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Abstract

Flow-based text-to-image models follow deter-

ministic trajectories, making it costly to explore

diverse modes under limited sampling budgets.

Existing approaches to improving diversity often

rely on retraining or degrade image fidelity. To

address this limitation, we present a training-free,

inference-time control mechanism that makes the

flow itself diversity-aware. Our core insight is to

encourage diversity through guidance that is ge-

ometrically decoupled from the model’s quality-

seeking direction. Our method simultaneously

encourages lateral spread among trajectories via

a feature-space objective and reintroduces uncer-

tainty through a time-scheduled stochastic pertur-

bation. Crucially, this perturbation is projected to

be orthogonal to the generation flow, a geometric

constraint that allows it to boost variation without

degrading image details or prompt fidelity. Theo-

retically, we show that this design monotonically

increases a volume surrogate while approximately

preserving the marginal distribution, providing a

principled explanation for the robustness of gen-

eration quality. Empirically, across multiple text-

to-image settings under fixed sampling budgets,

our method consistently improves diversity met-

rics such as the Vendi Score and Brisque over

strong baselines, while upholding image quality

and alignment.

1. Introduction

Recent advances in text-to-image (T2I) synthesis have un-

locked unprecedented capabilities, enabling the creation of
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Figure 1. Up: A conceptual comparison of the generation process.
(A) The standard flow matching shows independent trajectories
collapsing to similar modes. (B) OSCAR (ours) introduces an or-
thogonal control mechanism that forces the interacting trajectories
to diverge and cover a wider semantic space. Down: A qualitative
comparison of generated images against strong baselines. The
combined results illustrate that our method significantly increases
the diversity of generations while retaining high output quality.

photorealistic visuals for applications ranging from digital

art and design to scientific visualization (Rombach et al.,

2022b; Saharia et al., 2022; Ramesh et al., 2022; Zhang

et al., 2023). Among the leading paradigms, Flow Matching

(FM) and Rectified Flow (RF) have gained prominence due

to their efficient inference and solid theoretical foundation

(Lipman et al., 2022; Liu et al., 2022). While significant

efforts have pushed the fidelity and prompt-alignment of

these models to new heights (Rombach et al., 2022b; Esser

et al., 2024), a critical challenge remains: a striking lack of

semantic diversity.

This challenge manifests as an “illusion of variety”: while

users can generate numerous images by changing random

seeds, the outputs often collapse to a few high-probability

modes, exploring only a narrow slice of the concept’s true
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semantic space. This tendency is not merely an inciden-

tal artifact. Still, it is exacerbated by the field’s prevailing

focus on aligning models with human preferences, a pro-

cess that often implicitly rewards outputs that conform to

common expectations at the expense of novelty (Hemmat

et al., 2023; Hall et al., 2023). This limitation is then deeply

rooted in the models’ mechanics, as the learned flows are

often contractive, pulling different initial trajectories to-

ward similar high-density modes of the target distribution.

This effect is further amplified by strong Classifier-Free

Guidance (CFG), which over-weights the conditional score,

narrowing the explored region of the conditional manifold,

improving prompt fidelity but reducing semantic diversity

(Ho & Salimans, 2022). Naively drawing more samples is

an inefficient remedy, as the required Number of Function

Evaluations (NFE) to find rare modes is prohibitive under

finite computational budgets.

Existing approaches to mitigate this issue, whether applied

during training or inference, often force a difficult com-

promise. Training-time solutions are often sensitive to the

specific dataset and training parameters, and are typically

computationally prohibitive, rendering them inapplicable

to pre-trained models. While more practical, training-free

methods for enhancing diversity, whether by modifying the

sampling process or directly augmenting the generation dy-

namics, typically trade off sample quality for diversity, often

producing artifacts. Consequently, a low-overhead, training-

free method that can enhance diversity while rigorously

preserving quality remains a key desideratum.

To address these limitations, we introduce Orthogonal

Stochastic Control for Alignment-Respecting diversity

(OSCAR), a novel, training-free control mechanism for

continuous-time flow-matching inference. Our core idea is

to reshape the sampling dynamics to encourage trajectories

under the same conditions to naturally fan out toward com-

plementary semantics. At each time step, we first employ a

finite-difference endpoint extrapolation, inspired by Heun

(Süli & Mayers, 2003), to predict a local endpoint for the

current state (see App. C for details). We then maximize the

feature-space volume of these predicted endpoints, defined

via the log-determinant of their centered Gram matrix. The

gradient of this volume potential is efficiently pulled back

to the latent space. To further encourage exploration, we

complement this deterministic guidance with a controllable,

time-scheduled stochastic noise.

The key to our method’s success lies in a unifying geometric

principle, which can be summarized as follows. (I) Or-

thogonal guidance. Both the deterministic control signal

and the stochastic noise are projected to be orthogonal to

the base flow velocity. This design ensures that our guid-

ance provides only a “lateral” push for diversity, without

opposing the model’s forward, quality-seeking dynamics.

(II) Resolved fidelity–diversity trade-off. Through com-

prehensive numerical comparisons against strong baselines,

we demonstrate that this principle effectively resolves the

trade-off between output diversity and generation quality

in conditional flow matching. (III) Consistent empirical

gains. As a result, our method achieves superior perfor-

mance on diversity-centric metrics, including mode cover-

age and intra-class entropy, while consistently preserving

generation quality. The overall process and its effect on sam-

pling trajectories are conceptually illustrated in Figure 1.

2. Related work

From Diffusion to Continuous-Time Generative Flows.

The development of modern generative models began with

Denoising Diffusion Probabilistic Models (DDPM) (Ho

et al., 2020), which achieved stable training and strong fi-

delity by simulating a progressive denoising process. A

key drawback of the canonical sampler, however, is its high

computational cost, requiring a large neural function evalua-

tions (NFE) to produce a high-quality image. This limita-

tion spurred two complementary research streams. On the

quality and alignment side, researchers steadily improved

realism and prompt adherence by scaling model capacity,

strengthening text encoders, and incorporating preference

alignment objectives (Meng et al., 2021; Saharia et al., 2022;

Esser et al., 2024; Xu et al., 2023). On the efficiency side,

few-step Ordinary Differential Equation (ODE) solvers and

consistency-based models substantially reduced the NFE

while preserving fidelity (Song et al., 2020; Lu et al., 2022;

Song et al., 2023; Luo et al., 2023). While continuous-time

generative frameworks like Flow Matching (FM) and Rec-

tified Flow (RF) have greatly improved the efficiency and

fidelity of modern generative models (Lipman et al., 2022;

Liu et al., 2022), the field’s primary focus has remained on

these aspects. Consequently, diversity and mode coverage

have been overlooked, particularly under strong CFG, which

compresses the solution space and causes generations to col-

lapse to similar high-probability modes (Ho & Salimans,

2022; Sadat et al., 2023).

Training-Time Diversity Enhancement. One line of work

enhances diversity during training, often inspired by rein-

forcement learning. For instance, Miao et al. (2024) pro-

poses a framework that employs a reward model to score

the diversity of generated images. However, this method’s

effectiveness hinges on a pre-defined reference distribution

of real images, a requirement that can be impractical to

satisfy and limits the approach’s generality. Other methods

frame the reverse sampling process as a multi-step Markov

Decision Process and apply policy gradient optimization

to the entire sampling trajectory (Zhang et al., 2024; Black

et al., 2023; McAllister et al., 2025). While powerful, this

web-scale training paradigm is not only computationally
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prohibitive, but its effectiveness is also highly sensitive to

the specific dataset and training parameters. Our work is

therefore situated within the more practical and versatile

paradigm of training-free, inference-time enhancement.

Inference-Time Diversity: Sampling Strategies vs.

Gradient-Based Guidance. Inference-time methods for

diversity enhancement can be broadly categorized into two

paradigms: sampling strategies and gradient-based guidance.

The first class indirectly broadens exploration by modifying

the sampling process. For instance, Sehwag et al. (2022)

proposes biasing sampling toward low-density regions of

the data manifold, which may lead to a distribution shift.

Building on this idea, Condition-annealed diffusion sam-

pling (CADS) dynamically anneals the conditioning signal

to encourage exploration in early sampling stages (Sadat

et al., 2023). Unlike the scheduling-based CADS, whose

performance can be highly dependent on the precise sched-

ule and scale of the injected noise, our method introduces

noise strictly in the subspace orthogonal to the base flow

velocity. This quality-preserving design makes our method

far less dependent on the injection schedule and thus more

robust across CFG scales. Another related method, adaptive

projected guidance (APG) (Sadat et al., 2024), also uses an

orthogonal projection form, but for a different purpose: it

decomposes the classifier-free guidance update to reduce

oversaturation and improve quality under strong guidance.

In contrast, OSCAR derives its guidance from a set-level

feature-volume objective over predicted endpoints, and uses

orthogonal projection as a fidelity safeguard to prevent the

diversity-inducing control from interfering with the base

flow direction.

A second paradigm, gradient-based guidance, takes a more

direct approach by actively pushing samples apart using

diversity objectives. While early methods, such as Particle

Guidance (PG), applied repulsion directly in the latent space,

this can conflict with the model’s quality-generating flow

(Corso et al., 2023). A significant evolution is DiverseFlow,

which elevates the guidance objective to a semantic feature

space operating on predicted endpoints (Morshed & Bod-

deti, 2025). Our work builds on this idea by introducing a

more efficientO(K2) objective that largely reduces Diverse-

Flow’sO(K3) complexity cost, and, more critically, a set of

rigorous geometric constraints for fidelity preservation. Or-

thogonal to these deterministic guidance methods, another

line of thought replaces the ODE solver with a Stochastic

Differential Equation (SDE) solver inspired by diffusion

models (Liu et al., 2025). However, such generic stochastic-

ity is not explicitly designed to enhance semantic diversity.

Our method is unique in that it integrates the strengths of

both approaches: we utilize principled semantic guidance

while also injecting staged, controllable noise, both of which

are constrained to be orthogonal to the base flow, ensuring a

safe and effective diversity boost.

3. Problem Formulation

Our work is situated within the framework of continuous-

time generative models, particularly those based on FM and

RF. Specifically, the RF framework defines the path between

a real data sample x1 and a noise sample x0 via a simple

linear interpolation xt = (1− t)x1 + tx0, for t ∈ [0, 1]. A

model is then trained to learn a velocity field vθ(xt, t | c)
by minimizing an objective function:

L(θ) = Et,x0,x1

[

∥(x0 − x1)− vθ(xt, t | c)∥
2
]

This process drives vθ to fit the constant target velocity field

connecting the data and noise distributions. During infer-

ence, this learned velocity field vθ guides a deterministic

ODE from noise to data: dxt

dt = vθ(xt, t | c), t ∈ [1, 0].

However, the deterministic and often contractive nature of

the inference ODE suffers from a significant drawback in the

form of a striking lack of set-level diversity. To empirically

characterize the lack of set-level diversity in deterministic

ODEs, we compare standard FM and OSCAR on a 2D ring-

structured GMM. Initial particles, sampled from an inner

concentric disk, are evolved under a fixed NFE budget. As

illustrated in Figure 2, FM induces purely radial contrac-

tion, causing trajectories to cluster within sparse angular

sectors and fail to explore more modes. In contrast, OSCAR

preserves radial convergence while introducing a tangential

diversification force that drives particles to spread uniformly

across all modes. Consequently, OSCAR achieves supe-

rior mode coverage and a balanced angular distribution,

demonstrating its capacity to mitigate mode collapse at no

additional computational cost.

The central challenge in overcoming this limitation lies

in the well-known trade-off between diversity and quality.

Naively augmenting the learned ODE dynamics, for in-

stance, by adding arbitrary noise or simple repulsion forces,

can easily disrupt the model’s carefully calibrated path to

high-fidelity samples, often introducing artifacts and de-

grading generation quality. This motivates the search for

diversity-promoting interventions that encourage trajecto-

ries to spread without interfering with the model’s forward,

quality-seeking dynamics.

4. Methodology

In this work, we evaluate set-level diversity, defined as the

ability of a model to generate a semantically varied set

of a given size for a fixed condition, purely by changing

the initial random seed. Therefore, our goal is to enhance

set-level diversity by augmenting the base dynamics with-

out retraining the pretrained velocity field vθ. We achieve

this by introducing two components: (1) a deterministic,

geometry-aware control signal g(xt, t), designed to drive

samples apart in a semantic feature space, and (2) a con-
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Figure 2. Toy example on a ring of Gaussian modes illustrating
mode exploration. Rows: Standard Flow Matching vs. OSCAR.
Columns: snapshots at early, mid, and final generation steps under
the same NFE. Black plus signs (+) denote mode centers; light-blue
circles represent initial particles; orange crosses (×) mark particle
locations, with dashed lines tracing individual trajectories. While
standard FM exhibits significant mode collapse due to purely con-
tractive dynamics, OSCAR promotes tangential diversification,
enabling particles to cover more modes earlier and more uniformly
within the same sampling budget.

trollable stochastic noise term
√

β(t) dWt to inject quality-

preserving uncertainty. This transforms the original ODE

into a controlled SDE that governs our sampler:

dxt =
[
vθ(xt, t | c)− g(xt, t | c)

]
dt+

√

β(t) dWt, (1)

where Wt is standard Brownian motion. The principled

design of the control signal g and its associated fidelity

safeguards are detailed in the following sections.

4.1. Diversity via Trajectory Spreading in Feature Space

To drive the set of trajectories {x
(i)
t } towards diverse con-

figurations, our control mechanism operates not on the

current states, but on their local estimates of the final tra-

jectory endpoint {x
(i)
0 } in a semantic feature space. The

core idea is to define a differentiable, permutation-invariant

set energy 1 Es(Z) for a collection of endpoint features

Z = [z1; . . . ; zm]. This energy is designed to be low when

features are spread out and high when they are clustered.

We then steer the features towards a lower energy state using

a stochastic control law:

dZ = −γ(t)∇ZEs(Z) dt+
√

β(t) dWt, (2)

where Z ∈ Rm×D stacks the features, and schedules γ(t)
and β(t) modulate the diversity-seeking drift and explo-

1The term “energy” is used by analogy to physics: we define
an objective function where lower values correspond to more di-
verse sets, and its negative gradient provides a ’force’ that drives
diversity.

ration. The key components of this control law are derived

as follows.

Endpoint-Aware Features. At any time t, we form an
endpoint-aware feature by first applying a one-step predictor

ψ̂(x, t) and then a semantic encoder ϕ : X → RD (e.g., a
pretrained image tower):

zi(t) = ϕ(ψ̂(x(i)(t), t)), Z(t) = [z1(t); . . . ; zm(t)].

For the predictor ψ̂, we use a finite-difference endpoint

extrapolation, which provides an accurate local estimate of

the trajectory’s endpoint without any extra NFE.

Set Energy as Feature Volume. We instantiate the set

energy Es(Z) using a log-determinant objective that corre-

sponds to the volume spanned by the features. To avoid

manual centering, we use a trace-stabilized form:

Es(Z) = − 1
2 log det

(

I + τ ZZ⊤
)

, (3)

where we fix τ = 1 in practice across all experiments.

Minimizing this energy is equivalent to maximizing the

regularized volume of the parallelepiped formed by the

feature vectors {zi}.

Pulling the Gradient Back to State Space. The feature-

space drift from Eq.2 is mapped back to the sampler’s state

space X to form the control signal g(x, t). We achieve this

via the chain rule:

gi(xi, t) =
(

Jxψ̂(xi, t)
)⊤(

Juϕ(u)
)⊤[

∇ZEs(Z)
]

i

∣
∣
∣
u=ψ̂(xi,t)

(4)

where [·]i denotes the gradient component for the i-th sam-

ple. Equation 4, which defines the control signal g(x, t)
used in our final controlled SDE, is obtained by pulling

back the feature-space gradient via the chain rule and im-

plemented efficiently per sample using two reverse-mode

vector–Jacobian products (VJPs) without explicitly forming

Jacobians (see full derivation in Appendix B, Lemma 1).

4.2. Fidelity Safeguards

A powerful diversity signal is not sufficient. It must be

applied in a manner that respects the underlying quality

manifold learned by the pretrained model. To this end, we

introduce two principled, geometry-aware constraints that

ensure our control mechanism is quality-preserving.

4.2.1. ORTHOGONAL PROJECTION

Simply adding the control signal g(xt, t) to the base ve-

locity vθ can create conflicts, as the direction for maximal

diversity may oppose the direction for maximal fidelity. To

resolve this, we enforce that the control operates strictly in a

subspace that is orthogonal to the primary alignment/quality

direction. We define this direction as the base velocity itself,
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Algorithm 1 The OSCAR Sampling Algorithm

1: Input: Initial noise samples {x(i)0 }
m
i=1 ∼ N (0, I); condition

c; models: velocity field model vθ , feature encoder ϕ, endpoint

predictor ψ̂; time grid 0 = t0 < · · · < tT = 1.
2: Hyperparameters: Stability ε, volume scale τ , orthogonality
λ∈ [0, 1], leverage exponent α∈ [0.5, 1], noise exponent p.

