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Abstract

Generating samples that satisfy many conditions
simultaneously can be achieved with a surpris-
ingly simple operation: summing conditional
velocity fields at inference time. We intro-
duce CompFlow, a flow-matching framework
that enables fully compositional inference with-
out retraining, architectural changes, or special-
ized samplers. We show that velocity addition
implements a Product-of-Experts composition,
extending classifier-free guidance to arbitrarily
many conditions. On CLEVR, a single-object-
conditioned model is composed at inference to
simultaneously control shape, color, and position
for up to five objects, achieving 99.1-86.5% per-
object accuracy with 30x fewer network evalua-
tions than prior baselines. On high-resolution im-
ages, CompFlow satisfies up to five conditions si-
multaneously and substantially outperforms state-
of-the-art single-prompt composition. We believe
compositional generation can become a standard
inference-time capability to control complex gen-
eration scenarios.

1. Introduction

Generative modeling has advanced rapidly across domains,
driven in large part by diffusion (Ho et al., 2020; [Sohl{
Dickstein et al.l [2015)) and score-based (Song & Ermon,
2019) approaches. However, maintaining high performance
across increasingly diverse and complex generative tasks has
come at a growing cost (Kaplan et al., | 2020), often requiring
large-scale datasets, more complex architectures, and sub-
stantial computational resources for training or fine-tuning.
Compositional generation offers a natural path toward mod-
ular controllable generation: rather than training a separate
model for every combination of attributes, one would like
to combine conditional experts at inference time. Despite
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its appeal, compositionality remains a key open problem in
current research. Given a model trained to condition on one
(simple) attribute at a time, is it possible to generate com-
plex samples satisfying multiple conditions simultaneously,
without retraining or expensive sampling strategies? In this
work, we answer this question affirmatively. We introduce
CompFlow, a training-free compositional generative frame-
work that combines conditional experts directly at inference
time. Instead of learning or fine-tuning a new model for
every conjunction of conditions, CompFlow reuses a model
conditioned on single simple conditions and composes its
conditional velocity fields during sampling. This yields a
deterministic and computationally efficient ODE sampler
capable of enforcing multiple heterogeneous constraints
simultaneously, without retraining, fine-tuning, or costly
sampling strategies. As shown in Figure[l] this enables zero-
shot composition of several conditions in a single generation
process, while preserving sample quality and controllability.

This problem has received growing attention as recent liter-
ature (Huang et al.| 2023b; [Feng et al., 2023} |Chefer et al.}
2023) documented systematic failures of standard genera-
tive models on compositional tasks, particularly those in-
volving complex relationships and simultaneous attribute
matching (Huang et al.| 2023b)). Early approaches to compo-
sitional learning lay their foundations in Mixture-of-Experts
(MoE) (Jacobs et al.,|1991)) architectures or, more recently,
in Energy-Based Models (EBMs) (LeCun et al., [2006; Du
& Mordatch, 2019} Du et al., 2021)), as they naturally im-
plement a Product-of-Experts (PoE) (Hintonl 1999} [Mayraz
& Hinton, |2000; Hinton, |2002) through the summation of
energy functions, as demonstrated in previous work on com-
positional visual generation (Du et al. [2020; [Liu et al.}
2021)). More recent methods have extended this paradigm to
diffusion- and score-based models and introduced special-
ized samplers that correct the score trajectories of composed
distributions at inference time (Liu et al., |2022b; Du et al.,
2023 [Yu & Gao, |2025)). However, these approaches come
at a significant cost: training EBMs is notoriously unsta-
ble, and often rely on Markov Chain Monte Carlo (MCMC)
samplers, such as Unadjusted Langevin Dynamics (ULA)
(Du & Mordatch, [2019; Nijkamp et al., 2020) or Hamilto-
nian Monte Carlo (HMC) samplers (Neall [1996; Geftner &
Domkel 2021} Duane et al., [1987; |Neal, |1997) that require
careful hyperparameter tuning and thousands of network
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Figure 1. Zero-shot compositional generation with CompFlow. Examples of images generated by CompFlow composing four separate
prompts (see Section[3]for model details). For example, the first image composes velocity fields for four separate prompts: [a cute sleeping
dragon + a pillow-book + a mystical forest + blue-ish dreamlike atmosphere]. Prompts and details are available in AppendixlC_T}

evaluations per sample.

