2).

(37)

Corollary 1 (Bounded Composite Priority). The
composite priority score satisfies Ψ

(t)
k = P learn

k ·
Pconflict
k · Pneed

k ∈ [0, 2].

C.4 Weight Stability Guarantees
Theorem 1 (APEX Weight Stability). Under the
P3 update rule (Eq. 10) with bounded priorities
(Lemma 1) and τ > 0, for any training step t ≥ 0,
the weights satisfy:

(i) Simplex preservation: w(t) ∈ ∆K−1 for all
t.

(ii) Bounded weight ratio:

w
(t)
i

w
(t)
j

≤ exp(2/τ). (38)

When τ = 1, the ratio is bounded by
exp(2) ≈ 7.39.

(iii) Smooth updates:

∥w(t+1) −w(t)∥1 ≤ 2(1− exp(−2/τ)).
(39)

Proof. (i) Follows from softmax normalization
(Eq. 10).

(ii) From softmax:

w
(t)
i

w
(t)
j

= exp

(
Ψ

(t)
i −Ψ

(t)
j

τ

)
≤ exp(2/τ), (40)

using Ψk ∈ [0, 2] (Corollary).
(iii) By Lipschitz continuity of softmax, with

maximum priority change δ = 2.

C.5 Discussion
What we prove. Theorem 1 establishes three
properties. First, softmax normalization prevents
weight collapse—unlike multiplicative updates (Lu
et al., 2025b) that require convergent learning rate
schedules. Second, temperature τ controls adap-
tation rate: smaller τ enables aggressive updates,
larger τ smooths changes. Third, the weight ratio
bound exp(2/τ) is independent of training history,
unlike cumulative bounds in prior work.
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DSAN scale invariance. Stage 1 z-score normal-
ization removes scale; Stage 2 operates on nor-
malized values. This ensures that for any scaling
{ck > 0}, replacing Rk → ckRk leaves Â

(i)
final

unchanged, preventing variance hijacking (Sec-
tion 3.2).

What we do not prove. We do not estab-
lish convergence to Pareto optimality (which re-
quires strong convexity and exact gradients), regret
bounds (dynamic weights create non-stationary
MDPs), or long-horizon weight convergence
(though empirically observed in Appendix D.4).
Our guarantees are numerical: weights remain
bounded and stable. Empirical results (Sec-
tions 4.2–4.3) confirm this translates to effective
Pareto approximation.

D Details of Experiments

This appendix provides comprehensive experimen-
tal details, additional qualitative examples, and in-
depth analysis that complement the main results in
Section 4.

D.1 Implementation Details

Training Data. To ensure the OCR objective re-
ceives adequate training signal, we use the OCR
training prompts from Flow-GRPO (Liu et al.,
2025), which contain 20K examples following the
template “A sign that says "[text]"”, where text en-
closed in double quotes specifies the exact string to
be rendered in the generated image. Text strings are
generated by GPT-4o and span diverse categories
including common phrases, brand names, warnings,
and creative text, with lengths ranging from 2 to
20 characters. During multi-objective training, all
four reward objectives (OCR, PickScore, DeQA,
Aesthetic) are optimized jointly on these prompts.
Evaluation uses 1K held-out OCR prompts for text
rendering accuracy and the DrawBench (Saharia
et al., 2022) for image quality metrics.

Hardware and Optimization. Training is per-
formed on 8 NVIDIA A100 GPUs for a total
of 1,200 steps (main experiments). We use the
AdamW optimizer with learning rate 3 × 10−4

and default momentum parameters (β1 = 0.9,
β2 = 0.999). The model is fine-tuned using
LoRA (Hu et al., 2022) with rank r = 32 and
scaling factor α = 64, applied to the MM-DiT
architecture of SD3.5-Medium. Training termi-
nates at 1,200 steps, at which point performance

approaches single-objective specialist levels (Ta-
ble 1). Extended training may yield further gains
but is computationally prohibitive given our re-
source constraints.

