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Fig. 1: We propose an efficient inference-time approach to enhance diversity in condi-
tional flow models. Our plug-and-play module integrates seamlessly into various con-
ditional flow models and consistently enhances diversity for text-to-image, depth-to-
image and image-to-image models. Compared to recent Group Inference , which
relies on reward-based sample rejection, our method achieves competitive diversity
without external reward models while requiring only a fraction of their inference time.

Abstract. State-of-the-art flow models generate stunning images from
text or image prompts. However, they suffer from diversity collapse when
generating multiple samples under the same conditioning. Existing meth-
ods address this issue via either latent guidance, which has limited ef-
fectiveness, or sample selection, which relies on external reward models
that incur significant inference-time overhead. In this work, we intro-
duce an efficient, training-free self-guidance mechanism to mitigate di-
versity collapse without requiring additional reward models. Specifically,
we disperse the internal features of the flow model during batch gener-
ation with feature self-guidance. Further, to keep the features close
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to the manifold, we introduce a manifold regularization step that
projects these dispersed features back onto the data manifold, ensuring
diverse generation without sacrificing alignment with the input condi-
tions. Our method integrates seamlessly as a plug-and-play module into
pretrained flow models, adding only a marginal inference cost. Experi-
ments demonstrate significant improvements in diversity while preserving
fidelity across several conditional flow models, including multi-step and
few-step text-to-image, depth-to-image, and reference image generation.

1 Introduction

While state-of-the-art flow-based generative models @ achieve excep-
tional generation quality, they often exhibit a lack of sample diversity when
prompted with the same conditioning . As illustrated in Fig. [1} widely
used FLUX.1-dev [30] produces nearly redundant outputs for the prompt ‘a
portrait photo of a woman’, capturing only a narrow subset of the potential dis-
tribution. Diverse generation is critical in practical applications, where a wide
array of outputs is necessary to facilitate user choice and provide inspiration for

iterative prompt engineering. Pair"gfizm'zlismnce of Features (h)
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versity collapse in pretrained flow 540
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approaches often yield marginal im-
provements in sample variety. The sec-
ond category leverages external re-
ward models to either select the
most diverse samples from a candidate
set or optimize the initial noise
for enhanced variety . While these
reward-driven strategies significantly
enhance diversity, they incur substan-
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repeated inference of reward models Fig. 2: Feature Distance vs. Output
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Our key insight is that diversity Ppersion drives flow model diversity.
collapse can be mitigated by addressing the collapse of internal features of flow
models. To validate this hypothesis, we conduct a diagnostic experiment that in-
tentionally expands the internal representation space of the FLUX.1-dev model.
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Specifically, we introduce stochastic perturbations to the intermediate Multi-
modal Diffusion Transformer [9] (MMDIT) block features h; by injecting Gaus-
sian noise, defined as h; = hy + ¢, where € ~ N(0,0%I). This setup allows
us to observe how feature space shifts affect sample diversity. As illustrated
in the pairwise distance histograms and results in Fig. [2 increasing feature-
space variance significantly increases generated sample diversity. This reveals a
clear correspondence: the spatial dispersion of internal MMDiT features serves
as a direct proxy for the diversity of final image outputs. Interestingly, the sim-
ple alternate of latent perturbations (z;) degrades image quality, causing loss of
high-frequency and texture details and corrupting the image, whereas perturbing
internal features largely preserves image structure and details, producing only
mild overlaying artifacts. This highlights the robustness of the feature space as
a target for diversity enhancement. However, unconstrained perturbation often
drives features into low-density regions, manifesting as artifacts. To address this,
we propose a principled feature dispersion that increases diversity while anchor-
ing features to the manifold, preserving image fidelity and faithfulness.

To maximize the variance of internal MMDIiT features without compromising
semantic integrity, we introduce an efficient feature self-guidance mechanism.
For a given batch of latents, we extract intermediate features h; and apply a dis-
persion guidance that pushes the features apart. However, unconditional disper-
sion risks pushing features beyond the semantic boundary, risking the alignment
with the input conditioning. To mitigate this, we propose a manifold regular-
ization where the dispersed features are reprocessed through the same MMDiT
block to project them back toward the valid conditional feature manifold. The
projected features are then used as a regularizer for the raw dispersed features.
Through rigorous analysis, we demonstrate that applying this guidance to a
single MMDIiT block over a selected timestep window is sufficient to maximize
diversity while maintaining a minimal computational footprint.