Recently, Flow matching (Lipman et al} 2023) (FM)

emerged as a prominent generative modeling paradigm.
In particular, FM learns a time-dependent velocity field
vg(t, ) that continuously transports a simple base distri-
bution pg to a data distribution p; via an ODE, offering
deterministic sampling at a fraction of the cost of diffusion
reverse-SDE integrators.

Contributions.

1. We establish the theoretical basis for compositional
Flow Matching by showing that, for Gaussian inter-
polants, conditional velocity residuals v{ — v! are pro-
portional to gradients of noised conditional likelihoods.
This connects flow-matching velocities to the score-
and energy-based quantities traditionally used for com-
positional generation.

2. We prove that weighted addition of conditional velocity
residuals implements a tempered Product-of-Experts
density in the noised space. This provides an exact
interpretation of velocity-field arithmetic and general-
izes classifier-free guidance from a single condition to
an arbitrary number of independently weighted condi-
tions.

3. We validate CompFlow across controlled and open-
domain settings. On synthetic two-dimensional tar-
gets, velocity addition recovers the expected PoEs
composition. On CLEVR, a single-object-conditioned
UNet (Ronneberger et al, [2015) composes simulta-
neous conditions on shape, color and position, up to
five objects. On text-to-image generation, CompFlow
composes atomic text prompts with a pretrained flow-
matching backbone, improving compositional align-
ment over single-prompt generation.

2. Additive Flow composition

We now present CompFlow, a training-free method for
composing conditional flow-matching models at inference
time. The goal is the following: given access to a model that
can condition on individual attributes, objects, or semantic
concepts, we would like to generate from their joint com-
position without retraining the model or introducing a new
sampler. CompFlow achieves this by performing the corre-
sponding compositional arithmetic directly in velocity-field
space.

2.1. Background: Conditional Flow Matching
preliminaries

Let pp = N(0,I) be a simple base distribution and let
p1 denote the data distribution. Flow Matching learns a
time-dependent velocity field whose associated ODE

dx
= — vl

dt Ut( )’
transports samples from pgy to p; at time ¢ = 1. In prac-
tice, the marginal velocity field v; that realizes a desired
probability path p; is generally intractable, since it requires
averaging over all possible data points.

Conditional Flow Matching (Lipman et al.}[2023)) avoids this
intractability by training on sample-level conditional paths.
Given zg ~ N(0,I) and z; ~ p;, we use the Gaussian
interpolant

z(0) ~ po, ey

xy = txy + oy o, or:=1—(1—omin)t, (2)

where o,i, > 0. The corresponding sample-level velocity

is
dx

up(xo, 1) = aTtt =1 — (1 — Omin)To- 3)

Although the marginal velocity is obtained by averaging

this quantity over all training samples compatible with the

current state ; = x, the regression objective

Lo = Eranen [[vo(t,2) = w(wo, z)P] @)



CompFlow: Composing Velocity Fields for Multi-Condition Generation

has the same optimum as the intractable marginal objec-
tive. Thus, at convergence, the network approximates the
marginal velocity

ve(x) = E [ug(xo, 21) | 24 = 2] . ®)

At convergence, the learned velocity field therefore induces
the desired probability path and obeys the associated con-
tinuity equation (Villani, 2009). For conditional genera-
tion, the same construction is applied under a condition
c. We denote by p;(z | ¢) the noised density induced by
the interpolant when x; is drawn from the conditional data
distribution, and by

vi (@) = E [u(zo, 21) | 2 = 2, (] ©)

the corresponding exact conditional marginal velocity. Dur-
ing training, we also learn an unconditional velocity v by
replacing the condition with a null token, as in classifier-free
guidance (Ho & Salimans, [2022; Zheng et al., 2023)). These
conditional and unconditional fields are the basic objects
that CompFlow composes.