3: Output: Final samples {x(i)1 }
m
i=1.

4: for ℓ = 0 to T − 1 do
5: Let xi ← x

(i)
tℓ

be the current sample at time tℓ.
6: Set step size ∆t← tℓ+1 − tℓ; evaluate base velocity vi ←

vθ(xi, tℓ | c).

7: Predict endpoints: Use extrapolation ψ̂ to get x̂endi from
(xi, vi, tℓ).

8: Compute diversity gradient gi (Sec. 4.1):
9: Encode endpoints zi ← ϕ(x̂endi ), stack into matrix Z =

[z1; . . . ; zm]
10: Compute leverage scores si and weights wi from Gram

matrix ZZ⊤ (Eq. 5).
11: Compute reweighted feature-space gradient GZ =

∇ZEs(Z).

12: Pull back to state space: gi ← (Jψ̂)⊤(Jϕ)⊤[GZ ]i
(Eq. 4).

13: Apply fidelity safeguards(Sec. 4.2):

14: Project determin control: gi ←
(

gi − λ
⟨gi,vi⟩

∥vi∥2+ε
vi

)

×

min
(

1, ∥vi∥
∥gi∥+ε

)

.

15: Project stochastic noise: ξi ∼ N (0, I); ξ⊥i ← ξi −
⟨ξi,vi⟩

∥vi∥2+ε
vi; ηi ←

√

t
p
ℓ |∆t| ξ

⊥
i .

16: Perform controlled Step (App. C.1):
17: Effective velocity: veffi ← vi − γ(tℓ) gi.

18: Update: x
(i)
tℓ+1
← xi +∆t veffi + ηi.

19: end for
20: Let final samples be x

(i)
1 ← x

(i)
tT

.

q(x, t) ≈ vθ(x, t | c), which empirically points towards the

conditional data manifold.

We then construct a projection operator Π⊥ that nullifies

any component of our control signal parallel to this quality

direction:

g⊥i (t) = gi(t)− λ gi(t)
⊤vi(t)

∥vi(t)∥2+δ vi(t).

where λ ∈ [0, 1] controls the strictness of the orthogonality.

By applying this projection to both the deterministic control

g and the stochastic noise dWt, we ensure our guidance only

performs a “lateral spread” to enhance diversity, without

interfering with the model’s primary, “forward” trajectory

towards a high-fidelity output (See theoretical analysis in

Appendix B).

4.2.2. REDUNDANCY-AWARE REWEIGHTING

Instead of applying a uniform, hard cap to the control signal,

we employ a more adaptive and fine-grained mechanism to

modulate its strength on a per-sample basis. This is achieved

by reweighting the set energy Es based on the geometric

arrangement of the endpoint features. Specifically, we com-

pute per-sample leverage scores si from the inverse of the

feature Gram matrix K = ZZ⊤: si =
[
(K + εI)−1

]

ii
.

The score si is inversely proportional to how “central” or

“redundant” a sample is within the set. Geometrically, under-

covered samples receive higher scores. These scores are

then used to form normalized weights wi, which reweight

the Gram matrix used in our volume objective:

K̃ =W
1/2
KW

1/2
, where W = diag(w1, . . . , wm). (5)

where wi =
sαi∑
j s

α
j

. By using this reweighted Gram matrix

K̃ inside the log-determinant energy (Eq. 3), our method

naturally allocates more guidance strength to the under-

represented samples that need it most, while attenuating the

influence of dominant, redundant samples. This “push weak,

not strong” principle provides a more stable and efficient

control than a uniform cap. The complete, step-by-step

implementation of our guided sampler is presented in Algo-

rithm 1.

5. Experiments and Results

Setup. We evaluate three conditional generation settings:

(i) class-conditional generation on COCO (Lin et al., 2014);

(ii) text-to-image (T2I) using a pretrained Stable Diffusion

backbone in Flow-matching framework; and (iii) attribute-

conditioned generation, where we assess the quality and

diversity of images generated for specific attributes. All

methods are applied at inference time to the same pretrained

and frozen backbone model, ensuring a fair comparison.

More implementation details can be found in Appendix C.

Baselines. We compare OSCAR with several training-free

inference-time baselines. FM-SD3.5 denotes the original

frozen flow-matching backbone. CADS (Sadat et al., 2023)

promotes diversity by annealing the conditioning signal,

while Particle Guidance (PG) (Corso et al., 2023) intro-

duces repulsive interactions among samples. We also com-

pare with DiverseFlow (Morshed & Boddeti, 2025), which

uses a DPP-inspired endpoint guidance objective, so we

denote this baseline as DPP. Finally, we include APG (Sadat

et al., 2024), an orthogonal-guidance method for improving

classifier-free guidance.

Fidelity and Alignment. To quantify performance across

these setups, our evaluation is structured around three core

axes. We first assess the fidelity and alignment of gener-

ated samples. This includes the standard Fréchet Inception

Distance (FID) (Heusel et al., 2017) and Kernel Inception

Distance (KID) (Bińkowski et al., 2018) for measuring the

discrepancy between generated samples and the reference

distribution. For semantic and human-preference alignment,

we measure CLIP-Score for text-prompt agreement and Im-
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age Reward (Xu et al., 2023) for alignment with human

aesthetic preferences. Finally, to assess perceptual quality

and detect artifacts, we employ the no-reference Blind/Refer-

enceless Image Spatial Quality Evaluator (BRISQUE) (Mit-

tal et al., 2012) as well as the learned CLIP-IQA (Wang

et al., 2023) metric.

Distributional Coverage. Beyond the quality of indi-

vidual images, we measure distributional coverage to un-

derstand how well the model captures the breadth of the

true data manifold. We plot Improved Precision-Recall

(IPR) curves (Kynkäänniemi et al., 2019) and report the

iso-precision ∆Recall, which directly quantifies coverage

expansion at a comparable fidelity level. This is comple-

mented by Coverage@τ on pre-clustered real-data features

to evaluate discrete mode discovery. The Does-It Metric

(DIM) (Teotia et al., 2025) further probes coverage by mea-

suring the balanced generation of attributes from coarse

prompts.

Intra-Set Diversity. Finally, for the crucial user-facing

scenario of generating multiple candidates from a single

prompt, we evaluate intra-set diversity. We report pair-

wise 1− MS-SSIM (Wang et al., 2003) to capture percep-

tual and structural variation. Our primary metric here is

the reference-free Vendi Score (Friedman & Dieng, 2022),

which reflects the “effective number” of distinct items in a

set. We report both Inception and pixels representations to

disentangle low-level from semantic diversity. The Can-It

Metric (CIM) (Teotia et al., 2025) confirms that this diver-

sity is controllable, assessing the ability to produce distinct

outputs when explicitly conditioned on different attributes.

5.1. Main Results

The following sections describe our main findings, and ad-

ditional experiments are provided in Appendix E.

Fidelity-Coverage Trade-off. Our quantitative evaluation

shows that our method improves the trade-off between gen-

eration fidelity and diversity, which is illustrated by the

Precision-Recall for Distributions (PRD) curves in Figure 3.

While baselines such as DPP and PG suffer from a sharp pre-

cision collapse as recall begins to increase, our method main-

tains a more robust curve, demonstrating a superior ability to

expand sample diversity without a severe penalty to fidelity.

This overall advantage is confirmed by our method achiev-

ing the highest Area Under the Curve (AUC) across all CFG

scales. This result underscores our method’s ability to effec-

tively explore the data manifold for diverse samples while

maintaining high-quality outputs. As further demonstrated

by extensive PRD results in Appendix D.1, our method out-

performs all baselines on the majority of evaluated concepts,

indicating that the observed improvement is not limited to a

specific class.
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Figure 3. PRD curves on the “suitcase” concept, comparing meth-
ods across different CFG levels. For most CFG settings, our
method’s curves are shifted toward the top-right, indicating a supe-
rior precision–recall trade-off.
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Figure 4. (a) Mode Coverage vs. Threshold (τ ) for the ‘truck’
concept, comparing our method against baselines at three fixed
CFG levels. Higher curves indicate a larger fraction of real-data
clusters are covered, signifying superior mode discovery. Shaded
bands denote the ±1 standard deviation across multiple seeds
and prompts. (b) Normalized entropy for the ‘truck’ concept,
comparing methods at different CFG levels. Higher bars indicate
a more uniform distribution of samples across discovered modes,
signifying less redundancy. Error bars denote the ±1 standard
deviation.

Reference-Free Diversity and Fidelity. As detailed in

Table 1, our approach enhances diversity while maintain-

ing state-of-the-art sample quality and prompt adherence.

Our method is the clear leader in diversity, achieving the

highest scores across all CFG levels for both Vendi Score

Pixel(VSp), which measures low-level variation, and Vendi

Score Inception(VSI ), which captures semantic differences.

Crucially, this diversity is not an artifact of degraded quality.

Our method delivers top-tier generation fidelity, evidenced

by FID and Brisque scores, while CLIP Scores confirm that

text-image alignment is rigorously maintained. To ensure

the robustness of these findings, all reported metrics are

aggregated over multiple random seeds and synonymous

prompts for each concept (see more results and the example

of our prompt structure in Appendix D.3).

Generalization to Complex Prompts. To further eval-

uate whether our method remains effective under more

challenging text conditions, we conduct additional exper-

iments on the spatial color and complex subsets of T2I-
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Table 1. Quantitative comparison of our method against baselines across different CFG levels for the “truck” concept, you can see other
concept results in Appendix D. Our method consistently improves diversity metrics while achieving state-of-the-art performance on
quality and alignment scores.

Guidance Scale (CFG) Guidance Scale (CFG)

Method 3.0 5.0 7.5 3.0 5.0 7.5

Brisque ↓ 1−MS-SSIM(%) ↑

FM-SD3.5 19.58 ± 1.95 23.40 ± 2.27 33.11 ± 1.82 83.93 ± 2.05 82.62 ± 2.63 80.46 ± 2.82
PG 40.11 ± 5.83 40.34 ± 6.11 47.66 ± 3.92 84.60 ± 2.76 83.76 ± 2.37 81.07 ± 1.22
CADS 21.15 ± 0.76 23.97 ± 1.59 32.73 ± 1.96 86.12 ± 2.76 83.82 ± 3.10 82.71 ± 2.53
DPP 18.73 ± 0.91 24.51 ± 1.98 33.88 ± 0.98 85.75 ± 1.32 83.42 ± 1.86 81.90 ± 1.73
APG 24.89 ± 2.23 27.97 ± 2.04 30.09 ± 2.20 85.16 ± 2.14 83.53 ± 1.81 82.93 ± 2.55
Ours 18.50 ± 1.62 21.72 ± 1.31 27.80 ± 0.85 84.80 ± 1.03 83.91 ± 1.04 83.22 ± 1.21

Vendi Score Pixel ↑ Vendi Score Inception ↑

FM-SD3.5 2.48 ± 0.19 2.31 ± 0.11 2.23 ± 0.11 4.55 ± 0.28 3.86 ± 0.13 3.76 ± 0.14
PG 2.45 ± 0.18 2.30 ± 0.13 2.25 ± 0.08 4.80 ± 0.18 4.22 ± 0.14 3.81 ± 0.11
CADS 2.63 ± 0.09 2.34 ± 0.12 2.25 ± 0.10 4.58 ± 0.28 3.88 ± 0.14 3.71 ± 0.14
DPP 2.48 ± 0.09 2.30 ± 0.09 2.17 ± 0.03 4.24 ± 0.32 3.58 ± 0.23 3.15 ± 0.10
APG 2.61 ± 0.28 2.40 ± 0.30 2.31 ± 0.30 4.76 ± 0.67 4.27 ± 0.40 4.05 ± 0.29
Ours 2.66 ± 0.18 2.47 ± 0.11 2.34 ± 0.10 4.93 ± 0.33 4.34 ± 0.13 4.08 ± 0.04

CLIP-IQA ↑ CLIP Score ↑

FM-SD3.5 6.26 ± 0.61 6.48 ± 0.44 6.52 ± 0.48 26.97 ± 0.58 26.16 ± 0.52 26.02 ± 0.54
PG 6.22 ± 0.57 6.43 ± 0.47 6.48 ± 0.42 27.15 ± 0.61 26.57 ± 0.55 26.52 ± 0.53
CADS 6.61 ± 0.57 6.65 ± 0.51 6.69 ± 0.46 26.89 ± 0.68 26.53 ± 0.62 26.55 ± 0.53
DPP 6.29 ± 0.58 6.42 ± 0.50 6.44 ± 0.46 27.06 ± 0.78 26.68 ± 0.67 26.46 ± 0.59
APG 6.49 ± 0.65 6.56 ± 0.49 6.62 ± 0.45 27.30 ± 0.55 26.73 ± 0.50 26.67 ± 0.47
Ours 6.57 ± 0.62 6.76 ± 0.51 6.79 ± 0.48 27.20 ± 0.55 26.76 ± 0.55 26.56 ± 0.48

FID ↓ Image Reward ↑

FM-SD3.5 166.18 ± 1.10 165.51 ± 0.91 166.08 ± 0.65 0.40 ± 0.32 0.52 ± 0.26 0.60 ± 0.27
PG 167.34 ± 2.12 166.50 ± 2.39 165.39 ± 2.03 0.38 ± 0.38 0.54 ± 0.30 0.60 ± 0.29
CADS 165.84 ± 0.95 166.13 ± 1.22 167.34 ± 1.03 0.45 ± 0.32 0.56 ± 0.27 0.64 ± 0.26
DPP 166.51 ± 1.52 165.89 ± 0.72 166.21 ± 1.28 0.34 ± 0.35 0.49 ± 0.28 0.55 ± 0.27
APG 166.62 ± 1.11 165.55 ± 1.48 165.77 ± 1.61 0.42 ± 0.33 0.54 ± 0.27 0.62 ± 0.28
Ours 165.40 ± 0.94 164.75 ± 0.66 165.31 ± 0.79 0.43 ± 0.35 0.57 ± 0.29 0.65 ± 0.28

Table 2. Quantitative results on the spatial color and complex
subsets of T2I-CompBench.

Method Vendi (Inc.) ↑ Vendi (Pixel) ↑ CLIP ↑ 1 − MS-SSIM ↑ KID ↓

CADS 3.45 ± 0.11 2.43 ± 0.07 39.04 ± 0.20 0.891 ± 0.025 28.50 ± 0.80
FM-SD3.5 3.44 ± 0.22 2.42 ± 0.13 38.96 ± 0.23 0.889 ± 0.026 28.52 ± 0.78
DPP 3.41 ± 0.09 2.56 ± 0.09 38.96 ± 0.46 0.877 ± 0.017 29.17 ± 0.77
PG 3.42 ± 0.15 2.46 ± 0.07 39.17 ± 0.40 0.861 ± 0.029 30.30 ± 0.72
APG 3.34 ± 0.10 2.54 ± 0.12 39.08 ± 0.28 0.882 ± 0.027 30.34 ± 0.91
OSCAR 3.96 ± 0.13 2.92 ± 0.09 39.15 ± 0.30 0.890 ± 0.029 25.15 ± 0.58

CompBench (Huang et al., 2023). For each subset, we

randomly sample 100 prompts and generate 16 images per

prompt, following the same evaluation protocol as in the

main experiments. As detailed in Table 2, our method

achieves the best overall diversity–quality trade-off on these

compositional prompts. It consistently improves sample

diversity while preserving strong quality and prompt ad-

herence, indicating that the advantage of our approach is

not limited to simple prompts. In contrast, although Mix

ODE/SDE is competitive on certain diversity measurements,

it exhibits a noticeable degradation in quality-related scores.

Visual comparisons are provided in Appendix H.

Intra-Class Mode Discovery. The robust performance

stems from our method’s ability to discover and represent

fine-grained, intra-class modes more effectively than base-

lines. This is demonstrated through a two-fold analysis.

First, the mode coverage results in Figure 4(a) show that

while our method is competitive at stricter thresholds, it con-

sistently converges to a higher final coverage plateau across

all CFG scales. This indicates that our method ultimately

identifies a broader set of modes. Furthermore, the normal-

ized entropy results in Figure 4(b) highlight our method’s

clear superiority in distributing samples among these modes.

It achieves a substantially and consistently higher entropy,

providing strong evidence that our generated samples are

more uniformly distributed, leading to a less redundant and

more semantically rich output set (see additional results in

Appendix D.2).

Attribute-Level Diversity. At the semantic level, we ana-

lyze our method’s ability to balance default-mode diversity

with explicit controllability. For this evaluation on the bus

concept, we generated images for each core attribute us-

ing the structured prompt system detailed in Appendix D.4.