Our training-free approach is designed for seamless integration into any pre-
trained flow model as a plug-and-play module. To demonstrate its broad ap-
plicability, we conduct extensive evaluations across a diverse set of conditional
flow models: FLUX.1 for text-to-image generation, FLUX.1-Depth for depth-
conditioned synthesis, FLUX-Kontext for reference image generation, and the
step-distilled FLUX.2-Klein. Across all benchmarks, our method significantly
outperforms existing diversity-enhancement baselines while preserving the na-
tive high-speed inference characteristic of the underlying flow models.

In summary, our key contributions are:

— The key discovery of a direct correlation between internal feature collapse in
pretrained flow models and output diversity collapse.

— Feature Self-Guidance that effectively disperse of internal features of the flow
model to enhance diversity while utilizing manifold regularization to anchor
samples to the conditioning signal and preserve image fidelity.

— Extensive empirical validation across diverse tasks—including state-of-the-
art text-to-image and conditional generation, demonstrating that our method
consistently recovers diversity without sacrificing image quality.
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2 Related Works

Guidance and Diversity: Standard Classifier-Free Guidance |20] can be used
to control the diversity in pretrained diffusion models [19,/45//46]. However, it has
a poor faithfulness and diversity tradeoff, where highly diverse samples don’t
follow the input conditioning. Several guidance-based inference strategies have
emerged to steer the model towards a better fidelity-diversity trade-off [4,[22].
Balancing-Act [38] guides the internal h-space features |28] of UNet based diffu-
sion models to improve attribute diversity. Interval Guidance |29] balances these
objectives by restricting the guidance to specific inference windows. Other ap-
proaches focus on the sampling trajectory itself: Particle Guidance [5] learns a
joint-particle time-evolving potential to maximize diversity, while Shielded Diffu-
sion [27] promotes diversity by sparsely repelling noisy latents at some inference
steps. Alternatively, CNO |[25] bypasses per-step guidance entirely by optimiz-
ing the initial latent space. Unlike methods operating in the latent space, our
approach operates directly in the internal feature space of MMDIT [9] blocks.
By shifting the intervention to the internal feature space, we provide an effective
solution by mitigating collapse at its source.

Prompt Optimization for Diversity: Improving generative control by opti-
mizing the input prompt embedding without training the flow /diffusion model
is a well-established direction |1},{14}/15]. In similar lines, CADS [42] enhances
diversity by perturbing the conditioning signal; however, this often compromises
prompt adherence and leads to semantic drift. Other methods directly opti-
mize [35,/49,[57,/58] for diversity or employ multimodal large language models
to iteratively refine the prompt based on visual feedback [24,/61]. Because these
methods necessitate test-time optimization, their practical application is con-
strained; moreover, optimization within the text space lacks the expressivity
required to fully capture the complexity of diverse data distributions.

Representation Regularization for Generation: Recent works have lever-
aged self-supervised learning to introduce intermediate representation regular-
ization during the training of Diffusion Transformers [43}/48]/51}56,/59]. These
methods, which primarily aim to enhance training efficiency, can be broadly
categorized into two strategies: (1) aligning internal representations of the flow
models with the pre-trained self-supervised models [43}/48,|56}/59], and (2) in-
corporating self-supervised learning as an auxiliary regularization task during
flow model training [51,/60]. Our method takes inspiration from the latter set of
methods; however, we modify the internal representations during inference via
feature guidance without the need for training.

Inference-time Scaling. Inference-time scaling [44,52] in diffusion and flow
models improves sample quality by allocating more computational resources dur-
ing inference, like having to reward the model or performing optimization. There
are two primary directions in inference-time scaling: iterative optimization and
discrete selection. Optimization-based methods refine the initial Gaussian noise
for point-wise quality via quality rewards [10,/11,/47] along with set-level objec-
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Fig. 3: Overview of Feature Self-Guidance. Our method integrates a "Disperse-
and-Refine" module into the flow model backbone. (a) Dispersion Stage: Internal fea-
tures are pushed apart using iterative self-guidance to expand sample variety. (b)
Refinement Stage: These features are re-processed through the same MMDIiT block to
project them back onto the valid image manifold. Finally, we linearly interpolate the
dispersed and projected features to ensure a high-fidelity and, diverse output.