2.2. Compositional Flow Matching (CompFlow)

Velocity Fields Encode Scores. Whilst composition is
straightforward for energy-based and score-based models
because energies and scores add naturally (Du et al.| [2020),
flow-matching models expose velocities rather than energies
or scores. The key observation underlying CompFlow is
that, for Gaussian probability paths, these quantities are
directly related: the marginal velocity is an affine function
of the score of the noised density. We use the following
velocity—score identity from (Zheng et al., 2023)).

Lemma 2.1 (Velocity—score identity for Gaussian paths).
Following |[Zheng et al.| 2023, we specialize the general
velocity-score identity for Gaussian probability paths. Let
us consider a probability path

pe(z | y) = N(z | awy, 07 1)

with noise scheduler (a, o). Let py(x | ¢) be the marginal
density obtained by averaging over data points satisfying
condition ¢, and let

s¢(x) == Vylogpi(z | ¢

be its conditional score for a condition c. Then the corre-
sponding marginal velocity field satisfies

vi(x) = arx + besg(x). @)

For the interpolant in Equation (2)), we have oy = t and
ot = 1 — (1 — omin)t. A direct substitution gives a; =
%, by = %t. Therefore, for every condition c (including the
null condition) and every t € (0,1] we can express the

conditional velocity field in terms of the (Gaussian) score
function of the conditional probablity:

1 o
vi(z) = R %vx log pi(x | c). ®)

Interestingly, the term %x is shared by all conditions, so
subtracting the unconditional velocity cancels the common
drift and isolates the condition-specific contribution. We
observe that the guided velocity field concretely implements

the likelihood gradient of the guidance signal:
(oF
v () — v} (x) = — Valogpi(c| 2). ©)

Thus, we have proven that the conditional velocity residual
v¢ — 1Y is proportional to the gradient of the noised condi-
tional likelihood. This is precisely the quantity that appears
in classifier-free guidance, now expressed in velocity-field
form. Full derivation can be found in Appendix

Velocity Addition Implements a Product of Experts.
Equation (9) shows that conditional velocity residuals be-
have like likelihood-gradient experts. CompFlow composes
multiple conditions by adding these residuals, generalizing
and extending the CFG guidance for conditional flow match-
ing. Following the well-established Product-of-Experts com-
positional formulation, we aim to implement a flow-based
version using the results obtained in Equation (9). We now
state the equality below.

Theorem 2.2 (Product-of-Experts composition for Gaus-
sian Flow Matching). Consider a Gaussian flow-matching
probability path with unconditional noised density pi(x),
conditional noised densities pi(x | ¢;), and conditional
likelihoods py(c; | ). Let v?(z) denote the unconditional
marginal velocity field and v;* (x) the marginal velocity field

conditioned on c;. For guidance weights \1, ..., Ay € R,
define the tempered Product-of-Experts density
m
pi(z) o< pi() Hpt(ci | ). (10
i=1

Then the composed velocity field
Vi (2) = v () + Z Ai [vfi (@) —v(z)] D
i=1

is exactly the Gaussian-path velocity field associated with
pt(x). Equivalently, for the Gaussian interpolant:

com 1 g ~
v (@) = So+ Vo logi(a). (12)