The results in Figure 5(a) show that while baseline meth-

ods exhibit strong biases, our method consistently achieves

scores closer to zero, signifying a more balanced genera-

tion. Crucially, this improved balance does not compromise

instruction-following, as Figure 5(b) shows our method

maintains high, competitive CIM scores. This demonstrates

that our method successfully overcomes the typical trade-off

between default-mode diversity and explicit control.
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(b)

(a)

Figure 5. Evaluation of attribute-level diversity and generalization
on the bus concept. DIM quantifies the balance of attributes gen-
erated from coarse prompts (a score closer to 0 indicates better
balance), while CIM assesses the ability to follow explicit attribute
requests (a higher score is better).

5.2. Ablation Study

This section explores the role of the most important safe-

guards and parameters in our method on the final quality and

diversity of generated samples. For a more detailed analysis

of our method’s robustness to different noise distributions,

please see Appendix F, where we show that our approach

remains effective across different sampling strategies, back-

bone architectures, and feature encoders.

(a) w/o Redundancy-Aware Reweighting (b) w/o Orthogonal Projection

Figure 6. Ablation study of two fidelity safeguards.

The Core Role of Fidelity Safeguards. We validate our

fidelity safeguards by comparing the full OSCAR model

against two ablated variants: one without Orthogonal Pro-

jection (w/o OP), and one without Redundancy-Aware (w/o

RR). The quantitative results in Table 3 show that removing

these components consistently harms all metrics, with vari-

ants that drop OP suffering the most severe degradation. The

visual results in Figure 6 further confirm this degradation,

illustrating that these ablated variants are prone to chaotic

textures and implausible artifacts, whereas our method main-

tains both diversity and realism. More comprehensive quali-

tative comparisons are provided in Appendix H.

Table 3. Comparison with baselines and stepwise ablation of our
fidelity safeguards at a fixed guidance CFG=5.0. Our full model
outperforms both the foundational baseline and prior methods. The
ablation study shows that each component contributes to the final
performance.

Method
CLIP

Score↑
Vendi

(Pixel) ↑
Vendi

(Inc.) ↑
FID↓ BRISQUE↓

FM-SD3.5 28.24 ± 0.18 2.45 ± 0.13 5.37 ± 0.27 164.4 ± 1.8 23.4 ± 1.4

DPP 28.84 ± 0.22 2.55 ± 0.23 5.49 ± 0.16 171.2 ± 1.9 26.1 ± 3.0
CADS 27.32 ± 0.21 2.54 ± 0.28 5.58 ± 0.19 169.1 ± 2.5 24.0 ± 1.9
PG 28.27 ± 0.27 2.54 ± 0.13 5.43 ± 0.18 163.7 ± 1.3 24.2 ± 3.3

w/o OP & RR 26.70 ± 0.23 2.82 ± 0.20 4.86 ± 0.24 185.9 ± 1.8 50.1 ± 2.8
w/o RR 27.26 ± 0.39 2.77 ± 0.16 5.23 ± 0.28 174.4 ± 3.0 35.0 ± 1.5
w/o OP 26.59 ± 0.25 2.75 ± 0.19 5.06 ± 0.16 177.8 ± 3.2 38.8 ± 1.5
Oscar 28.26 ± 0.22 2.86 ± 0.05 5.63 ± 0.22 163.3 ± 1.6 21.2 ± 1.5

Table 4. Quantitative ablation results for key parameters.

(a) Influence of λ (b) Influence of α (c) Influence of tgate

λ Brisque ↓ VSp ↑ α Brisque ↓ VSp ↑ tgate Brisque ↓ VSp ↑

0.9 21.56 2.61 1.0 40.39 2.50 0.15 23.13 2.60

0.6 21.69 2.30 0.5 20.63 2.66 0.70 33.67 2.48

0.3 23.64 2.34 0.1 44.28 2.49 1.00 53.88 2.21

5.3. Sensitive Analysis

This section will explore the role of the most important

parameters in our method on the final quality and diversity

of generated samples.

Orthogonality λ. The influence of the orthogonality strict-

ness λ is detailed in Figure 7(a). This parameter has a

critical impact on generation quality but a minor effect on

diversity. As the data shows, relaxing the constraint by

decreasing λ leads to a noticeable degradation in fidelity,

confirming that a strict orthogonal projection (λ ≈ 0.9) is

essential for preserving image quality.

Leverage exponent α. The effect of the leverage exponent

α is shown in Figure 7(b). The results reveal that an interme-

diate value (e.g., α = 0.5) is better, as both fully adaptive

(α = 1.0) and uniform (α = 0.0) weighting are found to

degrade sample quality and reduce diversity.

Noise gate tgate. Figure 7(c) illustrates the impact of the

noise injection window by comparing extreme scenarios.

While a conservative, late-stage injection is effective, ex-

tending the window to the entire generation process de-

grades sample quality as expected. However, these extremes

belie the method’s true stability, as our approach is in fact

highly robust across a wide range of reasonable settings. As

detailed in Appendix F.5, we further demonstrate robustness

with respect to the noise gate, the noise scale, and the choice

of noise schedule.

Overall robustness to hyperparameters. While OSCAR

introduces several hyperparameters, an important empiri-

cal observation is that the method is not sensitive to their

precise tuning. Across all three axes above, we find that

performance degradation only occurs under deliberately
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(a) Influence of λ

λ = 0.3 λ = 0.9

(b) Influence of α

α = 0.1 α = 1.0

(c) Influence of tgate

t = 0.70 t = 1.00

Figure 7. Visual ablation study. We compare visual outcomes for varying λ (a), α (b), and tgate (c). The corresponding quantitative metrics
are detailed in Table 4.

extreme configurations. In contrast, within a broad and

practically reasonable range of values, the diversity–quality

balance remains remarkably stable. This behavior reflects

the role of these parameters as structural safeguards rather

than fine-grained tuning knobs. The orthogonality factor

λ primarily determines whether diversity guidance inter-

feres with the base flow, the leverage exponent α controls

the degree of redundancy suppression among samples, and

the noise gate tgate specifies when stochastic exploration is

permitted. Once these mechanisms operate within their in-

tended regimes, their exact magnitudes have only a minimal

effect on the outcome. This robustness allows us to use a

single, fixed set of hyperparameters across all experiments

(see details in Appendix C.6). As a result, OSCAR does not

require careful hyperparameter tuning to achieve strong per-

formance, and its gains in diversity are consistently realized

without sacrificing fidelity across a wide range of settings.

6. Conclusion and Broader Discussion

In this work, we addressed the critical challenge of the

fidelity-diversity trade-off in flow-matching models by in-

troducing a training-free, geometry-consistent control frame-

work. Our method combines a deterministic guidance signal

with controllable stochastic noise to enhance semantic di-

versity. The key innovation is that both components are

projected to be orthogonal to the model’s base velocity

field, which decouples the diversity-seeking signal from the

quality-generating flow. Our experiments show that this

design yields a stronger precision-recall trade-off and im-

proves a suite of diversity metrics while preserving image

quality and prompt alignment. Beyond the inference-time

setting studied in this paper, our geometry-consistent control

principle also suggests a broader perspective on exploration

in flow-based generative models.

Recent RL post-training methods for flow-based generative

models often introduce stochasticity through ODE-to-SDE

conversion or mixed ODE/SDE sampling to improve explo-

ration during online optimization (Liu et al., 2025; Li et al.,

2025; Xue et al., 2025). This shares a similar motivation

with OSCAR, but our results highlight a key distinction

between unconstrained stochastic exploration and quality-

preserving exploration. As shown in Appendix E.5, a sim-

ple Mix ODE/SDE sampler can improve certain diversity-

related metrics, but without an explicit fidelity-preserving

mechanism, it often degrades visual quality and prompt

alignment. This suggests that exploration in flow-based gen-

eration should not be reduced to injecting randomness into

the trajectory.

From this perspective, OSCAR provides a geometry-

constrained form of exploration. Its set-level endpoint ob-

jective encourages trajectories to spread across semantic

modes, while orthogonal projection decouples both deter-

ministic control and stochastic perturbation from the base

flow direction. This makes OSCAR complementary to RL

post-training: it can serve as a training-free alternative when

post-training is unavailable, and its quality-preserving con-

trol principle may provide a structured exploration prior for

future RL-based optimization. Incorporating such geometry-

aware diversity control into RL post-training could help

broaden semantic exploration while reducing the risk of

fidelity degradation.
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Bińkowski, M., Sutherland, D. J., Arbel, M., and Gret-

ton, A. Demystifying mmd gans. arXiv preprint

arXiv:1801.01401, 2018.

Black, K., Janner, M., Du, Y., Kostrikov, I., and Levine, S.

Training diffusion models with reinforcement learning.

arXiv preprint arXiv:2305.13301, 2023.

Corso, G., Xu, Y., De Bortoli, V., Barzilay, R., and Jaakkola,

T. Particle guidance: non-iid diverse sampling with diffu-

sion models. arXiv preprint arXiv:2310.13102, 2023.

Esser, P., Kulal, S., Blattmann, A., Entezari, R., Müller, J.,

Saini, H., Levi, Y., Lorenz, D., Sauer, A., Boesel, F., et al.

Scaling rectified flow transformers for high-resolution

image synthesis. In Forty-first international conference

on machine learning, 2024.

Friedman, D. and Dieng, A. B. The vendi score: A diversity

evaluation metric for machine learning. arXiv preprint

arXiv:2210.02410, 2022.

Hall, M., Ross, C., Williams, A., Carion, N., Drozdzal, M.,

and Soriano, A. R. Dig in: Evaluating disparities in im-

age generations with indicators for geographic diversity.

arXiv preprint arXiv:2308.06198, 2023.

Hemmat, R. A., Pezeshki, M., Bordes, F., Drozdzal, M.,

and Romero-Soriano, A. Feedback-guided data syn-

thesis for imbalanced classification. arXiv preprint

arXiv:2310.00158, 2023.

Heusel, M., Ramsauer, H., Unterthiner, T., Nessler, B., and

Hochreiter, S. Gans trained by a two time-scale update

rule converge to a local nash equilibrium. Advances in

neural information processing systems, 30, 2017.

Ho, J. and Salimans, T. Classifier-free diffusion guidance.

arXiv preprint arXiv:2207.12598, 2022.

Ho, J., Jain, A., and Abbeel, P. Denoising diffusion proba-

bilistic models. Advances in neural information process-

ing systems, 33:6840–6851, 2020.

Huang, K., Sun, K., Xie, E., Li, Z., and Liu, X. T2i-

compbench: A comprehensive benchmark for open-world

compositional text-to-image generation. Advances in Neu-

ral Information Processing Systems, 36:78723–78747,

2023.

Karras, T., Aittala, M., Aila, T., and Laine, S. Elucidating

the design space of diffusion-based generative models.

Advances in neural information processing systems, 35:

26565–26577, 2022.

Kynkäänniemi, T., Karras, T., Laine, S., Lehtinen, J., and

Aila, T. Improved precision and recall metric for assess-

ing generative models. Advances in neural information

processing systems, 32, 2019.

Li, J., Cui, Y., Huang, T., Ma, Y., Fan, C., Cheng, Y., Yang,

M., Zhong, Z., and Bo, L. Mixgrpo: Unlocking flow-

based grpo efficiency with mixed ode-sde. arXiv preprint

arXiv:2507.21802, 2025.

Lin, T.-Y., Maire, M., Belongie, S., Hays, J., Perona, P., Ra-

manan, D., Dollár, P., and Zitnick, C. L. Microsoft coco:

Common objects in context. In European conference on

computer vision, pp. 740–755. Springer, 2014.

Lipman, Y., Chen, R. T., Ben-Hamu, H., Nickel, M., and

Le, M. Flow matching for generative modeling. arXiv

preprint arXiv:2210.02747, 2022.

Liu, J., Liu, G., Liang, J., Li, Y., Liu, J., Wang, X., Wan,

P., Zhang, D., and Ouyang, W. Flow-grpo: Training

flow matching models via online rl. arXiv preprint

arXiv:2505.05470, 2025.

Liu, X., Gong, C., and Liu, Q. Flow straight and fast:

Learning to generate and transfer data with rectified flow.

arXiv preprint arXiv:2209.03003, 2022.

Lu, C., Zhou, Y., Bao, F., Chen, J., Li, C., and Zhu, J.

Dpm-solver: A fast ode solver for diffusion probabilistic

model sampling in around 10 steps. Advances in neural

information processing systems, 35:5775–5787, 2022.

Luo, S., Tan, Y., Huang, L., Li, J., and Zhao, H. La-

tent consistency models: Synthesizing high-resolution

images with few-step inference. arXiv preprint

arXiv:2310.04378, 2023.

McAllister, D., Ge, S., Yi, B., Kim, C. M., Weber, E., Choi,

H., Feng, H., and Kanazawa, A. Flow matching policy

gradients. arXiv preprint arXiv:2507.21053, 2025.

Meng, C., He, Y., Song, Y., Song, J., Wu, J., Zhu, J.-Y.,

and Ermon, S. Sdedit: Guided image synthesis and edit-

ing with stochastic differential equations. arXiv preprint

arXiv:2108.01073, 2021.

Miao, Z., Wang, J., Wang, Z., Yang, Z., Wang, L., Qiu,

Q., and Liu, Z. Training diffusion models towards di-

verse image generation with reinforcement learning. In

Proceedings of the IEEE/CVF Conference on Computer

Vision and Pattern Recognition, pp. 10844–10853, 2024.

10



Letting Trajectories Spread: Quality-Preserving Control for Diverse Flow Matching

Mittal, A., Moorthy, A. K., and Bovik, A. C. No-reference

image quality assessment in the spatial domain. IEEE

Transactions on image processing, 21(12):4695–4708,

2012.

Morshed, M. M. and Boddeti, V. Diverseflow: Sample-

efficient diverse mode coverage in flows. In Proceedings

of the Computer Vision and Pattern Recognition Confer-

ence, pp. 23303–23312, 2025.

Radford, A., Kim, J. W., Hallacy, C., Ramesh, A., Goh, G.,

Agarwal, S., Sastry, G., Askell, A., Mishkin, P., Clark, J.,

et al. Learning transferable visual models from natural

language supervision. In International conference on

machine learning, pp. 8748–8763. PmLR, 2021.

Ramesh, A., Dhariwal, P., Nichol, A., Chu, C., and Chen, M.

Hierarchical text-conditional image generation with clip

latents. arXiv preprint arXiv:2204.06125, 1(2):3, 2022.

Rombach, R., Blattmann, A., Lorenz, D., Esser, P., and

Ommer, B. High-resolution image synthesis with la-

tent diffusion models. In Proceedings of the IEEE/CVF

Conference on Computer Vision and Pattern Recognition

(CVPR), pp. 10684–10695, June 2022a.

Rombach, R., Blattmann, A., Lorenz, D., Esser, P., and

Ommer, B. High-resolution image synthesis with latent

diffusion models. In Proceedings of the IEEE/CVF con-

ference on computer vision and pattern recognition, pp.

10684–10695, 2022b.

Sadat, S., Buhmann, J., Bradley, D., Hilliges, O., and Weber,

R. M. Cads: Unleashing the diversity of diffusion models

through condition-annealed sampling. arXiv preprint

arXiv:2310.17347, 2023.

Sadat, S., Hilliges, O., and Weber, R. M. Eliminating over-

saturation and artifacts of high guidance scales in diffu-

sion models. In The Thirteenth International Conference

on Learning Representations, 2024.

Saharia, C., Chan, W., Saxena, S., Li, L., Whang, J., Denton,

E. L., Ghasemipour, K., Gontijo Lopes, R., Karagol Ayan,

B., Salimans, T., et al. Photorealistic text-to-image dif-

fusion models with deep language understanding. Ad-

vances in neural information processing systems, 35:

36479–36494, 2022.

Sauer, A., Lorenz, D., Blattmann, A., and Rombach, R. Ad-

versarial diffusion distillation. In European Conference

on Computer Vision, pp. 87–103. Springer, 2024.

Sehwag, V., Hazirbas, C., Gordo, A., Ozgenel, F., and Can-

ton, C. Generating high fidelity data from low-density

regions using diffusion models. In Proceedings of the

IEEE/CVF Conference on Computer Vision and Pattern

Recognition, pp. 11492–11501, 2022.

Song, J., Meng, C., and Ermon, S. Denoising diffusion

implicit models. arXiv preprint arXiv:2010.02502, 2020.

Song, Y., Dhariwal, P., Chen, M., and Sutskever, I. Consis-

tency models. 2023.
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A. Use of LLMs

The use of LLMs in this study was strictly limited to their function as writing and editing assistants. Their role involved

improving the manuscript’s grammar, spelling, and stylistic consistency. LLMs did not contribute to any core scientific

aspects of the work, such as research ideation, experimental design, data analysis, or interpretation of results. All substantive

content and intellectual contributions are solely the work of the authors.