tives to explicitly manage diversity or integrate Determinantal Point Pro-
cesses (DPP) into policy optimization loops . On the other hand, selection-
based approaches leverage reward models to identify optimal trajectories through
verifier feedback. These methods scale performance either by filtering a large
pool of sample candidates to identify ‘Best-of-N’ samples [36] or by sampling
from a reward-tilted distribution . This setting extends to set-wise diverse
selection strategies via the use of Quadratic Integer Programming at interme-
diate denoising steps to balance quality and diversity within a generated group
of samples [39]. However, a significant bottleneck shared by both types of ap-
proaches is their reliance on reward models, significantly improving the number
of function evaluations during inference. In contrast, we demonstrate that high-
quality, diverse samples can be produced efficiently by dispersing flow features
on a constrained manifold, bypassing the need for additional reward supervision.

3 Method

3.1 Preliminaries

Flow Models. Flow models learn a continuous transformation from
a Gaussian prior p; ~ N(0,I) to a target data distribution pyg by modeling
an Ordinary Differential Equation (ODE) trajectory. For training, these models
define an interpolant x; between a data point xzy ~ pg(z) and a noise sample
xr ~py as xp = (1 —t)zg + tey for ¢ € U[0,1]. A neural network vy is trained
to predict the conditional velocity field vg(x+,t,¢) to match the true velocity
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(x7 — xp). The training objective, known as the Conditional Flow Matching
(CFM) loss, is defined as:

Lorm(0) = Eii0,1],20~po.ar~A(0.1) |lvo(xe,t,¢) — (27 — JCo)Hﬂ (1)

where ¢ represents the conditioning signal such as text prompts.

Guidance. Analogous to classifier guidance in diffusion models [6], flow models
can be adapted for inference-time conditioning by steering the predicted score
V logpi(z,) via a pretrained classifier p(c|z;) as follows:

Vlogpi(z¢|c) = Viog py(xs) + AV, p(c|xy) (2)

where ¢ is the class label. In principle, this guidance can be applied using any
differentiable energy function G(xy, ¢, t), such as CLIP [40] for enhancing prompt-
adherence, an object detector for layout-conditioned generation [3|, or sketches
for sketch-to-image synthesis [50|. Alternatively, the energy function can be com-
puted directly from the model’s internal features via self-guidance [8]. Because
self-guidance bypasses external model evaluations, it only adds a marginal com-
putational cost to the inference process.

3.2 Overview

We build on FLUX [30], a DiT architecture for text-to-image (T2I) genera-
tion which comprises of a series of multimodal DiT (MMDIiT) blocks By - -+ Bsr
[9]. These blocks jointly process text and image tokens through self-attention
and feed-forward layers facilitating rich information exchange between text and
image tokens. Leveraging the rich information within the MMDIT blocks, we in-
troduce a strategy to disperse the image features and mitigate mode collapse.
To ensure these dispersed features remain on the data manifold, we incor-
porate a refinement step that regularizes the features, preventing them from
drifting into low-probability regions. This dual disperse-and-refine mechanism
enhances generative diversity without sacrificing fidelity. Detailed ablations and

design choices follow in the subsequent sections. We present the overall algorithm
in Algorithm

3.3 Feature Self-Guidance for diversity

We build our method on the insight from Fig. 2] i.e., the diversity collapse in
the generated samples is due to the collapse of the internal MMDIiT features h;.
We design a principled method that effectively disperses the internal MMDiT
features while preserving the image fidelity. We formulate a feature self-guidance
method that iteratively disperses the batch sample features hLLN] through guid-
ance. We use pair-wise feature distance to formulate our self-guidance energy
function G defined as:

. sim hl7hJ
G — logEx s 1vy [exp (“t))] (3)

T
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where N is the number of samples in a batch and sim(hi, h]) is the cosine simi-
larity between the features. However, unlike existing guidance-based approaches
that update the latents z; with gradients of energy function VG(h;), we di-
rectly update the internal features h; as below, enforcing feature diversity more
explicitly by pushing the features apart:

hf = hf —wvg(h M) (4)

Notably, updating h; is much faster than updating x; with guidance, as it only
modifies intermediate features without requiring backpropagation through pre-
vious transformer blocks. This efficient self-guidance enables diverse generations;
however, it may reduce faithfulness to onditioning, as iterative dispersion may
push features outside the feature manifold. To address this, we propose a mani-
fold regularization step that keeps updated features in distribution (Sec. .

Which block is most effective for feature self-guidance?