Moreover, if the conditions are conditionally independent
given xy = x, that is,

pi(er,-sem | @) = [ pelei | @), (13)
=1



CompFlow: Composing Velocity Fields for Multi-Condition Generation

Algorithm 1 CompFlow sampling by velocity addition

Require: velocity network vg, condition encoder Enc, conditions
{ci}, weights {\; }7™,, time grid {t1 }5_o
o ~ ./\/‘(07 I)

e; < Enc(c;)fori=1,...,m
ey < null-condition embedding
fork=0,...,N—1do
Vg — ’Ua(tk, Tk, EQ)
for:=1,...,mdo
v; < vg(tk, Tk, €:)
Av; +— v; — vy
end for
Vcomp — vy + Z;,n;l AZ A’U,L'
Tyl ODE—STEP(QZ;€7 vcomp,tk,tk+1)
end for
return x

and \; = 1 for all i, then pi(x) x pe(x | c1,...,¢m). In
this case, v;"""?(x) coincides with the exact joint condi-
tional velocity field.

Corollary 2.3 (Continuity equation for the composed veloc-
ity). Assume noised conditional independence for all t €
(0,1], and let \; = 1 for all i. Denote c1.;m, = (C1, ..., Cm)-
Then vi°™ generates the conditional path p;(- | ¢1.m,) from
po =N(0,1) to p1(- | c1.m). In particular, it satisfies

Oupe(a | ern) + V- (pi(e | e1n)f"™ () = 0.
(14)

All the proofs are provided in Appendix [A]

Interpretation. The theorem shows that velocity addi-
tion is not merely a heuristic. For Gaussian flow-matching
paths, adding conditional velocity residuals is equivalent
to adding likelihood scores, and therefore implements the
same Product-of-Experts composition used in energy-based
modeling. The weights \; act as temperatures or guidance
strengths for the individual experts. When m = 1, Equa-
tion @]) reduces to standard classifier-free guidance; for
m > 1, it extends the same principle to an arbitrary number
of independently specified conditions.

This result also clarifies why the unconditional velocity
must be included. The conditional field v§ contains both the
base dynamics shared by all samples and the contribution of
condition c. The residual v§ — v? removes the shared com-
ponent, leaving only the expert-specific likelihood gradient.
CompFlow therefore composes experts by accumulating

residuals around a common unconditional flow.

Inference. At inference time, we replace the exact fields
in Equation with the learned network vg. Given condi-
tions cq, . . ., ¢, We encode each condition independently,
evaluate all conditional velocities at the same state xj, and
time ty, and integrate the resulting composed field with a

standard ODE solver. No additional model is trained, and
no correction or rejection step is introduced.

The sample is then advanced by one ODE step using
vp""P (tx, x1,). Since each step requires one unconditional
evaluation and one evaluation per condition, the total cost
is N(m + 1) network evaluations for IV solver steps. The
procedure is summarized in Algorithm [I]

3. Experiments

Following prior work (Liu et al.,[2022a; [Yu & Gaol |2025)),
we investigate CompFlow generative capabilities across
three complementary settings: (i) a synthetic 2D validation
of the composition rule; (ii) compositional image generation
on the CLEVR Dataset (Johnson et al.,[2017) with joint con-
trol over shape, color, and position up to five objects; (iii)
text-to-image generation capabilities. For the latter, we test
how state-of-the-art pre-trained flow-matching models can
compose multiple natural-language concepts at inference
time. Architectures, training hyperparameters, text-to-image
setup, and ablations are deferred to Appendix [B]and[C]

3.1. Synthetic 2D Distributions

We first validate our method on a two-dimensional task
where composition of distributions can be visually appre-
ciated. Two independent flow matching models are trained
on disjoint distributions: an 8-mode Gaussian ring (p;) and
a vertical bar (p3). Neither model sees the other’s data at
training time. At inference, we implement Algorithm|[I] with
A1 = A2 = 1. As shown in Figure[] the composed sampler
recovers the intersection modes at (0, £1), according to
Theorem [2.2] The composed velocity field (arrows) points
consistently towards the two intersection modes, confirming
that weighted velocity addition directly implements a PoEs
composition in the noised density space.