B. Theoretical Properties: Quality-Preserving Diversity via Orthogonal Stochastic Control

Notation & Setup. Let ψ̂ : X × [0, 1] → U be an endpoint predictor and ϕ : U → RD a semantic feature encoder. For

m concurrent trajectories, define the endpoint features

zi(t) = ϕ
(
ψ̂(xi(t), t)

)
, i = 1, . . . ,m,

stack rows Z(t) = [z1(t); . . . ; zm(t)] ∈ Rm×D, and let the Gram matrix be K(t) = Z(t)Z(t)⊤ ∈ Rm×m. We use the

trace–stabilized log–det set energy

Es(Z) = − 1
2 log det

(

I + τ K
)

, τ, ε > 0. (6)

Let vθ(x, t | c) denote the base drift with optional conditioning c and define the regularized unit base direction

q̂(x, t) =
vθ(x, t | c)

∥vθ(x, t | c)∥+ δ
, δ > 0,

together with the quality–orthogonal projector

Π⊥ = I − λ q̂ q̂⊤, λ ∈ [0, 1].

Our feature–space controlled SDE is

dZt = −Π⊥ ∇ZEs(Zt) dt +
√

β(t)Π⊥ dWt, (7)

where β : [0, 1] → R+ is a bounded, nonincreasing noise schedule and Wt is standard Brownian motion in Rm×D.

Assumption B.1 (Local smoothness and bounded curvature on the orthogonal subspace). (i) ϕ and ψ̂ are C2 with bounded

Jacobians/Hessians on the sampling region. (ii) Es is C2 on {Z : I + τZZ⊤ + εtrI ≻ 0}. (iii) There exists L⊥ > 0 such

that tr
(
Π⊤

⊥∇
2Es(Z)Π⊥

)
≤ L⊥ for all Z encountered during sampling.

Lemma B.2 (Pullback identity). Let Φ(x, t) = ϕ(ψ̂(x, t)) and Z = [Φ(x(1), t); . . . ; Φ(x(m), t)]. Then for each i,

∂

∂x(i)
Es(Z) =

(

Jxψ̂(x
(i), t)

)⊤(

Juϕ(u)
)⊤[

∇ZEs(Z)
]

i

∣
∣
∣
u=ψ̂(x(i),t)

.

Proof of Lemma B.2. Let f(Z) := Es(Z) and define the row-stacking map G(x(1), . . . , x(m); t) = Z = [z1; . . . ; zm] with

zi = Φ(x(i), t) = ϕ(ψ̂(x(i), t)). Fix i and a direction v ∈ Rdim(x). By the chain rule for directional derivatives (Frobenius

inner product), we have

d

dϵ
f
(
G(x(1), . . . , x(i) + ϵv, . . . , x(m); t)

)
∣
∣
∣
ϵ=0

=
〈
∇Zf(Z), Ż

〉

F
,

where Ż is the first-order variation of Z induced by the perturbation x(i) 7→ x(i) + ϵv. Only the i-th row varies, hence

żi =
d

dϵ
Φ(x(i) + ϵv, t)

∣
∣
∣
ϵ=0

= Juϕ(ui) Jxψ̂(x
(i), t) v, ui = ψ̂(x(i), t).

Using ⟨A,B⟩F =
∑

j⟨Aj , Bj⟩ (rowwise),

d

dϵ
f(·)

∣
∣
∣
ϵ=0

=
〈
[∇Zf(Z)]i, żi

〉
= v⊤

(

Jxψ̂(x
(i), t)

)⊤(

Juϕ(ui)
)⊤[

∇ZEs(Z)
]

i
.
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Since this holds for every v, we obtain

∂

∂x(i)
Es(Z) =

(

Jxψ̂(x
(i), t)

)⊤(

Juϕ(u)
)⊤[

∇ZEs(Z)
]

i

∣
∣
∣
u=ψ̂(x(i),t)

,

which is the desired identity. The C2 conditions in Assumption B.1 ensure differentiability and justify exchanging

differentiation with the Frobenius inner product.

Remark B.3 (Scope of assumptions). We do not assume global boundedness for deep networks. Our analysis is restricted to

the operational domain D traced by the sampler (finite horizon, bounded step sizes, regularization), where neural networks

are empirically locally smooth. Such local assumptions are standard in analyses of learned dynamics and control. In practice,

weight decay/normalization and gradient clipping further bound the effective Jacobians on D.

Theorem B.4 (Expected energy descent & marginal quality preservation). Under Assumption B.1, along the SDE (1) we

have
d

dt
E Es(Zt) ≤ −E

∥
∥Π⊥∇ZEs(Zt)

∥
∥
2

F
+ β(t)L⊥. (8)

Consequently, since β(t) ↓ 0 as t ↑ 1, there exists t⋆ ∈ (0, 1) such that for all t ≥ t⋆, d
dtE Es(Zt) < 0 (late-stage

monotonicity). Moreover, because both the control drift and diffusion act in range(Π⊥), the alignment coordinate y = ⟨x, q̂⟩
has the same marginal evolution as the base FM ODE to first order in the step size: no diffusion and no control drift along y.

Proof. Apply Itô’s lemma to the twice-differentiable energy Es(Zt) under (7). Writing G(Z) = ∇ZEs(Z) and H(Z) =
∇2
ZEs(Z), with drift b(Zt) = −Π⊥G(Zt) and diffusion matrix Σt =

√

β(t)Π⊥, we obtain

d

dt
E Es(Zt) = E

[
⟨G(Zt), b(Zt)⟩F

]
+ 1

2 E
[
⟨H(Zt), ΣtΣ

⊤
t ⟩F

]
.

The first term equals −E ∥Π⊥G(Zt)∥
2
F . For the second term, using ΣtΣ

⊤
t = β(t)Π⊥ and Assumption B.1(iii),

1
2 E
[
⟨H(Zt), ΣtΣ

⊤
t ⟩F

]
= β(t)

2 E
[
tr(Π⊤

⊥H(Zt)Π⊥)
]
≤ β(t)L⊥,

absorbing the factor 1
2 into L⊥ if desired. Combining the two gives (8). Since β(t) is bounded and β(t)↓0 as t ↑ 1, there

exists t⋆ such that the negative first term dominates for all t ≥ t⋆, hence d
dtE Es(Zt) < 0.

For the alignment coordinate y = ⟨x, q̂⟩, note that both the control drift −Π⊥G and the diffusion
√

β(t)Π⊥dWt lie in

range(Π⊥), which is orthogonal to q̂. Therefore, to first order in the step size, there is neither additional drift nor diffusion

along y beyond that of the base FM ODE, establishing marginal quality preservation.

Remark B.5 (Discretization and redundancy-aware reweighting).

(i) Heun-style discretization. With step size ∆t, the update reads

xk+1 = xk +∆t
[
1
2 (vk + vk+1) + uk

]
, uk = Π⊥g(xk, tk) +

√

β(tk)∆t Π⊥ξk, ξk ∼ N (0, I). (9)

This inherits the descent certificate (8) up to an O(∆t2) truncation error. In practice, we use ∆t ≤ 0.05, making the

discretization error negligible relative to the stochastic variability.

(ii) Redundancy-aware reweighting. Let si =
[
(K + εI)−1

]

ii
and set wi ∝ sαi (α > 0). With W = diag(w1, . . . , wm),

replaceK by K̃ =W 1/2KW 1/2 in the energy (6). This preconditioning boosts underrepresented samples and attenuates

redundant ones, and it preserves the descent inequality (8) with a possibly different constant L⊥, thereby stabilizing the

set gradient without an explicit trust region.

Link to Theorem B.8. Replacing K by K̃ keeps the identity −Es(Z) =
1
2 log det

(
I + τ K̃ + εtrI

)
, so Theorem B.8 applies

verbatim to the weighted set as a weighted volume/diversity measure.

Assumption B.6 (Feature regularity for geometric interpretation). (Approx. centering)
∑m
i=1 zi ≈ 0; (Norm stabilization)

∥zi∥
2 ∈ [1− ρ, 1 + ρ] for a small ρ.

Remark B.7 (Practical scope). CLIP-style encoders output ℓ2-normalized features and we further apply mini-batch centering.

The objective (10) does not require strict centering; Assumption B.6 is only used to interpret log-det as an isotropic “volume”

and to link it to diversity measures.
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Theorem B.8 (Energy ↓ ⇐⇒ Volume ↑ =⇒ Diversity ↑). Let K = ZZ⊤ and define the set volume

V(Z) = det
(
I + τK + εtrI

)1/2
.

Then

−Es(Z) = 1
2 log det

(
I + τK + εtrI

)
= logV(Z). (10)

Consequently, by Theorem B.4, E logV(Zt) is (late-stage) increasing. Moreover, under Assumption B.6:

(i) (Angles / correlations) With approximately unit-norm rows, increasing V(Z) reduces average pairwise correlations

and increases pairwise angles among {zi}.

(ii) (Spectrum uniformity) Since tr(K) =
∑

i ∥zi∥
2 ≈ m is (approximately) fixed, the concavity of log det(·) implies that

a larger log det(I + τK + εtrI) corresponds to a more uniform spectrum of K (equivalently, more balanced singular

values of Z), indicating higher coverage/diversity.

Proof. The identity (10) is immediate from the definition of Es. Late-stage monotonicity of E logV(Zt) follows from

Theorem B.4.

For (ii) (spectrum uniformity), write A = αI + τK with α = 1 + εtr > 0. Let (λj) be the eigenvalues of K. Then

log detA =

m∑

j=1

log(α+ τλj).

As a symmetric concave function of (λj), this sum is Schur-concave; under the (approximate) trace constraint
∑

j λj =
tr(K) ≈ m, it is maximized when (λj) is more balanced (Jensen/Karamata). Hence larger log detA implies a more uniform

spectrum of K (and thus more balanced singular values of Z).

For (i) (correlations/angles), under Assumption B.6 we have diag(K) ≈ 1, so the diagonals are (approximately) fixed.

Using

∥K∥2F =
m∑

j=1

λ2j =
m∑

i=1

K2
ii + 2

∑

i<j

K2
ij ≈ m+ 2

∑

i<j

K2
ij ,

we see that, for fixed diagonals, the average squared off-diagonal magnitude is monotone in
∑

j λ
2
j . Among spectra with

fixed trace,
∑

j λ
2
j is minimized when the spectrum is most uniform; thus the same majorization argument used in (ii)

implies
∑

i<j K
2
ij decreases as log detA increases. Since, with (unit-norm) rows, Kij = ⟨zi, zj⟩ are cosines, smaller

off-diagonals mean reduced average correlations and hence larger pairwise angles. This establishes (i).

Theorem B.9 (Noise robustness via budget and step size). Assume (i) q̂ is Lq-Lipschitz on the operational domain; (ii)

along the trajectory ∥∇ZEs(Z)∥F ≤ G; and (iii) Assumption B.1 holds so that (8) is valid with curvature constant L⊥. Let

yt = ⟨zt, q̂(zt, t)⟩ and ybaset be the alignment coordinate under the base flow (no control, no orthogonal diffusion). For an

integrator with step ∆t and any bounded, nonincreasing schedule β : [0, 1] → R+,

∣
∣
∣E y1 − E ybase1

∣
∣
∣ ≤ C1 Lq G∆t + C2 L⊥

∫ 1

0

β(t) dt, (11)

for universal constants C1, C2 = O(1). Hence the deviation is O(∆t) +O(B) with B :=
∫ 1

0
β(t) dt.

Proof. Work with the feature-space SDE and its discretization. Because both the control drift −Π⊥∇ZEs and the diffusion
√

β(t)Π⊥dWt lie in range(Π⊥), the alignment coordinate y = ⟨z, q̂⟩ receives no first-order contribution from the control

when q̂ is locally frozen; the residual change is controlled by the variation of q̂ and by the stochastic term. The Lipschitz

property of q̂ and the bound ∥∇ZEs∥F ≤G yield a discretization remainder bounded by C1LqG∆t. For the stochastic

contribution, apply Itô’s isometry together with the descent certificate (8): the quadratic variation seen through the curvature

bound in Assumption B.1(iii) accumulates as 1
2 E⟨∇

2
ZEs, β(t)Π⊥⟩F ≤ β(t)L⊥, which integrates to C2L⊥

∫ 1

0
β(t) dt.

Combining the two parts gives (11).
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Proposition B.10 (Schedule generality: budget controls the bound). Let β1, β2 be bounded, nonincreasing schedules with

equal budget B =
∫ 1

0
βj(t) dt. Under the assumptions of Theorem B.9, the bound (11) is the same for β1 and β2 (up to

constants), and for any a > 0, replacing β by βa(t) = a β(t) scales the bound linearly with a via Ba = aB.

Proof. Immediate from (11), which depends on β only through the integral
∫ 1

0
β(t) dt.

Remark B.11 (Schedules and matching a target budget). A convenient closed form is β(t) =
1− t

1− t+ εβ
with εβ ∈ (0, 1),

which decreases from 1
1+εβ

≈1 at t=0 to 0 at t=1. Common monotone decay choices include:

βcos
0 (t) = cos2

(πt

2

)

, βpoly
0 (t) = (1− t)p (p≥1), βexp

0 (t) =
e−κt − e−κ

1− e−κ
(κ>0).

To match a desired noise budget B, set β̃(t) = a β0(t) with a = B
/∫ 1

0
β0(t) dt. We provide empirical comparisons of these

schedules in Appendix F.5.3.

Theorem B.12 (Girsanov Representation of OSCAR Path Measure). Let P be the path measure induced by the reference

process (with orthogonal noise but no guidance) and Q be the path measure induced by the full OSCAR process on the time

interval [0, 1]. Assuming the guidance signal g(x, t) and the noise schedule satisfy Novikov’s condition, the Radon-Nikodym

derivative (likelihood ratio) of the generated trajectories is given by:

dQ

dP
(X[0,1]) = exp

(
∫ 1

0

1
√

β(t)
⟨g(Xt, t), dWt⟩ −

1

2

∫ 1

0

∥g(Xt, t)∥
2

β(t)
dt

)

where the inner products are defined in the subspace defined by Π⊥.

Furthermore, the KL divergence between the OSCAR trajectory distribution and the reference distribution is exactly the

energy cost of the guidance:

DKL(Q∥P) =
1

2
EQ

[∫ 1

0

∥g(Xt, t)∥
2

β(t)
dt

]

Theorem B.13 (Process-level coupling bound). Let the baseline process follow the probability-flow ODE dXt =
vθ(Xt, t) dt and the controlled process follow

dX̃t =
(

vθ(X̃t, t)−Π⊥(X̃t, t) g(X̃t, t)
)

dt+
√

β(t)Π⊥(X̃t, t) dWt,

driven by the same Brownian motion Wt (synchronous coupling). Assume: (i) vθ(·, t) is Lv-Lipschitz for all t ∈ [0, 1];
(ii) Π⊥(·, t) is LΠ-Lipschitz and ∥Π⊥∥ ≤ 1; (iii) β is bounded and nonincreasing; and (iv) the drift budget is finite:

Mg :=
∫ 1

0
∥Π⊥(·, t) g(·, t)∥∞ dt <∞. Let Dt := X̃t −Xt. Then there exists C = C(Lv, LΠ) such that

d

dt
E∥Dt∥

2 ≤ C E∥Dt∥
2 + C ∥Π⊥g(·, t)∥

2
∞ + C β(t), (12)

and hence, by Grönwall,

E∥D1∥
2 ≤ C

(
(∫ 1

0

∥Π⊥g(·, t)∥∞dt
)2

+

∫ 1

0

β(t) dt

)

. (13)

Proof. By Itô for Dt = X̃t −Xt,

dDt =
(
vθ(X̃t, t)− vθ(Xt, t)

)

︸ ︷︷ ︸

Lipschitz inDt

dt−Π⊥(X̃t, t)g(X̃t, t) dt+
√

β(t)Π⊥(X̃t, t) dWt.

Applying Itô to ∥Dt∥
2 and taking expectations,

d

dt
E∥Dt∥

2 = 2E
〈

Dt, vθ(X̃t, t)− vθ(Xt, t)
〉

− 2E
〈

Dt, Π⊥g(X̃t, t)
〉

+ β(t)E∥Π⊥(X̃t, t)∥
2
F .
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The first term is bounded by 2Lv E∥Dt∥
2. For the second, use Young’s inequality: for any ε > 0, −2⟨D,Π⊥g⟩ ≤

ε∥D∥2 + ε−1∥Π⊥g∥
2. Choosing ε to absorb into 2Lv yields

d

dt
E∥Dt∥

2 ≤ C E∥Dt∥
2 + C ∥Π⊥g(·, t)∥

2
∞ + C β(t),

since ∥Π⊥∥
2
F ≤ C by (ii). Grönwall then gives (13).