Inspired by StableFlow [2], which shows that early MMDiT blocks capture most
semantic information, we evaluate feature guidance across the initial blocks
(Fig. . Block Bs performs best, while adding it to later blocks yields only
marginal diversity gains. Furthermore, since image structure is primarily formed
in the early denoising steps, we apply guidance only for ¢ € [1.0,0.8]. Additional
ablations on block and timestep selection are provided in the appendix.

Correcting
dispersed

featores ~

As with our dispersive feature up- & ¢
date, the features h; can potentially Block,
be pushed out-of-the feature manifold. h
We propose a manifold regularization T

to bring the dispersed features back to Wi

the feature manifold. We build on the Z Ak,
findings from seminal work in mecha- Block,
nistic interpretability |7] that suggest h
the sequence of transformer blocks

with residual connections behaves in a Fig.4: Read-write mechanism of
read-write mechanism where they read  ¢ransformers: Our regularization method
the features from the main stream (%) leverages the read-write mechanisms of
and add back a connection Ah; to the transformer blocks to add corrections to
stream (see Fig . We implement the dispersed features to project them to the
regularizer by passing the updated fea- natural image manifold.

tures hy again through the same MMDIiT block to project them into the output
feature space, giving projected features hy. In our context, we pass the dispersed
features again through the same block to make corrections to h; with Ahy. This
allows the block, utilizing its pretrained internal priors, to project the perturbed
features back onto the natural image manifold while preserving diversity. Next,
we use the projected features and the dispersed features to obtain a final update:

hy = Bhe + (1 — B)hy (5)

3.4 Manifold regularization

>

t

| Read
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(a) Block Ablation for feature guidance: ness, while higher 3 regularizes features and im-
Guidance at Block By features is most effective, proves prompt adherence with a marginal diver-

achieving high diversity while preserving fidelity. sity loss. We use 8 = 0.4, which offers a good
Guidance at subsequent blocks is not effective.  tradeoff between prompt adherence and diversity.
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Fig. 5: Ablation over DiT Block for dispersion & mixing parameter 3 choices.

where, 8 € [0,0.6]. We pass the updated h} to the next MMDIT blocks for
processing. Further, § acts as a tunable knob to steer the generation to achieve a
desired faithfulness-diversity tradeoff as shown in Fig. The proposed method
is a plug-and-play method that modifies outputs of only one MMDIiT block and
improves diversity while preserving the alignment with input conditioning.

Algorithm 1 Diverse Generation via Feature Self-Guidance

Inputs: Text embedding ¢, batch size IV, optimization steps Nop¢, learning rate w,
temperature 7, start time Tq, end time T}, blending rate 3, Blocks By to Bsr
Outputs: {z)},, a batch of diverse images.

def feature_self_guidance(c, N, Nop, w, 7, To, Tp, B):
z = torch.randn(N, ., ., .) # Initial Noise
for t in reversed(range(T)):

if T, <= t <= T}:
ht = 32 OBl(Zt,t,C)
for k in range (Nyp): — Self-guidance
Q = Eq (ht, T)
ht = hy —wVG — Update step
l{t = Ba(ht, t, ¢c) — Refine
h;: = ﬂht + (1 - 5)}%
vy = Bsro---Bs(hy, t,c)
else:
:B57O---B1(Zt,t,0)
Zt:Zt—FAt*’l)t
return Decode(zo)
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Fig. 6: Qualitative results for text-to-image generation: We demonstrate the
advantages of our inference-time method over standard I.I.D. sampling, which often
suffers from visual homogeneity in layout and color. In contrast, our approach generates
significant diversity in viewpoints, compositions, and color palettes while maintaining
strict prompt fidelity. This is seen in the ability of our method to adhere to prompts
with numerical and positional constraints without sacrificing diversity.

4 Experiments

We evaluate our method across several conditional image generation flow models
- text-to-image generation (FLUX.1-dev), depth-to-image generation (FLUX.1-
Depth-dev), and foundational instruction-driven image editing model (FLUX.1-
Kontext-dev) for personalization. Additionally, we also evaluate the step-distilled
FLUX.2-Klein-4B model, UNet-based DDPM model and other T2I mod-
els in the appendix. In the following sections, we discuss the baselines,
implementation details, results, and ablations.