3.2. CLEVR Multi-Object Generation

Setup. We train a single UNet-based flow matching model
on CLEVR with single-object conditioning: each training
example is a rendered scene, conditioned on one of its ob-
jects, specified by a vector attribute e encoding shape, color,
and position.

This is the only supervision the model ever receives. At
inference, we compose up to m = 5 single-object condi-
tions simultaneously via Algorithm (1} jointly controlling
shape, color, and position for each object. To our knowl-
edge, no prior compositional generative framework has been
evaluated under complex simultaneous control of this many
heterogeneous attributes: existing methods either condi-
tion on position alone (Du et al.| [2023}; |Yu & Gaol [2025)),
on a single attribute type, or do not scale beyond m = 3
conditions without significant quality degradation. Condi-
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p1(x) pa(x)

Ground truth

Composed p1 X p2

Figure 2. Synthetic 2D validation. Two flow matching models are trained independently on disjoint distributions. Arrows indicate the

resulting composed velocity field.

tions are dropped to a learned null token with probability
Pdrop = 0.15 to enable CFG-style guidance, and we use
N = 20 Euler ODE steps at inference. The compositional
sampler is a standard deterministic ODE integrator, and
no additional hyperparameters beyond one scalar guidance
weight A\; per condition are necessary.

Evaluation protocol. In CLEVR, prior work on compo-
sitional generation has primarily used segmentation-based
evaluation with SAM2 (Ravi et al.| [2024) to assess whether
objects appear at the specified positions (Du et al., 2023} |Yu
& Gao, |2025). While sufficient for position-only condition-
ing, segmentation masks cannot verify whether a detected
object matches additional complex attributes. CompFlow
conditions jointly on a broader set of attributes, hence a
more expressive evaluation protocol is needed. We there-
fore adopt open-vocabulary detection via GroundingDINO
(Liu et al. [2024) as our primary metric: the detector is
queried with natural-language attribute descriptions (e.g. “a
red cube”), so a detection is only triggered when the gen-
erated object matches the full requested attribute set, not
merely its spatial location. Detections are then matched to
ground-truth coordinates via Hungarian matching, and a re-
quested object is counted as correctly placed if its matched
detection falls within 7 = 0.1 X width of the ground-truth
canvas position, jointly verifying shape, color, and position
in a single criterion. We additionally report DINOv2 feature
similarity to a real-CLEVR reference set as a realism proxy,
and mean pixel distance between matched detections and
ground-truth coordinates as a spatial precision metricﬂ

Main results. Table[2]reports per-object accuracy, mean
pixel distance, and DINOv2 similarity for CompFlow on
the full shape+color+position task. Per-object accuracy
remains above 94% up to m = 4 and degrades gracefully to

'To enable direct comparison with prior work, we additionally
report accuracy under the same SAM2-based protocol, checking
only whether the targeted canvas positions are occupied regardless
of object identity.

Table 1. Compositional generation on CLEVR, position-only task,
verified via SAM2. Scene-level accuracy: fraction of samples in
which all m requested objects are correctly placed. TReproduced
from (Yu & Gao} 2025). *CompLift applies rejection sampling:
candidates failing the lift criterion are discarded and resampled;
NFE counts only accepted samples and excludes rejected candi-
dates. At m=>5, CompFlow uses N (m+1) = 120 forward passes.

Scene-level accuracy (%) T

Method m=1 m=2 m=3 m=4 m=5 NFE |
EBM (ULA) 86.0 74.0 48.0 27.0 19.0 ~4000
EBM (U-HMC)f 82.0 66.0 34.0 24.0 11.0 ~4000
CompLift'* 100.0 100.0 99.9 97.5 90.3  rejection®
Cached CompLift* 100.0 100.0 99.7 91.6 84.3  rejection®

CompFlow (ours) 96.0+1.0 880+0.7 820+11 820+£1.0 66.0 <120

Table 2. GroundingDINO evalutation of CompFlow on the full
CLEVR compositional task.