C. Implementation Details

C.1. Finite-difference endpoint extrapolation.

Let zk denote the latent at step k (after applying OSCAR at step k − 1), and let ∆zctrlk−1 be the control displacement added at

step k − 1 with step size ∆tk−1. We estimate a local velocity by a finite difference

vk ≈
zk − zk−1 −∆zctrlk−1

∆tk−1
,

and extrapolate a local endpoint as

zep = zk + α(tk) vk,

where α(tk) is a scalar schedule. This extrapolation reuses already computed latents and does not require an extra evaluation

of vθ, so the predictor NFE is unchanged. We initially experimented with a classical Heun-style predictor that evaluates vθ
twice per step, but found that, under matched compute, it did not yield consistent improvements while doubling the predictor

NFE (Karras et al., 2022). For this reason, all reported results use the finite-difference extrapolation above, which captures a

similar average velocity at no additional predictor cost.

C.2. General Experimental Setup

All experiments are conducted on the frozen, pretrained Stable Diffusion v-3.5 Medium model (Esser et al., 2024), with all

generations performed at a resolution of 512x512 pixels and using bfloat16 precision. All runs use the model’s default flow-

matching Euler scheduler (FlowMatchEulerDiscreteScheduler) with 30 sampling steps. A consistent negative

prompt, “low quality, blurry”, is used across all experiments. The main prompts used for generation are derived from

the captions of the COCO dataset. To ensure robustness, all reported metrics are aggregated over at least four distinct

random seeds. For each unique setting (i.e., a specific prompt and CFG scale), we generate a set of 64 images for general

class-conditional tasks, and a set of 20 images for the DIM/CIM evaluations. All experiments were performed on a system

with two NVIDIA A40 GPUs.

C.3. Framework and Baseline Implementation Details

Our flow-matching backbone, which serves as the foundation for our method and all baselines, is adapted from the official im-

plementation at https://github.com/facebookresearch/flow_matching. For Particle Guidance (Corso

et al., 2023), which was originally designed for diffusion models, we adapted the official author implementation, publicly

available at https://github.com/gcorso/particle-guidance, to the flow-matching framework. For CADS

(Sadat et al., 2023) and Diverse Flow (Morshed & Boddeti, 2025), official code was not provided by the authors. Therefore,

we carefully re-implemented their methodologies, strictly adhering to the descriptions and formulations presented in their

respective papers. For all baselines, we performed a thorough hyperparameter search for their key parameters to ensure each

method was evaluated at its strongest possible performance, guaranteeing a fair and rigorous comparison.

C.4. Baseline Implementation Details

All baselines are implemented as inference-time methods on the same frozen pretrained backbone, using the same sampling

configuration, prompts, random seeds, and evaluation protocol as OSCAR whenever applicable. For the base model, we

directly use the original flow-matching sampling procedure without additional diversity guidance. For CADS, we set

τ1 = 0.6, τ2 = 0.9, cads s = 0.10, and noise scale = 1.0. We align its noise-related settings with those of OSCAR

as much as possible for a fair comparison. In practice, we found CADS to be sensitive to the noise magnitude; for example,

increasing noise scale to 2.0 often produced colored spots and visible artifacts. We therefore use the above configuration
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Table 5. Hyperparameters used by our sampler, with default values and brief descriptions.

Name Symbol Value Meaning

gamma0 γ0 0.12 Global strength for the diversity/volume term.

gamma-max-ratio γmax 0.3 Trust-region ratio: caps diversity displacement by a fraction of the base flow

displacement norm.

partial-ortho p⊥ 0.95 Proportion of projection orthogonal to the base velocity.

noise-partial-ortho pnoise
⊥ 0.95 Proportion of orthogonalization for the noise with respect to the base velocity.

t-gate tgate 0.4 Time gate [0.05, tgate] where the diversity term & noise is active.

sched-shape noise(t) cos2 Time schedule shape for γ (cos2 or t1mt).*

tau τ 1.0 Scale for the volume/log-det related term.

eta-sde η 1.0 Global scale for SDE/Brownian noise.

vnorm-threshold δv 1× 10−4 Skip velocity-based projections when the base velocity norm is below this

threshold.

* The cosine-squared (cos2) schedule yields a smooth, bell-shaped profile that ramps up from zero, peaks at the midpoint, and then ramps
down. The parabolic (t1mt) schedule exhibits a similar rise–fall pattern shaped like an inverted parabola.

as a stable and faithful implementation. For DiverseFlow, we use gamma sched = sqrt, kernel spread = 3.0, and

gamma max = 0.12. This follows the intended design of applying stronger diversification early in the sampling process and

weaker guidance near the end, with a moderate kernel width and conservative guidance strength to avoid fidelity degradation.

These settings are used consistently across experiments unless otherwise specified.

C.5. Evaluation Setup

Our evaluation metrics are computed using standard pretrained models. Specifically, we use OpenAI’s ViT-B/32 model for

calculating CLIP Scores (Radford et al., 2021), and a standard InceptionV3 model with ImageNet weights for all Inception-

based metrics (Szegedy et al., 2015). For perceptual quality and human-preference alignment, we additionally report

ImageReward scores using the public ImageReward model (Xu et al., 2023), and CLIP-IQA, a CLIP-based no-reference

image quality metric. All these models are kept fixed and are never finetuned on our generated data. For distributional

metrics that require a reference set of real images, such as FID and KID, we construct a concept-specific reference dataset to

ensure a fair comparison. Since our prompts are based on concepts from the COCO dataset (Lin et al., 2014), our reference

set for a given concept is composed exclusively of all images corresponding to that concept’s class from the COCO training

set. For example, when evaluating generated “truck” images, the real reference dataset consists solely of the “truck” images

from the COCO training data. This domain-aligned setup provides a more accurate measure of distributional fidelity. For

the additional complex-prompt evaluation on T2I-CompBench (Huang et al., 2023), we use 300 prompts sampled from the

spatial color and complex subsets, and generate 32 images per prompt for each method. For KID computation in this setting,

we use 5,000 COCO training images as the reference set to obtain a stable estimate.

C.6. Hyperparameters Setup

Table 5 details the key hyperparameters for our method, which govern the core components of our diversity guidance and

orthogonal noise injection.

D. Additional Main Experiments Results

D.1. Additional Precision-Recall Distribution Curves

To demonstrate that the superior fidelity-coverage trade-off of our method is not limited to a single class, this section provides

additional PRD curves for two more concepts from the COCO dataset: “truck”, “apple”, “pizza” “bus” and “bicycle”. As

shown in Figure 8, the results are consistent with the findings for the “truck” concept presented in the main paper. Across all

concepts and guidance scales, our method’s PRD curve consistently lies to the top-right of the baselines, achieving a higher

recall for any given level of precision and thus a superior AUC.
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D.2. Extended Mode Coverage and Entropy Analysis

To further demonstrate our method’s ability to discover and evenly represent fine-grained, intra-class modes, we extend the

mode coverage and normalized entropy analysis to the “bus” and “bicycle” concepts. The results, shown in Figure 9 and

Figure 10, are fully consistent with the findings for the “truck” concept presented in the main paper.

For both additional concepts, our method consistently achieves a higher final cluster coverage plateau, indicating that it

successfully identifies a broader set of unique sub-types compared to the baselines. Furthermore, the normalized entropy

scores for our method are substantially and consistently higher. This provides strong evidence that our generated samples

are more uniformly distributed across the discovered modes, leading to a less redundant and more semantically rich output

for the end-user.

D.3. Quantitative Results for Additional Concepts

To further validate the generalizability of our method’s performance, this section provides a comprehensive extension of the

main experimental results. For the sake of brevity and clarity, the quantitative and qualitative comparisons presented in the

main body of the paper focused primarily on the “truck” concept. Here, we present the same set of comparisons for several

additional concepts from the COCO dataset, with detailed quantitative results for the “bus” and “bicycle” concepts shown in

Table 6 and Table 7. These extended results demonstrate that the conclusions drawn in the main paper are not specific to a

single class, and confirm that our method’s advantages in enhancing diversity while preserving quality hold across a wider

range of semantic categories.

D.3.1. CLASSIFICATION PROMPTS EXAMPLE

To ensure our evaluation is robust and not biased by specific prompt phrasing, we use a set of synonymous prompts for each

tested concept. The following listing shows an excerpt from our prompt file, illustrating the structure used for the “truck”

and “bus” concepts discussed in the main paper.

Example of the JSON structure used to store prompts for different concepts

"truck": [

"a truck",

"a photo of a truck",

"a photo of one truck"

],

"bus": [

"a bus",

"a photo of a bus",

"a photo of one bus"

]

D.3.2. PROMPT-LEVEL ANALYSIS WITHIN A SINGLE CONCEPT

We also notice that, even within a fixed semantic concept, different textual prompts can induce large variations in standard

evaluation metrics. When aggregating over all prompts belonging to the same concept, this high intra-concept variance

tends to blur the performance differences between methods and makes the results harder to interpret. To better disentangle

these effects, in this part we therefore report metrics for two representative prompts under the “truck” concept, namely “a

truck” and “a photo of a truck” (see Tab. 9 and Tab. 8). The former is intentionally short and under-specified, while the latter

provides a slightly richer semantic context. Comparing methods under these two prompts side by side allows us to more

clearly separate the impact of our diversity-enhancing control from the prompt-induced variability, and we observe similar

behaviors for other concepts.

In addition, to further demonstrate that our conclusions are not specific to a single concept, we report prompt-level results on

three other concepts,“apple”, “suitcase”, and “pizza”, using a single representative prompt for each concept (see Tab. 10,

Tab. 11, and Tab. 12). On these concepts, our method achieves consistently larger improvements on the diversity metrics

(Vendi Score Pixel and Vendi Score Inception) compared to all baselines, while preserving comparable image quality.
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Table 6. Comprehensive quantitative comparison of our method against all baselines for the “bus” concept. The results demonstrate the
performance of different methods across various guidance scales and evaluation metrics.

Guidance Scale (CFG) Guidance Scale (CFG)

Method 3.0 5.0 7.5 3.0 5.0 7.5

Brisque ↓ 1−MS-SSIM(%) ↑

FM-SD3.5 24.92 ± 2.41 27.93 ± 2.18 32.07 ± 2.03 91.05 ± 0.58 91.21 ± 0.67 90.85 ± 0.99
PG 38.02 ± 6.00 34.76 ± 3.92 36.18 ± 2.45 90.89 ± 1.57 90.96 ± 2.07 90.96 ± 2.94
CADS 23.49 ± 2.17 27.91 ± 2.51 34.93 ± 3.37 93.11 ± 0.77 92.80 ± 1.13 91.79 ± 1.89
DPP 23.00 ± 3.12 28.31 ± 2.68 34.86 ± 2.52 90.82 ± 1.24 90.96 ± 1.93 90.10 ± 2.75
Ours 22.71 ± 5.03 26.55 ± 4.72 33.55 ± 4.78 92.38 ± 1.23 91.91 ± 1.77 91.12 ± 2.26

Vendi Score Pixel ↑ Vendi Score Inception ↑

FM-SD3.5 3.49 ± 0.33 3.60 ± 0.44 3.62 ± 0.46 3.74 ± 0.51 3.28 ± 0.44 3.07 ± 0.42
PG 3.53 ± 0.74 3.68 ± 1.06 3.63 ± 1.12 4.06 ± 1.08 3.35 ± 0.89 3.21 ± 0.81
CADS 3.95 ± 0.81 3.93 ± 1.13 3.87 ± 1.24 3.91 ± 1.11 3.40 ± 0.96 3.27 ± 0.85
DPP 3.59 ± 0.80 3.58 ± 1.09 3.46 ± 1.10 3.78 ± 1.40 3.31 ± 1.31 3.13 ± 1.15
Ours 4.08 ± 0.80 3.98 ± 1.02 3.78 ± 1.05 4.03 ± 1.12 3.47 ± 0.99 3.32 ± 0.92

CLIP-IQA ↑ CLIP Score ↑

FM-SD3.5 6.08 ± 0.32 6.06 ± 0.37 6.14 ± 0.37 28.08 ± 0.17 27.96 ± 0.18 27.92 ± 0.17
PG 6.11 ± 0.59 6.20 ± 0.49 6.20 ± 0.47 28.05 ± 0.38 27.68 ± 0.36 27.72 ± 0.30
CADS 6.23 ± 0.53 6.21 ± 0.49 6.19 ± 0.49 27.81 ± 0.42 27.65 ± 0.34 27.76 ± 0.25
DPP 6.09 ± 0.58 6.09 ± 0.54 6.04 ± 0.48 28.28 ± 0.40 28.12 ± 0.33 28.17 ± 0.37
Ours 6.24 ± 0.58 6.26 ± 0.52 6.27 ± 0.46 27.94 ± 0.37 27.84 ± 0.36 27.91 ± 0.37

FID ↓ Image Reward ↑

FM-SD3.5 113.25 ± 1.60 111.22 ± 1.28 110.61 ± 1.13 0.26 ± 0.31 0.38 ± 0.32 0.42 ± 0.26
PG 116.18 ± 2.93 114.41 ± 2.35 113.71 ± 2.07 0.23 ± 0.48 0.39 ± 0.31 0.44 ± 0.29
CADS 115.37 ± 2.53 114.40 ± 2.12 114.04 ± 1.75 0.32 ± 0.32 0.43 ± 0.24 0.48 ± 0.23
DPP 114.65 ± 3.87 113.39 ± 3.18 112.66 ± 2.61 0.22 ± 0.44 0.31 ± 0.35 0.35 ± 0.31
Ours 114.33 ± 3.50 112.44 ± 2.38 111.98 ± 2.50 0.31 ± 0.34 0.42 ± 0.30 0.46 ± 0.30

Table 7. Comprehensive quantitative comparison of our method against all baselines for the “bicycle” concept. The results demonstrate
our method’s performance in enhancing diversity while maintaining fidelity and prompt alignment across different guidance scales.

Guidance Scale (CFG) Guidance Scale (CFG)

Method 3.0 5.0 7.5 3.0 5.0 7.5

Brisque ↓ 1−MS-SSIM(%) ↑

FM-SD3.5 25.84 ± 1.97 27.03 ± 2.04 30.76 ± 1.89 88.40 ± 1.06 89.33 ± 1.34 89.57 ± 1.51
PG 49.33 ± 2.20 63.71 ± 1.86 69.05 ± 4.21 86.83 ± 2.12 88.93 ± 2.30 89.26 ± 2.90
CADS 28.48 ± 3.58 32.54 ± 2.67 34.00 ± 2.58 91.48 ± 2.59 92.99 ± 2.24 92.51 ± 2.35
DPP 21.19 ± 2.77 23.75 ± 2.40 26.44 ± 3.99 87.02 ± 4.41 89.19 ± 3.95 90.11 ± 3.67
Ours 20.84 ± 3.25 24.84 ± 3.09 26.14 ± 2.80 90.74 ± 2.25 91.81 ± 2.27 91.48 ± 1.49

Vendi Score Pixel ↑ Vendi Score Inception ↑

FM-SD3.5 2.26 ± 0.24 2.38 ± 0.25 2.46 ± 0.25 3.59 ± 0.32 3.10 ± 0.30 2.90 ± 0.25
PG 2.06 ± 0.11 2.18 ± 0.07 2.29 ± 0.05 3.50 ± 0.07 3.06 ± 0.10 2.97 ± 0.07
CADS 2.30 ± 0.04 2.37 ± 0.06 2.48 ± 0.04 3.76 ± 0.28 3.19 ± 0.10 2.94 ± 0.07
DPP 2.28 ± 0.02 2.34 ± 0.01 2.43 ± 0.03 3.83 ± 0.12 3.15 ± 0.18 2.86 ± 0.06
Ours 2.55 ± 0.17 2.51 ± 0.07 2.61 ± 0.03 3.72 ± 0.13 3.24 ± 0.15 2.99 ± 0.11

CLIP-IQA ↑ CLIP Score ↑

FM-SD3.5 0.43 ± 0.41 0.51 ± 0.38 0.48 ± 0.38 29.53 ± 0.30 29.26 ± 0.29 29.06 ± 0.26
PG 0.42 ± 0.42 0.51 ± 0.33 0.49 ± 0.31 29.86 ± 0.22 29.09 ± 0.24 28.77 ± 0.13
CADS 0.47 ± 0.35 0.52 ± 0.32 0.53 ± 0.34 29.43 ± 0.26 29.10 ± 0.27 28.85 ± 0.15
DPP 0.42 ± 0.38 0.55 ± 0.32 0.62 ± 0.29 29.85 ± 0.16 29.56 ± 0.15 29.45 ± 0.11
Ours 0.48 ± 0.38 0.55 ± 0.33 0.58 ± 0.31 29.81 ± 0.17 29.31 ± 0.22 28.97 ± 0.06

FID ↓ Image Reward ↑

FM-SD3.5 149.21 ± 1.85 148.28 ± 1.45 147.06 ± 3.90 6.25 ± 0.70 6.35 ± 0.58 6.29 ± 0.66
PG 149.34 ± 3.05 151.45 ± 1.68 149.44 ± 4.26 6.18 ± 0.70 6.27 ± 0.68 6.22 ± 0.68
CADS 149.27 ± 1.59 149.06 ± 1.20 149.24 ± 3.90 6.28 ± 0.67 6.31 ± 0.27 6.25 ± 0.70
DPP 146.59 ± 2.06 148.14 ± 0.93 145.49 ± 3.87 6.14 ± 0.69 6.27 ± 0.69 6.29 ± 0.68
Ours 146.36 ± 3.48 148.50 ± 1.33 146.99 ± 4.80 6.30 ± 0.54 6.44 ± 0.51 6.42 ± 0.63
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Table 8. Quantitative comparison of our method against baselines across different CFG levels for the “a photo of a truck” prompt under the
“truck” concept. Our method consistently improves diversity metrics while maintaining competitive or better image quality and alignment.