4.1 Experimental Setup

Baselines: We compare our method with several inference approaches designed
for diverse text-to-image generation. Particle Guidance and Interval Guid-
ance leverage diffusion guidance to steer samples toward greater diversity. Shield
-ed Diffusion implements a repellency loss that pushes the samples away from
a set of shielded samples. Group Inference leverages pretrained CLIP and
DINO reward models to select a subset of the most diverse and faithful sam-
ples from a large set of candidates during the denoising process. We report results
for 8 samples using 128 and 64 candidates for Group Inference. Furthermore, we
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only compare with Group Inference on depth-to-image and personalized image
generation tasks, as it can be easily adapted.

Dataset: We use task-specific evaluation datasets as discussed below:

— Text-to-Image Generation: We use the standard GenEval dataset [16],
an object-focused benchmark to evaluate compositional properties of text-
to-image models such as object co-occurrence, position, count, and color.

— Depth-Conditioned Generation: We use a 500 image subset of the COCO
2017 validation split [32] and extract their depth maps with DepthAny-
thingv2 [55] model for depth-to-image generation.

— Personalized Image Generation: We assess personalization results on
the Dreambooth dataset |[41] to measure our methods’ ability to generate
diverse samples for a given subject with the same prompt.

Evaluation Metrics: We evaluate our method across two major axes: i) sample
diversity and ii) prompt adherence. For sample diversity, we use reference-free
diversity metrics: the pairwise cosine distance between DINOv2 [37] features, im-
age dissimilarity using DreamSim [13], mean similarity using MSS [42], VendiS-
core [12], which measures the effective number of unique elements in a set and
for prompt adherence, we use CLIPScore [18,/40]. We report the mean and stan-
dard deviation of all the metrics across the entire dataset. We include additional
metrics in the appendix.

Implementation Details: To ensure reproducibility, all methods are evaluated
using a fixed seed of 42. We sample 8 initial noise latents from an isotropic
Gaussian distribution, A(0, I), and generate images at a resolution of 5122. For
the base models, we adhere to default configurations - specifically employing a
guidance scale of 3.5 and 28 inference steps. Our feature self-guidance is applied
at the second MMDIT block during the initial denoising phase (¢ € [1,0.8]). This
process involves 30 optimization steps with a learning rate of 0.5 and temperature
of 0.5. Finally, the dispersed and refined latents are integrated using a blending
scale of 0.4. We use the default hyperparameters provided by baselines wherever
available; a full list of hyperparameters is available in the appendix.

4.2 Text-to-Image Generation

Qualitative Comparisons: We present qualitative results of our method in
Fig[6] The samples generated by our method are significantly more diverse in
terms of style, layout, and view-points as compared to I.I.D. baseline. We present
a comparison with several baselines for text-to-image generations in Fig[7] Our
method synthesizes diverse images and backgrounds from minimal textual input
(e.g.‘a photo of a bear’). Our approach excels in complex compositional exam-
ples, such as ‘a photo of a white dog and a blue potted plant’ where it main-
tains distinct object identities with accurate attribute binding as it works on
semantic latent features rather than spatial latents. In contrast, guidance-based
methods such as Particle Guidance [5] and Interval Guidance [29] generate im-
ages that are visually similar to the I.LI.D. baseline. Sparse intervention methods
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Fig.7: Qualitative Comparison for text-to-image generation: We compare
against works on diverse sampling in T2I Generation: Particle Guidance , Interval
Guidance , Shielded Diffusion , CNO and Group Inference . Our method
generates highly diverse samples in terms of pose, style, and appearance while adher-
ing to the text prompt. The baseline methods either have limited diversity (Particle
Guidance, Interval Guidance, CNO) or collapse the generation (Shielded Diffusion).
Group-Inference achieves good diversity; however, it requires sampling from a large
number of candidates, making it much slower than our method.

Particle

Interval
Diffusion Guidance Guidance

Shielded

CNO

Group
Inference
(8 of 128)

Ours

like Shielded Diffusion apply sparse repulsion to approximate clean latents,
thereby pushing samples off the manifold and leading to visual artifacts (bear
example). CNO utilizes initial noise optimization to explore stylistic vari-
ations, but remains strictly tethered to the diffusion prior, limiting its output
to superficial stylistic diversity rather than meaningful structural variety. Group
Inference offers the most diversity among the baselines in terms of poses
and backgrounds. However, it selects 8 images from a candidate pool of 64/128
images, making it inefficient for practical scenarios.