m (number of composed conditions)

m=3 m=4 m=5

Position acc. (%) T 99.1 97.5 94.7 94.5 86.5
Mean dist. (px) J 480 532 657 6.18 9.07
DINOV2 sim. 1 0.920 0.909 0918 0912 0.904

NFE 40 60 80 100 120

Metric m=1 m=2

86.5% at m = 5, while DINOv2 similarity stays essentially
flat across all m (0.920 to 0.904), indicating that sample
quality remains stable as compositional load increases. The
Number of Function Evaluation (NFE) cost scales linearly
as N(m + 1), reaching 120 forward passes at m = 5.

Table |1 compares CompFlow with prior methods on the
position-only CLEVR setting evaluated with SAM2 (Ravi
et al.| 2024). CompFlow outperforms all EBM-based base-
lines across every value of m, surpassing EBM (ULA) and
EBM (U-HMC) by a substantial margin despite using at
most 120 forward passes compared to their ~4000. The
only methods that exceed CompFlow’s accuracy are Com-
pLift and Cached CompLift, both of which operate as rejec-
tion samplers, discarding samples that fail a lift-score crite-
rion. CompFlow instead enforces compositional constraints



CompFlow: Composing Velocity Fields for Multi-Condition Generation

Figure 3. Progressive CLEVR composition with CompFlow. From left to right, we incrementally add object-level conditions to the
same scene, composing velocity residuals for one to five requested objects. The model preserves the previously generated objects while
incorporating each new shape—color—position constraint, despite being trained only with single-object conditioning.

through its single deterministic ODE trajectory. Where sam-
pling budget is limited or latency matters, our single-pass,
high accuracy method is preferable to rejection-based ap-
proaches. A qualitative sample is provided in Figure [3]
where CompFlow composes five objects conditions simulta-
neously. We direct the reader to Appendix [B]for additional
visualization and benchmarks and to Appendix [B.2] for a
insightful discussion about composition failure models.

3.3. Text-to-Image Compositional Generation

Having validated CompFlow on controlled synthetic and
rendered benchmarks, we now move to open-domain text-
to-image generation. Prior work on compositional diffusion
models (Liu et all,[2022b; [Du et all} 2023)) has reported only
qualitative results in this setting, leaving the quantitative
picture largely uncharted. We close this gap by evaluating
CompFlow on top of FLUX. 1 [dev] 2025},
2024), a state-of-the-art flow-matching model, and
provide quantitative scores on the T2I-CompBench bench-
mark (Huang et all, [2023b). The prompts for the image
generation task are taken from the non-spatial subset of the
benchmark and underwent a pre-processing step before be-
ing used to generate images. In the following paragraphs
we provide quantitative and qualitative comparisons that
illustrate the compositional failure modes of single-prompt
generation. A comprehensive overview of the experimental
setup for T2I generation is detailed in Appendix [C.1}

Setup. We use FLUX.1 [dev] as the backbone veloc-
ity network vy. Given a prompt from the test-set of T2I-
CompBench c = ci Aca A+ - - Acy, (.8 “a woodcarver and
a bird sculpture from a wood block”), we decompose it into
m atomic concept strings {c; }, using a large language
model (LLM). Concretely, we prompt the LLM to return
the minimal set of noun-phrase conditions whose conjunc-
tion recovers the full semantics of y, without rephrasing
or adding information not present in the original prompt.
Each condition ¢; is then encoded independently by the
FLUX.1 [dev] text encoder, yielding m conditioning em-
beddings {e;}7*, alongside the null embedding e used

for unconditional generation. We refer the reader to Ap-
pendix [C.2]for the full prompt decomposition pipeline used
to generate the single-concept prompts.