Guidance Scale (CFG) Guidance Scale (CFG)

Method 3.0 5.0 7.5 3.0 5.0 7.5

Brisque ↓ 1−MS-SSIM(%) ↑

PG 34.45 ± 5.69 34.18 ± 1.05 35.77 ± 3.94 89.29 ± 1.48 91.64 ± 1.31 91.60 ± 1.34
CADS 31.10 ± 2.25 33.65 ± 1.12 37.59 ± 1.42 88.25 ± 0.77 90.19 ± 0.55 92.01 ± 0.55
DPP 23.84 ± 1.24 29.56 ± 1.63 36.76 ± 1.11 89.82 ± 1.19 91.11 ± 1.34 91.26 ± 1.15
Ours 26.98 ± 0.95 29.85 ± 0.85 37.57 ± 1.51 90.75 ± 2.15 91.80 ± 2.51 91.80 ± 1.79

Vendi Score Pixel ↑ Vendi Score Inception ↑

PG 3.33 ± 0.25 3.56 ± 0.27 3.64 ± 0.24 5.53 ± 0.13 4.92 ± 0.20 4.68 ± 0.12
CADS 3.71 ± 0.24 3.72 ± 0.17 3.73 ± 0.11 5.90 ± 0.17 4.72 ± 0.24 4.43 ± 0.18
DPP 3.65 ± 0.14 3.83 ± 0.17 3.79 ± 0.13 5.86 ± 0.34 4.93 ± 0.16 4.30 ± 0.29
Ours 3.79 ± 0.11 3.86 ± 0.15 4.01 ± 0.15 5.89 ± 0.34 5.12 ± 0.35 4.77 ± 0.19

FID ↓ CLIP Score ↑

PG 143.51 ± 3.35 141.83 ± 1.83 143.63 ± 2.18 27.82 ± 0.21 27.45 ± 0.20 27.46 ± 0.13
CADS 130.65 ± 1.24 129.41 ± 1.58 129.38 ± 0.88 27.54 ± 0.15 27.22 ± 0.09 27.04 ± 0.11
DPP 143.87 ± 3.69 139.43 ± 1.63 141.05 ± 3.98 27.63 ± 0.09 27.14 ± 0.10 27.01 ± 0.12
Ours 130.13 ± 0.96 128.18 ± 0.20 126.89 ± 1.58 27.75 ± 0.04 27.50 ± 0.11 27.49 ± 0.12

Table 9. Quantitative comparison of our method against baselines across different CFG levels for the “a truck” prompt under the “truck”
concept. Our method consistently improves diversity metrics while maintaining competitive or better image quality and alignment.

Guidance Scale (CFG) Guidance Scale (CFG)

Method 3.0 5.0 7.5 3.0 5.0 7.5

Brisque ↓ 1−MS-SSIM(%) ↑

PG 43.88 ± 3.47 36.40 ± 3.20 40.30 ± 2.48 86.44 ± 2.63 86.08 ± 1.96 83.81 ± 1.97
CADS 22.52 ± 1.61 23.59 ± 1.61 28.37 ± 1.48 86.29 ± 2.15 85.71 ± 2.26 84.46 ± 2.65
DPP 22.18 ± 1.57 25.77 ± 1.33 32.05 ± 0.92 88.33 ± 0.91 87.47 ± 1.86 85.58 ± 1.32
Ours 19.50 ± 2.04 22.31 ± 1.62 27.65 ± 1.72 90.20 ± 1.94 88.60 ± 1.24 87.73 ± 1.38

Vendi Score Pixel ↑ Vendi Score Inception ↑

PG 4.63 ± 0.27 4.21 ± 0.13 4.09 ± 0.07 2.49 ± 0.17 2.42 ± 0.14 2.38 ± 0.11
CADS 4.63 ± 0.41 3.95 ± 0.24 3.63 ± 0.11 2.69 ± 0.16 2.53 ± 0.09 2.47 ± 0.08
DPP 4.61 ± 0.26 3.97 ± 0.20 3.72 ± 0.07 2.59 ± 0.07 2.42 ± 0.06 2.31 ± 0.06
Ours 4.79 ± 0.28 4.29 ± 0.16 4.14 ± 0.19 2.82 ± 0.11 2.66 ± 0.11 2.51 ± 0.06

FID ↓ CLIP Score ↑

PG 142.82 ± 3.12 142.88 ± 2.71 142.07 ± 5.60 27.65 ± 0.15 26.70 ± 0.12 26.48 ± 0.17
CADS 126.75 ± 1.23 125.96 ± 0.52 125.17 ± 0.64 27.19 ± 0.09 26.57 ± 0.07 26.57 ± 0.14
DPP 139.64 ± 4.07 138.31 ± 2.76 138.62 ± 4.79 27.82 ± 0.10 27.30 ± 0.10 26.88 ± 0.09
Ours 128.80 ± 1.27 127.64 ± 1.30 126.17 ± 1.45 27.65 ± 0.12 27.18 ± 0.11 26.80 ± 0.10

D.4. Detailed Analysis of Attribute-Level Diversity

While global metrics like FID and Vendi Score are useful, they do not fully capture two critical aspects of a generative

model’s behavior: its inherent biases and its fine-grained controllability. To address this, we adopt the DIM/CIM framework

proposed by Teotia et al. (2025). This framework is designed to evaluate the crucial trade-off between a model’s spontaneous

creativity and its ability to follow specific instructions.

To analyze the trade-off between spontaneous diversity and explicit control, we employ two complementary metrics:

Default-mode Diversity (DIM) and Conditional Generalization (CIM). The DIM metric quantifies a model’s default-mode

bias when given a coarse, underspecified prompt (e.g., “a photo of a bus”), where a score closer to zero indicates a more

balanced and diverse output. In contrast, the CIM metric evaluates controllability by measuring whether a model can reliably

produce a specific, requested attribute from a dense, explicit prompt (e.g., “a photo of a red bus”), where a high score is

better. By evaluating both metrics, we can comprehensively assess whether our method’s improvement in diversity comes at

the cost of controllability, directly addressing the core trade-off.

Prompt Generation Methodology To evaluate attribute-level performance using the DIM and CIM metrics, we created a

structured set of prompts for each concept. The process begins with a real-world caption from the COCO dataset, which
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Table 10. Quantitative comparison of our method against baselines across different CFG levels for the “a photo of a apple” prompt under
the “apple” concept.

Guidance Scale (CFG) Guidance Scale (CFG)

Method 3.0 5.0 7.5 3.0 5.0 7.5

Brisque ↓ 1−MS-SSIM(%) ↑

PG 20.50 ± 0.65 25.12 ± 1.63 30.74 ± 3.28 56.00 ± 2.08 55.55 ± 2.53 56.60 ± 1.89
CADS 23.76 ± 4.87 25.64 ± 5.68 30.82 ± 2.27 58.16 ± 3.29 58.92 ± 3.01 59.89 ± 3.40
DPP 19.69 ± 2.54 26.36 ± 2.72 31.08 ± 4.26 56.97 ± 3.76 57.45 ± 4.96 56.51 ± 5.69
Ours 17.71 ± 1.81 25.53 ± 0.51 27.96 ± 1.89 57.97 ± 3.56 55.79 ± 3.00 57.56 ± 2.90

Vendi Score Pixel ↑ Vendi Score Inception ↑

PG 2.06 ± 0.06 2.04 ± 0.09 2.12 ± 0.11 2.12 ± 0.08 1.91 ± 0.02 1.99 ± 0.18
CADS 1.87 ± 0.30 1.78 ± 0.22 1.77 ± 0.22 2.19 ± 0.17 1.96 ± 0.03 1.93 ± 0.12
DPP 1.87 ± 0.27 1.85 ± 0.22 1.86 ± 0.25 2.06 ± 0.09 2.03 ± 0.03 1.99 ± 0.13
Ours 2.19 ± 0.06 2.13 ± 0.08 2.22 ± 0.08 2.27 ± 0.04 2.07 ± 0.08 2.07 ± 0.13

FID ↓ CLIP Score ↑

PG 152.83 ± 0.83 149.68 ± 0.12 151.91 ± 0.70 31.84 ± 0.09 31.79 ± 0.07 31.83 ± 0.23
CADS 154.05 ± 3.25 151.76 ± 1.39 150.88 ± 2.44 31.79 ± 0.01 31.81 ± 0.15 31.69 ± 0.07
DPP 151.97 ± 1.72 149.80 ± 1.30 149.99 ± 2.25 31.87 ± 0.09 31.84 ± 0.12 31.88 ± 0.14
Ours 152.95 ± 1.00 150.35 ± 2.84 151.53 ± 1.48 31.88 ± 0.12 31.81 ± 0.14 31.87 ± 0.19

Table 11. Quantitative comparison of our method against baselines across different CFG levels for the “a photo of a suitcase” prompt
under the “suitcase” concept.

Guidance Scale (CFG) Guidance Scale (CFG)

Method 3.0 5.0 7.5 3.0 5.0 7.5

Brisque ↓ 1−MS-SSIM(%) ↑

PG 58.07 ± 4.75 43.32 ± 2.48 36.44 ± 3.20 74.11 ± 4.74 75.69 ± 1.39 77.33 ± 1.73
CADS 54.98 ± 8.24 83.71 ± 2.57 100.60 ± 7.59 84.36 ± 1.97 87.02 ± 5.40 86.12 ± 3.97
DPP 27.66 ± 6.52 29.07 ± 1.85 33.48 ± 5.31 76.76 ± 5.98 78.10 ± 5.06 80.45 ± 2.46
Ours 20.38 ± 1.83 17.35 ± 1.51 14.97 ± 1.55 82.99 ± 3.49 83.36 ± 2.41 84.77 ± 1.85

Vendi Score Pixel ↑ Vendi Score Inception ↑

PG 2.72 ± 0.20 2.83 ± 0.08 2.84 ± 0.14 5.53 ± 0.28 5.06 ± 0.30 4.79 ± 0.49
CADS 2.75 ± 0.29 2.93 ± 0.12 3.01 ± 0.11 5.50 ± 0.13 5.04 ± 0.51 4.46 ± 0.39
DPP 3.01 ± 0.29 3.26 ± 0.23 3.18 ± 0.10 5.17 ± 0.13 4.57 ± 0.13 4.24 ± 0.29
Ours 3.18 ± 0.36 3.43 ± 0.06 3.61 ± 0.04 5.73 ± 0.13 5.45 ± 0.27 4.87 ± 0.42

FID ↓ CLIP Score ↑

PG 158.69 ± 3.64 156.19 ± 2.06 154.75 ± 1.88 30.12 ± 0.11 29.85 ± 0.34 29.76 ± 0.14
CADS 166.04 ± 4.10 161.58 ± 0.62 158.54 ± 4.39 29.37 ± 0.82 29.07 ± 0.36 29.10 ± 0.20
DPP 156.42 ± 2.06 156.26 ± 1.94 155.99 ± 3.09 30.33 ± 0.28 29.84 ± 0.15 29.72 ± 0.12
Ours 159.20 ± 2.90 153.91 ± 3.99 151.90 ± 1.63 29.54 ± 0.62 29.51 ± 0.19 29.59 ± 0.05

we term the coco seed caption. From this, we derive a generic coarse prompt by removing specific attributes

(e.g., “yellow”). This coarse prompt is used to evaluate the model’s default-mode bias. Subsequently, we programmatically

insert a variety of attributes (e.g., different colors and body types) back into the coarse prompt template to generate a list of

dense prompts. This set of specific prompts is used to evaluate the model’s conditional generalization and instruction-

following ability. Listing below shows one complete example of this structure for the ’bus’ concept, demonstrating how one

seed caption yields an entire set of evaluation prompts.
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Table 12. Quantitative comparison of our method against baselines across different CFG levels for the “a photo of a pizza” prompt under
the “pizza” concept.

Guidance Scale (CFG) Guidance Scale (CFG)

Method 3.0 5.0 7.5 3.0 5.0 7.5

Brisque ↓ 1−MS-SSIM(%) ↑

PG 31.07 ± 4.46 19.28 ± 3.16 21.19 ± 1.74 90.90 ± 0.95 91.04 ± 1.75 92.11 ± 1.14
CADS 18.23 ± 0.35 18.24 ± 1.18 25.06 ± 8.83 93.29 ± 0.73 91.18 ± 1.74 90.22 ± 2.64
DPP 20.36 ± 0.76 20.46 ± 0.41 32.35 ± 7.69 93.61 ± 0.50 92.77 ± 0.39 93.54 ± 1.04
Ours 18.13 ± 0.81 17.39 ± 0.20 27.25 ± 1.58 94.45 ± 0.69 93.76 ± 1.37 94.05 ± 1.69

Vendi Score Pixel ↑ Vendi Score Inception ↑

PG 1.79 ± 0.01 1.99 ± 0.04 2.44 ± 0.10 2.31 ± 0.05 2.18 ± 0.11 2.66 ± 0.11
CADS 1.84 ± 0.04 1.86 ± 0.05 1.92 ± 0.08 2.30 ± 0.04 2.16 ± 0.08 2.33 ± 0.46
DPP 1.91 ± 0.04 2.11 ± 0.08 2.35 ± 0.13 2.36 ± 0.08 2.19 ± 0.11 2.60 ± 0.31
Ours 2.05 ± 0.02 2.24 ± 0.05 2.60 ± 0.06 2.88 ± 0.09 2.41 ± 0.10 2.70 ± 0.22

FID ↓ CLIP Score ↑

PG 136.71 ± 2.75 136.36 ± 2.40 141.19 ± 2.80 30.32 ± 0.16 30.29 ± 0.07 29.80 ± 0.17
CADS 134.44 ± 0.66 135.62 ± 0.49 138.73 ± 3.63 29.69 ± 0.09 29.58 ± 0.34 29.32 ± 0.07
DPP 134.22 ± 3.54 135.69 ± 2.56 140.73 ± 4.90 29.86 ± 0.18 29.86 ± 0.11 29.27 ± 0.27
Ours 131.93 ± 1.74 132.46 ± 3.04 139.88 ± 2.13 29.89 ± 0.25 29.81 ± 0.16 29.44 ± 0.23

Example of the JSON structure used to store prompts for different concepts

{
"coco_seed_caption": "A yellow bus stopping at a bus stop in a city.",

"coarse_prompt": "A bus stopping at a bus stop in a city.",

"dense_prompts": [

{
"attribute_type": "color",

"attribute": "red",

"dense_prompt": "A red bus stopping at a bus stop in a city."

},
{

"attribute_type": "body_type",

"attribute": "double-decker",

"dense_prompt": "A double-decker bus stopping at a bus stop in a city."

}
]

Qualitative Comparison. To provide a qualitative sense of the performance differences, we present a visual comparison

against all baselines in Figure 11. The images in this figure were generated using the dense prompt “A single-decked bus

is parked on the street” for the first row, and other representative prompts for the subsequent rows. The results visually

confirm our method’s superior ability to generate a more diverse set of outputs while maintaining high fidelity, in line with

the quantitative findings. You can see more results in Sec H.