Quantitative Comparisons: We present our quantitative results in Tabll]
Analysis of the metrics reveals several limitations in existing state-of-the-art
methods. Both Particle Guidance [5| and Interval Guidance fail to surpass
the L.I.D. baseline in generative diversity; furthermore, Particle Guidance is an
inefficient paradigm due to its prohibitive memory requirements as seen in Fig[T0]
b). Shielded Diffusion although time efficient, is limited in the sample di-
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Table 1: Quantitative results of text-to-image diverse samplers with FLUX.1-dev.

Method Latencyl| DINOt VSt  DreamSimt MSS| |CLIPScoref
IID 1.59s | 0.57+0.10 2.77+1.06 0.27+0.10 0.3210.10 | 32.43+3.7
Particle Guidance 5] 2.94s | 0.58+0.11 3.16+117 0.31+0.12  0.29+0.11 | 32.2243.00
Interval Guidance [29] 1.59s | 0.57+0.10 2.88+1.11  0.28+0.10 0.300+0.10| 32.46+3.75
Shielded Diffusion |27 1.59s | 0.61+0.10 3.35+1.22 0.40+0.13 0.23+0.08 | 32.11+3.80
CNO |25] 1~75$ 0.63i()v[]8 3.46i1.1(] 0.39j:().l[) 0.22i0.()7 31.97j:3.77
Grouplnference [39] (8 of 64) | 2.86s |0.67+o0.07 3.37+117 0.3520.10 0.21x0.07 | 32.49+35.72
Grouplnference [39] (8 of 128)| 4.55s |0.70+o0.07 3.61+1.26 0.37+0.11  0.19+0.07 | 32.37+3.77
Ours 1.70s | 0.68+0.07 3.57+1.17 0.40+0.09 0.19+0.06| 32.05+3.64

versity and has inferior overall prompt adherence. Similarly, CNO [25] is limited
in its diversity to stylistic variations and is unable to capture all the modes of
the distribution. Finally, while Group Inference [39] obtains high quality and
diversity, it is extremely slow due to the selection of a subset from a large pool,
as reported in latency. Its reliance on additional reward models to score the
large pool of samples increases inference time, making it less practical for real-
time applications. In contrast, our method offers significantly enhanced diversity
while preserving prompt adherence and comparable latency to I.I.D. generation,
making it highly practical for real-world scenarios. These results underscore our
method’s ability to unlock structural and stylistic diversity without compro-
mising the underlying diffusion prior’s stability or usability. We compare with
additional baselines and also evaluate on DPG-Bench |21] in the appendix.

4.3 Additional Image Generation Tasks

We show the generalization of our Taple 2: Quantitative results of con-
method by integrating it with other ditional image generation: Our method
conditional flow models. We demon- significantly improves diversity over I.I.D.
strate results on depth-conditioned while preserving the prompt alignment.

generation and reference-conditioned Task Depth to Image |Personalized Image
) ) Method] __ DINO CLIPScore] DINO _ CLIPScore
generation, where the same subject LLD. 0.43200s 30.85:5.12( 0455000 31.932am

needs to be generated in diverse con- Syt 0170 et oy s
texts in Fig[§l and Tab[2l Our method

consistently produces diverse compositions and styles, and faithfully adheres to
strong conditioning like depth maps (Fig[8a)) and reference images (Fig[8h). In
contrast, Group Inference has inferior diversity and has high inference latency.
These results are further quantified in Tab[2] which demonstrates our method’s
superior diversity with marginal impact on overall prompt adherence.

4.4 Ablations

We conduct ablation studies to evaluate the key design choices, including the
regularization parameter 8 and inference batch size. Further, we provide the
ablation over the selection of MMDIT block and the specific denoising timestep
interval for feature self-guidance in the appendix.
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Fig. 8: Additional Generation Tasks: Our method demonstrates the ability to
generate diverse samples while maintaining adherence to the input conditioning, such
as depth maps or reference images. For depth-conditioned generation, our method
generates diverse backgrounds and textures. For reference conditioned generation, our
method preserves the house/dog identity and generates diverse styles, whereas baseline
methods have limited sample diversity.

Faithfulness-Diversity Tradeoff with 3: The regularization parameter S al-
lows for a trade-off between the faithfulness, i.e., prompt adherence, and diversity
of samples. We illustrate this in Fig and Fig a), where lower 8 has higher
diversity but inferior prompt-adherence and vice-versa. This provides a smooth
control to the user to adapt our method based on the final use-case. We evaluate
this tradeoff across baselines in the appendix.