At each step k of the ODE integrator we compute the com-
posed velocity field described in Equation where \; =1
for all ¢ unless stated otherwise, following Algorithm [I]
This requires m+1 forward passes per ODE step (one un-
conditional plus one per condition), for a total of N (m+1)
network evaluations with N = 28 ODE steps. The baseline
(FLUX.1 [dev] single-prompt) generates images by con-
ditioning on the full composed string y directly, using the
same number of steps [V and guidance scale. No additional
training, fine-tuning, or rejection sampling is performed in
either setting.

T2I-CompBench evaluation. We evaluate on the non-

spatial subset of T2I-CompBench (Huang et al.l [2023b)
and include results from T2I-CompBench++

[2023a)) for comparison with recent text-to-image models.

Following the recent T2I-CompBench++, we use
ShareGPT4V 2023) (Share-CoT) image—text
similarity as the primary automatic metric for non-spatial
relationships. This choice is motivated by the finding
that MLLM-based metrics are better suited to evaluate
compositionality, where fine-grained attribute binding
is fundamental. For completeness and compatibility
with earlier benchmarks, we also report CLIP

et al [2021; [Hessel et al, 2021) and BLIP-CLIP (B-
CLIP) (Chefer et all, 2023); however, we treat them as

secondary diagnostic metrics, since they mainly capture
coarse image—text alignment and are less sensitive to
fine-grained correspondences. For each benchmark prompt,
we apply the LLM decomposition described above to
obtain atomic concept conditions, run CompFlow with
Eq. (TI), and score the resulting image against the original
full prompt rather than the decomposed strings. This setup
ensures a fair comparison and guarantees that CompFlow
and all baselines are evaluated against the same semantic
target. Under the Share-CoT metric, CompFlow obtains
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“a dog playing with its owner [a dog playing + its owner + a

“The woodcarver is creating a [The woodcarver + the
sculpture of a bird from a block sculpture of a bird from a block
of wood” of wood]

in a park* park]

Figure 4. Qualitative comparison between vanilla FLUX . 1 [dev] and CompFlow on non-spatial compositional generation. In each pair,
the left image is generated by conditioning FLUX . 1 [dev] on the full prompt as a single text string, while the right image is generated by
decomposing the same prompt into atomic concept strings and composing the corresponding conditional velocity fields with CompFlow.

Table 3. Compositional text-to-image evaluation using Share-CoT
and CLIP metrics.

Model Share-CoT CLIP
Stable v1-4 (Rombach et al.|2021 0.7487 0.3079
Stable v2 (Rombach et al.[[2021) 0.7567 0.3127
Composable v2 (Liu et al. 2022b} 0.6927 0.2980
Structured v2 (Feng et al.|[2023 0.7560 0.3111
Attn-Exct v2 (Chefer et al.|[202: 0.7593 0.3109
GORS-unbiased l 20 0.7650 0.3158
GORS (Huang et al.[[2023b 0.7637 0.3193
Stable XL (Podell et al.|[2024 0.7673 0.3119
PixArt-a-ft (Chen et al.[2024 0.7747 0.3197
DALL-E 3 (Betker et al.|[2023 0.7853 0.3003
Stable v3 (Esser et al.[[2024] 0.7782 0.3140
FLUX (Labs et al. 0.7809 0.3127

CompFlow (ours) 0.8021 £0.011 0.3201 £ 0.002

the strongest score among all compared methods, improving
over the FLUX.1[dev] single-prompt baseline from
0.7809 to 0.8021. This gain suggests that decomposing
a prompt into atomic concepts and composing their
velocity residuals improves the model’s ability to satisfy
multiple semantic constraints simultaneously, rather than
merely increasing global prompt affinity. CLIP provides a
secondary consistency check. CompFlow reaches a CLIP
score of 0.3201, remaining competitive with or above
the strongest reported compositional baselines, including
Composable Diffusion (Liu et all, 2022b), The fact that
the largest improvement appears on the MLLM metric
rather than only on CLIP, indicates that the benefit is not
simply an artifact of CLIP-based scoring, but is also visible
under a stronger semantic evaluator. Importantly, these
gains are obtained purely at inference time, maintaining
the high efficiency of flow-based generative models. We
refer the reader to Appendix for additional details
on sampling times and setup. Interestingly, we also
investigated dynamics-induced style mixing and we detail
results of these experiments in Appendix [C.3}