Sampling Strategy. During training, we sample
48 unique prompts per epoch, generating G = 24
independent rollouts per prompt under the stochas-
tic policy. To improve sample efficiency, we adopt
a denoising reduction strategy: training rollouts
use 10 denoising steps (with SDE noise schedule
σj = 0.7

√
j/(1− j)), while final inference uses

40 steps to ensure high-quality generation. This
reduces data collection cost by ∼4× without de-
grading final performance.

Gradient Estimation for P3. As referenced in
Section 3.3.2, to minimize computational overhead,
gradient information {∇θJk}Kk=1 for the P3 mech-
anism is estimated from a single micro-batch of
size 8 per epoch (incurring < 10% additional time
cost). Raw gradient estimates are smoothed using
an Exponential Moving Average (EMA) with decay
rate γ = 0.8:

∇J (t)
k ← γ∇J (t−1)

k + (1− γ)∇̂J (t)
k , (41)

where ∇̂J (t)
k is the current mini-batch estimate.

Computational Overhead. Compared to the
baseline GRPO, the additional cost introduced
by P3 is minimal. Per epoch, gradient informa-
tion is estimated from a single micro-batch of
size 8, requiring K forward-backward passes plus
O(K2) = 6 cosine similarity computations for
K=4 objectives—amounting to less than 10% ad-
ditional wall-clock time. Memory overhead con-
sists of storing K gradient vectors and their EMA
states; under the LoRA rank-32 configuration,
this increment is negligible (<1% of total GPU
memory). As the number of objectives K grows,
the computation scales as O(K2), which remains
highly efficient for practical settings (K ≤ 10).

Hyperparameter Settings. All APEX coeffi-
cients are set to 1.0: temperature parameter τ = 1
for the softmax in Eq. 10. The KL regularization
coefficient in GRPO is set to β = 0.01 for all ex-
periments.

Utopia Points. The reference upper bounds Uk

for Progress Need (Eq. 14) are determined as fol-
lows: for objectives with available single-objective
specialists (Table 1), we use their normalized per-
formance; for others, we set empirically estimated
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upper bounds based on observed score distributions.
Specifically: OCR = 0.92 (from OCR-Only spe-
cialist), PickScore = 0.90 (from PickScore-Only
specialist), DeQA = 0.86 (empirical estimate),
Aesthetic = 0.62 (empirical estimate). These
bounds guide the Progress Need factor without
requiring exhaustive single-objective training for
all four objectives.

Running Performance Tracking. The perfor-
mance estimate R̄

(t)
k is computed as the mean re-

ward over the current training batch:

R̄
(t)
k =

1

B ·G
B∑

b=1

G∑

i=1

Rk(x
(b,i)
0 , cb), (42)

where B is the number of prompts per batch and
G = 24 is the group size. This batch-level aver-
age provides an instantaneous estimate of the pol-
icy’s current capability on objective k, used by the
Progress Need factor (Eq. 14) to identify bottleneck
objectives.

D.2 Hypervolume Computation Details
We employ the Hypervolume (HV) indicator (Zit-
zler and Thiele, 1999) to quantify Pareto front ap-
proximation quality across three experimental con-
texts.

Pareto Domination. For two solution vectors
a, b ∈ RK in a maximization setting, a dominates
b (denoted a ≻ b) if and only if aj ≥ bj for all
j ∈ {1, . . . ,K} and aj > bj for at least one j. A
solution a is non-dominated (Pareto-optimal) in a
set A if no other solution in A dominates it.

Hypervolume Definition. For a finite set A =
{a(1), . . . , a(n)} ⊂ RK and reference point r =
(r1, . . . , rK), hypervolume is defined as:

HV(A; r) = Λ

(⋃

a∈A
[a, r]

)
, (43)

where [a, r] = {x ∈ RK | rj ≤ xj ≤ aj , ∀j ∈
{1, . . . ,K}} and Λ denotes the K-dimensional
Lebesgue measure. Intuitively, HV measures the
volume of objective space dominated by A (i.e.,
the union of all hyperrectangles [a, r] for a ∈ A)
and bounded below by r; larger values indicate
better Pareto front coverage. We compute HV us-
ing the dimension-sweep algorithm (Fonseca et al.,
2006), which achieves O(nK−2 logn) complexity
for n points in K dimensions.