E. Additional Experiments

22



Letting Trajectories Spread: Quality-Preserving Control for Diverse Flow Matching

0.0 0.2 0.4 0.6 0.8
0.0

0.3

0.6

0.9
CFG=3.0

DPP (AUC=0.487)
PG (AUC=0.598)
CADS (AUC=0.605)
OSCAR (AUC=0.672)

0.0 0.2 0.4 0.6 0.8

CFG=5.0

DPP (AUC=0.459)
PG (AUC=0.584)
CADS (AUC=0.523)
OSCAR (AUC=0.547)

0.0 0.2 0.4 0.6 0.8

CFG=7.5

DPP (AUC=0.452)
PG (AUC=0.568)
CADS (AUC=0.418)
OSCAR (AUC=0.592)

Recall

Pr
ec

is
io

n
PRD in class-conditional task on Concept 'bus'

(a) PRD curves for the bus concept

0.0 0.2 0.4 0.6 0.8
0.0

0.3

0.6

0.9
CFG=3.0

DPP (AUC=0.401)
PG (AUC=0.278)
CADS (AUC=0.358)
OSCAR (AUC=0.610)

0.0 0.2 0.4 0.6 0.8

CFG=5.0
DPP (AUC=0.400)
PG (AUC=0.239)
CADS (AUC=0.355)
OSCAR (AUC=0.359)

0.0 0.2 0.4 0.6 0.8

CFG=7.5
DPP (AUC=0.373)
PG (AUC=0.191)
CADS (AUC=0.198)
OSCAR (AUC=0.423)

Recall

Pr
ec

is
io

n

PRD in class-conditional task on Concept 'bicycle'

(b) PRD curves for the bicycle concept

0.0 0.1 0.2 0.3 0.4
0.0

0.3

0.6

0.9
CFG=3.0

DPP (AUC=0.266)
PG (AUC=0.264)
CADS (AUC=0.270)
OSCAR (AUC=0.286)

0.0 0.1 0.2 0.3 0.4

CFG=5.0

DPP (AUC=0.266)
PG (AUC=0.222)
CADS (AUC=0.266)
OSCAR (AUC=0.270)

0.0 0.1 0.2 0.3 0.4

CFG=7.5

DPP (AUC=0.233)
PG (AUC=0.273)
CADS (AUC=0.266)
OSCAR (AUC=0.280)

Recall

Pr
ec

is
io

n

PRD in class-conditional task on Concept 'apple'

(c) PRD curves for the apple concept
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Figure 8. Additional PRD curves for the (a) bus, (b) bicycle, (c) apple, (d) pizza and (e) truck concepts. The results confirm that our
method consistently achieves a better fidelity–coverage trade-off compared to baselines across various semantic classes.
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Figure 9. Mode Coverage and Normalized Entropy for the ‘bus’ concept. The results confirm our method’s superior ability to both
discover more intra-class modes and distribute samples more uniformly among them.
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Figure 10. Mode Coverage and Normalized Entropy for the ‘bicycle’ concept, reinforcing the consistent outperformance of our method.
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(a) CADS (b) DPP (c) PG (d) Our Method

Figure 11. Qualitative comparison of default-mode diversity using coarse prompts.
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E.1. Toy Example: Behavior in High-Particle Regimes

E.1.1. ANALYSIS OF PARTICLE DENSITY AND COVERAGE TRADE-OFFS

To characterize the behavior of OSCAR, we analyze its performance across different particle regimes using a 2D 3 × 3
Gaussian Mixture Model (GMM) toy example. As illustrated in Figure 12 and Figure 13, we compare standard Flow

Matching with OSCAR under moderate (N = 200) and high-density (N = 2000) conditions.

In the moderate regime, standard Flow Matching successfully converges to the GMM means but suffers from over-

concentration, failing to capture the full variance of the components. In contrast, OSCAR maintains alignment with all nine

modes while significantly improving within-mode coverage. By actively discouraging trajectory collapsing, our method

yields a sample distribution that better represents the underlying support while preserving the clear cluster structure.

As the number of particles increases toN = 2000 without reducing the guidance strength γ(t), we observe a phase transition

in the particle configuration. The cumulative repulsive force begins to dominate the base flow, causing samples to arrange

themselves into a near-uniform distribution over the support. In this regime, the modes appear as “square-like” patches that

prioritize coverage over local density peaks.

This phenomenon is a direct consequence of our core objective: maximizing the Feature Volume. The control signal g(x, t)
acts effectively as a repulsive force between trajectories. From a physics perspective, when a large number of mutually

repulsive particles are confined within a potential well, the configuration that minimizes total potential energy is a uniform

distribution rather than a concentrated cluster. Consequently, in high-density regimes, OSCAR prioritizes covering the

support, exploring the tails and boundaries of the valid region, over matching the exact probability density of the mode

centers.

Rigorously, this behavior is predicted by the Girsanov Representation derived in Appendix B Theorem 4. The KL

divergence between the OSCAR sampling distribution Q and the baseline distribution P is governed by the energy cost

of the guidance: DKL(Q∥P) = 1
2EQ[

∫
∥g∥2/βdt]. As N increases, the magnitude of the collective repulsive gradients

∥g∥2 grows significantly. This implies a larger upper bound on the divergence, theoretically predicting that the sampled

distribution will deviate more significantly from the baseline density to achieve maximum entropy.

E.2. ImageNet-400 Single-sample Evaluation

As an additional sanity check that our diversity-aware control does not degrade per-sample fidelity, we conduct a class-

conditional experiment on ImageNet. We randomly sample 400 classes from ImageNet-1K and, for each class, construct a

single class-name prompt and generate one image per method. We then evaluate all methods on the resulting set of 400

images. As reported in Tab. 13, our method achieves the best performance on both variants of the Vendi Score (pixel- and

Inception-based), indicating that the induced stochastic control does not collapse to a narrow subset of visual patterns. At

the same time, OSCAR attains the lowest FID among all competitors, and matches baselines on CLIP score and other

fidelity-oriented metrics. Taken together, these results confirm that our method preserves, and can even slightly improve,

overall image quality while maintaining strong diversity characteristics even in this challenging single-sample-per-class

regime.

Table 13. Evaluation on 400 single-image ImageNet-style prompts (1 per class). This unbiased setting tests for any systematic degradation
of single-image fidelity.

Method FID ↓
Vendi

(Pixel) ↑
Vendi

(Inception) ↑
CLIP Score ↑

FM-SD3.5 100.4 3.38 35.70 18.14 ± 0.25

DPP 100.3 3.34 36.03 18.11 ± 0.25

CADS 101.1 3.52 35.91 17.96 ± 0.25

PG 99.7 3.66 34.34 18.13 ± 0.24

Oscar 99.3 3.85 36.40 18.08 ± 0.24
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Figure 12. 2D toy visualization of diversity enhancement on a 3x3 GMM. The top row shows the standard Flow Matching baseline,
while the bottom row shows our method. Columns are snapshots at early, middle, and final generation steps. Black “+” markers indicate
the GMM means, blue dots are the shared initial particles, and orange “x” markers are the particle locations at the given step. Our method
yields more uniform within-mode coverage and better-separated modes.

E.3. Fair-Budget Comparison

We first compare the computational cost of Oscar against various baselines under the same generation configuration, as

shown in Table 14. In terms of FLOPs and runtime, Oscar introduces only a modest computational overhead compared to

the baseline FM-SD3.5. However, this overhead is significantly lower than that of DPP, which requires more than double the

computation and time of the baseline. This result empirically validates our claim in Section 2 that our method significantly

reduces the computational complexity inherent in DPP. Regarding peak GPU VRAM usage, all methods exhibit roughly

comparable memory consumption.

Table 14. Computational cost comparison under fixed generation settings (NFE=30, CFG=5.0, batch size=32). We report total theoretical
computation, wall-clock time, and peak VRAM usage.

Variant FLOPs(G) ↓
Time

(seconds/run) ↓
Peak VRAM(GB) ↓

FM-SD3.5 4093.4 237.8 19.2

DPP 9045.1 990.2 19.5

CADS 4093.4 231.2 20.0

PG 4093.4 229.6 26.4

Oscar (Ours) 5534.6 359.7 18.2

Costs measured on an NVIDIA A6000 GPU, 512x512 resolution, batch size=32.

To conduct a fairer comparison, we further evaluate Oscar against FM-SD3.5 under a matched computational budget, as

detailed in Table 15. We match the cost of Oscar against two enhanced FM-SD3.5 variants: one with increased NFE to

40 and another with an increased number of particles to 48. The results show that even at a matched computational cost,

our method comprehensively outperforms the baselines on most metrics. Although the FM-SD3.5 variant with increased

particles achieves a better FID score, we note that the FID metric is known to be highly sensitive to the number of samples

when the evaluation set is small.

E.4. Performance Across Different Sampling Steps

To demonstrate the robustness and efficiency of our method across various computational budgets, we first analyze its

performance as a function of the NFE. The quantitative results, presented in Table 16, confirm that our method consistently
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Figure 13. When the number of particles is significantly increased without a corresponding reduction in guidance strength, the cumulative
repulsive force dominates the base flow. This causes the samples to arrange themselves into a uniform distribution to minimize system
energy, effectively prioritizing maximum support coverage over precise density matching.

Table 15. Compute-matched comparison with standard Flow Matching model under matched FLOPs.

Compute budget Quality & diversity metrics

Method NFE Particles
FLOPs

(T/run)
CLIP↑

Vendi

(Pixel) ↑
FID↓ BRISQUE↓

FM-SD3.5 30 32 4.09 28.24 ± 0.18 2.45 ± 0.13 164.4 ± 1.8 23.4 ± 1.4

+K particles 30 48 6.14 28.15 ± 0.23 2.60 ± 0.21 149.7 ± 1.3 23.5 ± 1.7

+N NFE 40 32 5.43 28.15 ± 0.21 2.40 ± 0.15 165.3 ± 1.8 24.6 ± 1.7

OSCAR 30 32 5.53 28.26 ± 0.22 2.86 ± 0.05 163.3 ± 1.6 21.2 ± 1.5

outperforms all baselines across the tested NFE settings of 10, 20, and 40. Specifically, our method achieves a significant

and stable advantage in diversity, leading in both Vendi Score Pixel and Vendi Score Inception scores at every step count.

This is accomplished without sacrificing quality; our method attains the best Brisque score at every NFE level and maintains

a highly competitive FID score, confirming a high degree of overall distributional fidelity.

This quantitative superiority is particularly evident in low-step scenarios. For a direct visual comparison, Figure 15 showcases

the qualitative differences against all baselines at a fixed, low computational budget of NFE=20 for the prompt “A photo of a

truck”. The visual results corroborate our quantitative findings, highlighting that our method produces a significantly more

diverse and visually coherent set of images compared to the baselines in efficient generation scenarios.

Having established our method’s advantage over baselines, we also analyze its internal trade-off between computational cost

and image fidelity in Figure 14. While our approach is effective even at NFE=10, the generations can exhibit minor artifacts

like blurry edges and localized distortions. Quality progressively improves with a larger budget, with NFE=20 yielding

sharper results and NFE=40 producing the most natural and artifact-free images. Taken together, these results confirm that

our method is superior to baselines at all tested budgets, and its output quality can be further enhanced with a higher NFE.

E.5. Diagnostic Results for Mixed ODE/SDE Sampling

We additionally evaluate a simple Mix ODE/SDE sampler as a diagnostic comparison on T2I-CompBench. This sampler

follows a hybrid trajectory: stochastic SDE-style updates are used in the early stage to increase sample variation, while the

later stage returns to the deterministic ODE sampler. Unlike OSCAR, this diagnostic sampler does not include an explicit

geometric constraint for preserving the base flow direction.
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(a) NFE = 10 (b) NFE = 20 (c) NFE = 40

Figure 14. Visual analysis of our method’s sensitivity to the NFE for the prompt “A cozy cabin in the snowy forest.” A low NFE of 10
results in images with blurry edges and localized artifacts, while a higher NFE of 40 yields the most natural and artifact-free results.

(a) CADS (b) DPP (c) PG (d) Our Method

Figure 15. Visual comparison of all methods at a fixed low computational budget (NFE=20) for the prompt “A cozy cabin in the snowy
forest”. Our method generates a visibly more diverse set of images.
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Table 16. Quantitative comparison of our method against baselines across different NFE. Our method consistently improves diversity
metrics while achieving state-of-the-art performance on quality and alignment scores.

Number of Function Evaluations (NFE) Number of Function Evaluations (NFE)

Method 40 20 10 40 20 10

Brisque ↓ 1 - MS-SSIM(%) ↑

PG 48.75 ± 2.85 71.26 ± 3.24 105.04 ± 3.94 79.40 ± 0.46 79.27 ± 0.73 79.07 ± 0.66
CADS 15.74 ± 0.73 27.51 ± 0.95 56.84 ± 1.81 81.61 ± 0.65 80.81 ± 0.61 80.49 ± 0.83
DPP 13.80 ± 1.41 26.51 ± 1.98 61.20 ± 2.23 81.05 ± 0.58 80.62 ± 0.71 80.00 ± 0.41
Ours 12.30 ± 1.25 17.73 ± 1.21 44.04 ± 1.38 83.47 ± 0.42 82.02 ± 0.72 82.00 ± 0.73

Vendi Score Pixel ↑ Vendi Score Inception ↑

PG 1.74 ± 0.06 1.72 ± 0.06 1.64 ± 0.05 2.78 ± 0.15 2.77 ± 0.07 2.73 ± 0.05
CADS 1.97 ± 0.04 1.94 ± 0.05 1.77 ± 0.06 2.84 ± 0.40 2.81 ± 0.07 2.83 ± 0.06
DPP 1.88 ± 0.06 1.85 ± 0.06 1.75 ± 0.05 2.87 ± 0.07 2.86 ± 0.12 2.77 ± 0.10
Ours 2.07 ± 0.07 2.06 ± 0.06 1.93 ± 0.05 2.93 ± 0.08 2.88 ± 0.05 2.87 ± 0.12

FID ↓ CLIP Score ↑

PG 167.34 ± 2.12 166.50 ± 2.39 165.39 ± 2.03 19.11 ± 0.40 18.93 ± 0.36 18.23 ± 0.76
CADS 165.84 ± 0.95 166.13 ± 1.22 167.34 ± 1.03 18.97 ± 0.38 18.90 ± 0.46 18.35 ± 0.63
DPP 166.51 ± 1.52 165.89 ± 0.72 166.21 ± 1.28 18.97 ± 0.42 18.63 ± 0.46 17.91 ± 3.94
Ours 165.40 ± 0.94 164.75 ± 0.66 165.31 ± 0.79 18.77 ± 0.46 18.58 ± 0.58 18.11 ± 0.69

CLIP-IQA ↑ Image Reward ↑

PG 7.57 ± 0.24 7.52 ± 0.23 7.41 ± 0.25 1.26 ± 0.20 1.17 ± 0.23 1.03 ± 0.25
CADS 7.67 ± 0.23 7.65 ± 0.23 7.59 ± 0.21 1.42 ± 0.12 1.37 ± 0.13 1.29 ± 0.16
DPP 7.61 ± 0.25 7.64 ± 0.24 7.61 ± 0.24 1.42 ± 0.17 1.36 ± 0.15 1.23 ± 0.18
Ours 7.66 ± 0.22 7.65 ± 0.24 7.63 ± 0.23 1.49 ± 0.11 1.43 ± 0.12 1.36 ± 0.14

Table 17. Diagnostic comparison of Mix ODE/SDE on T2I-CompBench.

Method Vendi Inc. ↑ Vendi Pix. ↑ CLIP ↑ 1−MS-SSIM ↑ BLIPVQA ↑

FM-SD3.5 2.95 1.89 36.03 0.8092 0.7384
CADS 3.04 1.86 35.20 0.8231 0.7245
PG 3.02 1.94 35.37 0.7835 0.7811
DPP 2.93 1.99 35.55 0.7984 0.7914
Mix ODE/SDE 3.02 2.16 34.04 0.8201 0.7353
OSCAR 3.15 2.13 35.53 0.8285 0.7952

Table 17 shows the results on T2I-CompBench. Mix ODE/SDE improves Vendi Score Pixel over the base model and other

baselines, indicating that early stochasticity can indeed increase low-level sample variation. However, this comes with

weaker alignment and perceptual quality indicators: its CLIP Score and BLIPVQA are lower than those of OSCAR and

several other baselines. By contrast, OSCAR achieves the best Vendi Score Inception, 1− MS-SSIM, and BLIPVQA, while

remaining competitive on CLIP Score. These results suggest that unconstrained stochasticity can increase diversity, but does

not necessarily yield a favorable diversity–quality trade-off.

Figure 16 further illustrates this behavior qualitatively. Although Mix ODE/SDE produces visually varied samples, many

outputs contain noticeable artifacts, distorted structures, or unnatural textures. This supports the quantitative observation

that simply injecting stochasticity is insufficient for preserving image quality during diversity enhancement.

F. Robust Studies
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Figure 16. Visual results of the Mix ODE/SDE diagnostic sampler on T2I-CompBench prompts. The samples show increased variation
but also visible artifacts and degraded visual fidelity.