Scaling Batch Size: To eval- Group

uate the robustness of our _ °7° Inference Ours 11D
approach for different batch § 0.70

sizes, we ablate the generation § 070 p-68 068 0.67 0.67
with batch size upto 128 sam- E -

ples. As illustrated in Fig[] 0.62

our method maintains high di- E» 0.60

versity and prompt alignment .é’ 0.57 0.57 0.57  0.570110.57
even at elevated scales, demon- & 0.55

strating superior scalability. In

contrast, Group Inference |39 0.50 ) 16 64 138
exhibits diminishing diversity Batch Size

as the batch size increases. As
the fraction of selected samples Fig. 9: Performance on scaling Batch Size
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a) Diversity vs Fidelity b) Computation comparison
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Fig.10: a) Faithfulness to the Prompt and Diversity Pareto front for our
method. Varying S offers a tradeoff between prompt adherence and diversity, higher
beta promotes stronger regularization and improves prompt adherence and vice-versa.
b) Computational Cost v/s. Diversity on FLUX.1-dev: We show a breakdown
of the memory consumption, sample throughput and diversity of all methods. Radius of
the bubbles indicate VRAM consumption. Our method achieves high diversity along-
with good sample throughput.

increases, inability to discard the similar samples causes diversity to regress to-
ward L.I.D. baseline performance. Our method avoids these sampling bottlenecks,
preserving output faithfulness and variance across large-scale generations.

4.5 Computation Analysis

We evaluate the efficiency and computational overhead of our proposed method
relative to the baselines. All the benchmarking experiments were conducted us-
ing the FLUX.1-dev [30] model on a single NVIDIA H200 GPU. Our evaluation
specifically characterizes the trade-off between enhanced generative diversity and
incremental computational cost in terms of sample throughput and GPU VRAM
used. To ensure statistical reliability, we generate 400 samples per method, incor-
porating a preliminary warmup phase, and record the average sample throughput
and peak VRAM utilization. We present the comparison in Fig b). In this
visualization, bubble size is proportionate to the VRAM utilization, the x-axis
is the sample throughput, which is the number of samples generated per second,
and the y-axis is the DINO diversity score. Our method achieves high diversity
with a computational footprint nearly identical to the I.I.D. baseline. Group In-
ference has marginally higher diversity than ours at a cost of smaller throughput
and more VRAM, limiting its practical utility. All the other baselines, though ef-
ficient, do not achieve good diversity. Our method achieves an excellent tradeoff
in terms of quality, efficiency, and memory required.
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4.6 User Study

We conduct a user study to Image quality Sample Diversity Prompt following

subjectively evaluate the sam- s0%| P32 P57 1 A7) (%07 1 P& |soe ||s0%
ples generated from our method
against three baselines a) Inter-
val Guidance, b) CFG and c) Sl o) Il v oo freo Il pood fioed] Heoc
Group Inference across three di- LT LT B

mensions: i) Image Quality, ii)

Prompt Alignment and iii) Im- L i

age Diversity. Tbe stuqy con- [] ours dterval ke [ |n$;?::ce

sists of 20 comparison pairs eval-

uated by 15 volunteers. Results Fig.11: User Study: User preferences show that

of the user study are visualized our method substantially outperforms baselines in

in Fig. sample diversity while delivering competitive im-
age quality and prompt following scores.

5 Conclusion and Discussion

Limitations. While our approach excels in effectively improving diversity, it
has some limitations. As an inference-time intervention, our method is inherently
limited by the base model and may inherit biases present in the pretrained model.
Additionally, because the approach relies on batch-level computations, it is not
effective in streaming image generation.

Conclusion. We introduce a training-free framework designed to systematically
rectify diversity collapse in pretrained flow models. Our methodology is built
on the key insight that diversity collapse stems from the collapse of internal
features of the flow model. To address this, we present a lightweight feature
self-guidance mechanism that effectively disperses these features, coupled with a
manifold regularization step to ensure that updated features remain anchored to
the data distribution. This two-step approach maintains high structural fidelity
and alignment with input prompts while functioning as a seamless, plug-and-play
module across various conditional flow generative models. Our method takes an
important step towards efficiently and effectively improving the pretrained flow
models and can fuel more research in investigating the internal features of the
flow models. As a future direction, we aim to extend this framework to enhance
diversity in other modalities such as 3D model synthesis, video generation, and
the generation of diverse molecular structures.
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