Metric Normalization. To ensure commensura-
bility across heterogeneous objectives, we apply
simple range normalization before HV computa-
tion. OCR accuracy is already in [0, 1] and requires
no scaling. For other metrics, we divide by em-
pirical upper bounds: PickScore/26 (typical maxi-
mum), DeQA/5 (defined range), and Aesthetic/10
(conservative upper bound to accommodate oc-
casional high-scoring outliers). This normaliza-
tion does not affect training dynamics, as DSAN
(Section 3.3.1) performs additional standardization
within GRPO updates.

Reference Points. We employ three reference
configurations depending on the evaluation con-
text. All references follow the canonical (OCR,
PickScore, DeQA, Aesthetic) ordering used in
Table 1.

• Main Results (Table 1): Reference point
is set to base model (SD3.5-M) perfor-
mance. Original metric values: rraw

base =
(0.59, 21.72, 4.07, 5.39) for (OCR, PickScore,
DeQA, Aesthetic) respectively. After normaliza-
tion (OCR unchanged, PickScore/26, DeQA/5,
Aesthetic/10), the reference becomes rbase =
(0.59, 0.835, 0.814, 0.539). Since only the final
checkpoint is evaluated per model, HV serves as
a scalar proxy for overall improvement magni-
tude rather than Pareto set diversity.

• Training Dynamics Analysis (Section 4.3, Fig-
ure 4(d)): Reference point reflects early-training
performance (normalized coordinates): rearly =
(0.38, 0.81, 0.60, 0.50) . We evaluate 10 evenly-
spaced checkpoints (steps {120, 240, . . . , 1200})
on a held-out test set, computing HV over the
non-dominated subset to track Pareto front evo-
lution.

• Ablation Studies (Table 2): Same ref-
erence as training dynamics: rearly =
(0.38, 0.81, 0.60, 0.50). HV is computed over
training batch rewards using non-overlapping 50-
step windows, averaging across multiple epochs
to reduce stochastic variance from rollout sam-
pling.

Rationale for Context-Specific References. The
choice of reference point affects hypervolume in-
terpretation (Fonseca and Fleming, 1996). For Ta-
ble 1, using base model performance as reference
enables intuitive comparison of post-training gains.
For temporal analyses (Figure 4(d), Table 2), the
early-training reference avoids artificial inflation
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Figure 6: Qualitative comparison across text-centric (left) and aesthetics-centric (right) scenarios. In text-
intensive generation, APEX achieves superior spelling accuracy and semantic coherence while maintaining visual
realism. In photorealistic generation, APEX demonstrates enhanced detail preservation across lighting, textures,
and atmospheric depth, exploring more favorable Pareto frontiers. Both baselines exhibit various failure modes
including text errors, unrealistic rendering, and limited aesthetic improvement.

from large initial improvements, better highlight-
ing incremental Pareto front expansion during fine-
tuning. We use test-set evaluation in Figure 4(d)
to rigorously validate Pareto front evolution, while
training-batch evaluation in Table 2 enables effi-
cient ablation across multiple P3 configurations.

D.3 Qualitative Comparison

Figure 6 presents a visual comparison between
APEX and the baseline methods across diverse sce-
narios. We evaluate the results from two perspec-
tives: instruction alignment accuracy and visual
detail fidelity.

Instruction Alignment Accuracy. Although
the Static-Weight method tends to prioritize local
text features to achieve higher OCR scores in Ta-
ble 1, APEX demonstrates superior comprehensive
capability in coordinating text, semantics, and vi-
suals. In tasks involving complex text rendering,
APEX effectively addresses typical failure modes
of baseline methods. Specifically, SD-3.5m and
Static-Weight exhibit spelling errors or character
deformations in Row 1 and Row 3, whereas APEX
accurately renders the complete text while main-
taining natural integration with the object’s texture.
In Row 2, although Static-Weight generates clear
fonts, the overly pristine texture of the sign contra-
dicts the “vintage” stylistic constraint; in contrast,

APEX precisely restores the weathered texture and
ambient lighting while maintaining legibility. For
the poster prompt in Row 4, which contains compo-
sitional ambiguity, APEX tends to construct a 3D
scene with higher spatial complexity rather than a
simple 2D layout, demonstrating its ability to ex-
plore diverse optimal solutions on the Pareto front.