F.1. Robustness to the Number of Generated Samples

A potential concern is that OSCAR may rely on generating a large number of images jointly, since the Gram-matrix-based

repulsive term is defined over a jointly active set of trajectories. When the batch size m is small, the method remains

applicable, but the diversity signal becomes more local. To examine this setting, we conduct an additional small-batch

evaluation withm = 4. As shown in Table 18, OSCAR still consistently improves over the base model under this constrained

generation setting. Although the diversity gain is weaker than in the larger-batch regime, OSCAR achieves the best Vendi

Score Pixel and CLIP Score, and remains competitive on Vendi Score Inception and 1− MS-SSIM. These results indicate

that the advantage of OSCAR does not rely on a large candidate set and can still be realized when only a few images are

generated per prompt.

More generally, a natural offline extension is to maintain a memory bank of cached endpoint features from previous

generations. The repulsive term can then be computed not only against the currently active set, but also against these cached

features, providing a broader semantic reference under low-VRAM or asynchronous generation settings. We view this as a

promising generalization of the current online formulation.

F.2. Numerical Robustness: Our Extrapolation vs. Alternative Integrators

The final step of our framework utilizes a predictor to estimate the final vector. To evaluate the robustness of this component,

we compared several methods, with the results detailed in Table 8. These methods include Euler, Midpoint, no predictor

(w/o Predictor), and our method.

Table 19 reveals a clear trade-off between performance and stability. Completely removing the predictor, while yielding

the lowest volatility, significantly sacrifices image quality, leading to notably worse performance. In contrast, the Euler
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Table 18. Small-batch robustness evaluation with m = 4 generated images per prompt.

Method Vendi Score Inc. ↑ Vendi Score Pixel ↑ CLIP Score ↑ 1−MS-SSIM ↑

FM-SD3.5 1.84 1.64 37.75 0.8686

CADS 1.83 1.64 37.82 0.8686

PG 1.83 1.58 37.81 0.8391

DPP 1.87 1.67 37.13 0.8654

Mix ODE/SDE 1.88 1.74 36.64 0.9033

OSCAR 1.88 1.76 37.95 0.8825

and Midpoint methods show improved average performance, but at the cost of greater instability across multiple runs. Our

method achieves the joint-best average performance across all metrics. More importantly, our method accomplishes this

superior performance while maintaining low volatility, striking the optimal balance between high-quality output and high

stability. It was therefore selected as our default configuration.

Table 19. Robustness and ablation study on the predictor component. Different predictors are used to estimate the final vector with the
same NFE. Our default choice demonstrates superior performance.

Predictor CLIP↑
Vendi

(Pixel) ↑
Vendi

(Inception) ↑
FID↓ BRISQUE↓

w/o Predictor 27.77 ± 0.16 2.78 ± 0.04 5.37 ± 0.11 165.5 ± 1.2 24.9 ± 1.5

Euler 28.19 ± 0.30 2.87 ± 0.16 5.52 ± 0.28 164.6 ± 1.6 21.9 ± 1.8

Midpoint 28.21 ± 0.32 2.86 ± 0.12 5.43 ± 0.30 164.4 ± 1.6 22.4 ± 2.2

Ours 28.26 ± 0.22 2.86 ± 0.05 5.63 ± 0.20 163.3 ± 1.6 21.2 ± 1.5

6 seeds; mean±95% CI. “w/o Predictor” directly uses the current vector without a correction step.

F.3. Cross-Backbone Generalization

To validate the portability of our OSCAR framework, we extended its application beyond FM-SD3.5 to two other prominent

foundational models: SDXL-Turbo (Sauer et al., 2024) and SD1.5 (Rombach et al., 2022a). SDXL-Turbo is a well-known

distilled model designed for high-speed, real-time generation, while SD1.5 is a widely-adopted and influential early latent

diffusion model.

As detailed in Table 20, we first transferred the hyperparameters tuned on FM-SD3.5 directly to these new models without

modification denoted “OSCAR (default params)”. Notably, even this direct transfer demonstrates strong robustness:

compared to the original baselines, this configuration shows slight improvements in diversity metrics while, critically,

incurring no performance degradation in key image quality metrics.

Furthermore, OSCAR’s comprehensive performance is further enhanced with simple, model-specific hyperparameter tuning.

This strongly indicates that OSCAR is not an architecture-specific solution but rather a general and robust “plug-and-play”

framework that can be easily ported to diverse diffusion models.

F.4. Encoder Choice Robustness

To test the robustness of our framework and its dependency on different feature extractors, we conducted an ablation study

as shown in Table 21. We replaced our default CLIP encoder with two other prevalent encoders, Inception and DINO, while

keeping all other components and parameters unchanged.

The results clearly indicate that our framework is highly robust to the choice of encoder. All three variants demonstrate

highly comparable performance across all key metrics; our metrics remained almost entirely unperturbed by the change in

encoder. These findings prove that the efficacy of our framework does not stem from an over-reliance on a specific feature

space. On the contrary, the framework exhibits strong universality, and its core mechanisms operate stably across different

feature spaces. We selected CLIP as our default configuration because it showed a slight advantage in diversity metrics

while maintaining highly competitive fidelity.
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Table 20. Portability of our OSCAR framework across different foundational models. OSCAR consistently improves fidelity and alignment
over the respective baselines for FM-SD3.5, SDXL-Turbo, and SD1.5. Further gains are achieved by tuning OSCAR’s hyperparameters
for each specific model. Higher is better for CLIP/Vendi; lower is better for FID/BRISQUE.

Model Variant CLIP↑
Vendi

(Pixel) ↑
Vendi

(Inception) ↑
FID↓ BRISQUE↓

FM-SD3.5
Baseline 28.24 ± 0.18 2.45 ± 0.13 5.37 ± 0.27 164.4 ± 1.8 23.4 ± 1.4

OSCAR 28.26 ± 0.22 2.86 ± 0.05 5.63 ± 0.22 163.3 ± 1.6 21.2 ± 1.5

SDXL-Turbo

Baseline 30.98 ± 0.15 5.31 ± 0.25 4.24 ± 0.13 150.4 ± 1.0 24.6 ± 0.3

OSCAR (default params) 30.77 ± 0.24 5.41 ± 0.25 4.29 ± 0.23 152.8 ± 0.6 25.1 ± 1.0

OSCAR (tuned params) 30.94 ± 0.22 5.48 ± 0.34 4.42 ± 0.17 151.6 ± 1.3 25.0 ± 0.9

SD1.5

Baseline 29.93 ± 0.35 2.37 ± 0.12 7.02 ± 0.27 174.7 ± 1.9 12.1 ± 3.3

OSCAR (default params) 29.88 ± 0.35 2.45 ± 0.12 7.09 ± 0.16 175.1 ± 1.6 12.8 ± 3.2

OSCAR (tuned params) 29.93 ± 0.37 2.46 ± 0.12 7.11 ± 0.12 174.6 ± 1.6 12.5 ± 3.1

6 seeds; mean±95% CI. “default params” uses hyperparameters from FM-SD3.5; “tuned params” are optimized for each model.

Table 21. Ablation study on the feature encoder used within our framework. Our default model shows the best performance compared to
other common encoders like Inception and DINO.

Encoder
CLIP

Score ↑
Vendi

(Pixel) ↑
Vendi

(Inception) ↑
FID↓ BRISQUE↓

Inception 28.32 ± 0.22 2.85 ± 0.08 5.60 ± 0.22 163.2 ± 1.2 21.7 ± 1.6

DINO 28.35 ± 0.17 2.82 ± 0.05 5.57 ± 0.24 164.2 ± 2.0 21.1 ± 1.8

CLIP (Ours) 28.26 ± 0.22 2.86 ± 0.05 5.63 ± 0.20 163.3 ± 1.6 21.2 ± 1.5

6 seeds; mean±95% CI. All variants use the full OSCAR framework.

F.5. Noise Robustness

F.5.1. ROBUSTNESS TO NOISE GATE (tgate)

We analyze the sensitivity of our method to the noise application schedule, controlled by the Noise Gate parameter. This

parameter defines the time interval [0.05, tgate] during which stochastic noise is active. The results, presented quantitatively

in Table 22 and visually in Figure 17, demonstrate our method’s remarkable robustness. Across a wide range of end

times, from tgate = 0.5 to tgate = 0.1, all quality and diversity metrics remain exceptionally stable, without any sign of

performance collapse. This indicates that our method is not sensitive to the precise duration of noise injection, making it

easy to use without extensive hyperparameter tuning.

Table 22. Robustness analysis for the noise injection schedule, controlled by the end time tgate of the noise gate [0.05, tgate]. The
performance across all metrics remains highly stable, demonstrating that our method is not sensitive to this hyperparameter.

Noise Gate 1-MS-SSIM % ↑ Vendi Score Pixel ↑ Vendi Score Inception ↑ FID ↓ Brisque ↓

0.50 87.92 ± 2.11 2.32 ± 0.15 5.12 ± 0.07 131.31 ± 1.31 25.50 ± 1.71

0.40 87.92 ± 1.38 2.36 ± 0.12 5.21 ± 0.17 132.31 ± 2.10 23.78 ± 1.66

0.30 88.73 ± 1.61 2.36 ± 0.17 5.21 ± 0.11 132.80 ± 1.96 23.87 ± 2.22

0.20 88.53 ± 1.44 2.37 ± 0.18 5.24 ± 0.12 131.33 ± 1.15 23.71 ± 1.87

0.10 87.97 ± 1.49 2.34 ± 0.14 5.16 ± 0.07 130.93 ± 1.42 23.54 ± 2.05

F.5.2. ROBUSTNESS TO NOISE SCALE (s)

Similarly, we evaluate the method’s robustness to the magnitude of the injected noise, controlled by the Noise Scale

parameter. As shown quantitatively in Table 23 and visually in Figure 18, our method’s performance remains highly

consistent across a wide range of noise scales, from s = 0.25 to s = 5.0. While an excessively large scale (s = 10.0) begins

to degrade perceptual quality, the overall stability of metrics like FID and Vendi Score Inception across nearly two orders of
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(a) tgate = 0.5 (b) tgate = 0.4 (c) tgate = 0.3 (d) tgate = 0.2 (e) tgate = 0.1

Figure 17. Visual comparison of generated images across different noise gates [0.05, tgate].

magnitude highlights the robustness of our approach. The results suggest a broad optimal operating region around s = 2.0,

where multiple metrics are jointly optimized.

Table 23. Robustness analysis for the noise scale (s). Performance is highly stable for s ∈ [0.25, 5.0], with a clear optimal region around
s = 2.0 where multiple quality and diversity metrics are maximized. An excessive scale of s = 10.0 leads to a degradation in perceptual
quality.

Noise Scale CLIP Score ↑ Vendi Score Pixel ↑ Vendi Score Inception ↑ FID ↓ Brisque ↓

0.25 14.69 ± 2.63 2.05 ± 0.15 3.70 ± 0.17 134.54 ± 2.77 23.59 ± 4.64

0.5 14.11 ± 1.43 2.08 ± 0.19 3.74 ± 0.16 135.24 ± 1.45 24.82 ± 4.88

1.0 15.93 ± 0.91 2.07 ± 0.16 3.81 ± 0.13 134.14 ± 1.77 22.64 ± 4.54

2.0 16.11 ± 0.74 2.12 ± 0.19 3.84 ± 0.14 134.38 ± 2.83 22.18 ± 3.28

5.0 15.39 ± 0.83 2.06 ± 0.18 3.81 ± 0.06 133.71 ± 2.70 24.06 ± 4.95

10.0 12.29 ± 0.60 2.01 ± 0.16 3.58 ± 0.22 134.55 ± 1.75 28.51 ± 5.55

F.5.3. ROBUSTNESS TO NOISE SCHEDULE (COS2 VS T1MT)

We compare two time schedules for the exploration term used in our sampler: (i) a cosine-squared schedule, γ(t) =
cos2

(
π s(t)

)
, and (ii) a parabolic schedule, γ(t) = s(t) (1− s(t)), where s(t) ∈ [0, 1] is the normalized time. Both profiles

are bell-shaped; cos2 ramps up smoothly from zero, peaks at mid-trajectory, and then decays smoothly, while t1mt

follows an inverted-parabola rise–fall pattern. Unless otherwise stated, all settings are kept identical across schedules.

Quantitative results. Table 24 summarizes an ablation at a fixed guidance of CFG = 3.0. We observe a small trade-off:

cos2 yields slightly higher CLIP Score and Vendi Score Pixel, which means more low-level variation, whereas t1mt

marginally improves Vendi Score Inception and achieves lower FID/Brisque. Both schedules are viable; cos2 mildly favors

exploration, while t1mt mildly favors fidelity.

Table 24. Ablation study on our fidelity safeguards at a fixed guidance of CFG = 3.0. The results confirm that our method is robust to
different βt schedules.

β(t) CLIP Score ↑ Vendi Score Pixel ↑ Vendi Score Inception ↑ FID ↓ Brisque ↓

cos2 26.61 ± 0.07 2.66 ± 0.21 4.81 ± 0.09 126.52 ± 0.60 20.26 ± 2.07

t1mt 25.26 ± 0.30 2.59 ± 0.02 5.05 ± 0.01 125.45 ± 2.06 18.53 ± 6.61
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(a) s = 0.25 (b) s = 0.5 (c) s = 1.0 (d) s = 2.0 (e) s = 5.0 (f) s = 10.0

Figure 18. Visual comparison of generated images across different noise scales (s).

(a) cos2 (b) t1mt

Figure 19. Qualitative comparison of the two time schedules at the same guidance and NFE.

Qualitative results. Figure 19 provides side-by-side visualizations at the same guidance and NFE. Consistent with the

quantitative trends, cos2 tends to distribute samples more broadly (more visible pixel-level variation), while t1mt produces

slightly cleaner images with comparable semantic coverage.

G. Limitations

Although OSCAR demonstrates consistent effectiveness across diverse experimental settings, it still has several unavoidable

limitations. First, our method is designed for set-level generation and relies on a jointly active group of trajectories.

Therefore, it is not suitable for the strict one-image-per-prompt setting, where no within-prompt sample set is available

for computing diversity guidance. Second, OSCAR introduces additional inference-time overhead due to endpoint feature

extraction and the set-level diversity gradient computation. While this cost is manageable in moderate-batch scenarios, it is

still higher than the original flow-matching sampler. Reducing this overhead and extending the method to asynchronous or

memory-based generation settings are promising directions for future work.

H. More Visual Results

This section provides additional qualitative results to supplement our main findings. We first present extended comparisons

for the 512×512 class-conditional generation task on COCO concepts, as shown in Section H. We further showcase visual

results from our DIM and CIM evaluations on both coarse and dense prompts, as illustrated in Section H. These comparisons

visually demonstrate the effectiveness of our method in enhancing sample diversity compared to baselines.
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Figure 20. Comprehensive visual ablation of our fidelity safeguards. Each column corresponds to one variant: (a) w/o OP, (b) w/o RR, (c)
w/o OP & RR, and (d) full OSCAR. Each row shows results for a different prompt, from top to bottom: “A photo of a bowl”, “A photo of
a truck”.

(a) w/o OP (b) w/o RR (c) w/o OP & RR (d) Our Method
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(a) CADS (b) DPP (c) PG (d) Our Method

Figure 22. Comprehensive visual comparison across all methods. Each column corresponds to a single method: (a) CADS, (b) DPP, (c)
PG, and (d) Our Method. Each row shows results for a different prompt, in the following order from top to bottom: “A photo of a bus”, “A
photo of a truck”, and “A photo of a bicycle”.
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(a) CADS (b) DPP (c) PG (d) Our Method

Figure 23. Comprehensive visual comparison across all methods. Each column corresponds to a single method: (a) CADS, (b) DPP, (c)
PG, and (d) Our Method. Each row shows results for a different prompt, in the following order from top to bottom: “A photo of a potted
plant”, “A photo of a dog”, and “A close-up photo of a dining table”.
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(a) CADS (b) DPP (c) PG (d) Our Method

Figure 24. Qualitative comparison of conditional generalization (CIM) across all methods. These images were generated using dense
prompts, where specific attributes were explicitly requested, such as “a blue bus on a city street” or “a single-decked bus drives down the
street”. This setting evaluates each model’s ability to follow precise instructions.
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(a) CADS (b) DPP (c) PG (d) Our Method

Figure 25. Qualitative comparison of default-mode diversity (DIM) across all methods. These images were generated using underspecified
coarse prompts, such as “a bus by the side of a building” or “a bus stopping at a bus stop in a city”. This experiment evaluates each
model’s ability to generate a diverse and balanced set of attributes spontaneously.
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Figure 26. Qualitative visual comparisons on the spatial color and complex subsets of T2I-CompBench. The prompts are shown below
each image.
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Figure 27. Additional qualitative visual comparisons on the complex subset of T2I-CompBench. The prompts are shown below each
image.
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Figure 28. Portrait-focused qualitative comparisons on challenging prompts. These examples are designed to stress fine-grained visual
fidelity, including facial plausibility, skin and hand details, material rendering, and complex lighting conditions.
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