Visual Detail Fidelity. In photorealistic render-
ing, APEX consistently outperforms the baselines
in lighting modeling, color interaction, and phys-
ical logic, whereas Static-Weight shows limited
improvement over SD-3.5m in these dimensions.
A representative case is the cherry blossom lake
(Row 6), where APEX achieves precise color iso-
lation, preventing the background vegetation from
being affected by “color-bleeding” from the pink
blossoms, while capturing realistic reflections and
atmospheric depth. Similar detail enhancements
are evident in the delicate lace lighting (Row 5), the
realistic bark textures and blind-filtered light (Row
7), and the physically-grounded dewdrop refraction
and natural droplet distribution (Row 8). These ob-
servations suggest that APEX’s adaptive priority
mechanism more effectively mines fine-grained,
aesthetics-related reward signals.

The qualitative comparison corroborates the
quantitative findings in Table 1: APEX effectively
mitigates the “variance hijacking” phenomenon in
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Figure 7: Composite Advantage Variance Decay. The
weighted advantage variance decreases over training as
DSAN normalizes conflicting gradients, reducing inter-
objective interference.

multi-objective alignment. While maintaining com-
petitiveness in key text metrics, it avoids semantic
misalignment caused by overfitting a single objec-
tive, achieving a systemic balance between percep-
tual quality and instruction following.

D.4 Composite Advantage Variance Dynamics

To verify the necessity of the second stage of
DSAN normalization, we track the variance of
the composite advantages after weighted aggrega-
tion but before the second normalization (Fig. 7).
Experimental observations show a significant and
continuous decay in advantage variance, dropping
from ∼ 0.40 initially to ∼ 0.28 in the later stages.
According to the principle of variance decompo-
sition, while weight magnitudes remain relatively
stable, the drop in total variance is attributed to the
objective-wise covariance becoming negative. This
statistically confirms that as training progresses, the
model enters a “zero-sum game” region near the
Pareto front, where gradient interference between
objectives leads to signal cancellation. Without
second-stage normalization, this natural variance
decay would be equivalent to a passive reduction in
the learning rate. APEX’s second-stage normaliza-
tion provides an adaptive signal rescaling mecha-
nism that forces the decayed composite advantages
back to a standard distribution, compensating for
signal loss caused by objective conflicts.

D.5 Stability Analysis of P3 Factors

We reduce APEX to the Only-LP variant
(α=0, β=0), retaining only the learning potential
factor. As shown in Fig. 8, the Only-LP variant per-

Figure 8: Stability analysis of P3 factors. The Only-
LP variant (α=0, β=0) shows sudden spikes in KL di-
vergence and clipping fraction, indicating unstable pol-
icy updates. APEX Full remains stable, confirming that
CP and PN factors act as safety valves against gradient
conflicts and objective saturation.

forms similarly to APEX Full in the early stages,
but as training deepens, its KL divergence and clip-
ping fraction exhibit sudden, sharp spikes. This
indicates that solely pursuing high gradient mag-
nitude leads to overly aggressive policy updates.
Without the constraints of Conflict Penalty (CP),
the model forces updates when gradient directions
are inconsistent, triggering parameter oscillations.
Without Progress Need (PN) regulation, the model
continues to apply high weights after certain ob-
jectives are saturated, causing the policy to deviate
severely from the reference model. In contrast,
APEX Full maintains a stable training trajectory
throughout. This proves that the CP and PN factors
serve as critical Safety Valves within the frame-
work, ensuring convergence stability by dynami-
cally suppressing excessive weight allocation dur-
ing conflicts or objective saturation.
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