Qualitative analysis. Figure [ compares vanilla
FLUX.1l[dev] and CompFlow on two representative
compositional prompts. Within each pair, the left image is
produced by the FLUX. 1 [dev] single-prompt baseline,
which receives the entire prompt as one text input, while the
right image is produced by CompFlow, which decomposes
the same prompt into atomic concept strings and composes
their conditional velocity fields during sampling. In the
dog example, the full prompt given to FLUX.1 [devV]

is “A dog is wagging its tail and playing with its owner”.
CompFlow instead receives three concept-level conditions:
“a dog playing”, “a dog and its owner”, and “a dog and its
owner in a park”. The single-prompt baseline produces a
plausible dog scene, but the different semantic requirements
are represented only implicitly through one global text
embedding. CompFlow makes the individual constraints
explicit: the dog, the owner and the park context are
each introduced as separate experts and combined in the
velocity field. In the woodcarver example, the full prompt
given to FLUX. 1 [dev] is “The woodcarver is creating
a sculpture of a bird from a block of wood”. CompFlow
decomposes this into “a woodcarver” and “the sculpture
of a bird from a block of wood”. This example probes
a different kind of non-spatial composition: the model
must jointly represent an agent and an object undergoing a
process, rather than merely placing two nouns in the same
scene. The CompFlow sample more explicitly preserves
both semantic factors by maintaining the artisan and the
bird sculpture as distinct, jointly satisfied concepts.

These examples illustrate the same phenomenon measured
quantitatively in Table 3} composing per-concept velocity
residuals improves the model’s ability to satisfy multiple
subject-level constraints simultaneously. Global image—text
metrics such as CLIP can capture part of this improvement,
while Share-CoT provides a more semantic evaluation sig-
nal that better reflects whether the generated image satisfies
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a horse + grass field

+ pink sky

+ the big full moon

+ anime style

Figure 5. Progressive concept composition with CompFlow. Starting from “a horse”, we incrementally add styling and objects prompts
shown below each image. The scene evolves smoothly, incorporating each new semantic or stylistic constraint while preserving the

previously generated content.

the intended non-spatial relation. Figure [5] further stresses
the stability of the composition mechanism by incremen-
tally adding conditions to the same sample trajectory; the
progressive visualization provides a qualitative counterpart
to the Share-CoT evaluation in Table 3l Since Share-CoT
is designed to judge whether the image satisfies the se-
mantic content of the prompt rather than only its global
CLIP similarity, it is especially relevant for examples where
multiple concepts must remain simultaneously active. The
progressive sequence shows that CompFlow can accumu-
late several semantic and stylistic constraints without one
expert dominating or destroying the others, supporting the
Product-of-Experts interpretation of Eq. (TT).

4. Conclusion

We introduced CompFlow, a zero-shot compositional gen-
eration method based on Flow Matching. We proved that
velocity addition corresponds to a PoEs composition in
the noised density space, providing a theoretical basis for
multi-condition control and extending classifier-free guid-
ance to multiple experts without retraining. Experiments
show that CompFlow supports complex compositional sce-
narios surpassing existing benchmarks in generation quality
and control in high-dimensional spaces, while reducing net-
work evaluations by up to 30x compared to prior baselines.
Although our results focus on Gaussian paths, the underly-
ing velocity—score connection may extend to broader flow
paths. Future lines of research include studying more gen-
eral interpolants (such as Optimal Transport) or adaptive
corrections when expert conditions conflict. We believe
that this work can help make compositional generation a
practical and efficient standard inference-time capability in
generative modeling.

Limitations and broader impact. CompFlow inherits
both the capabilities and the limitations of the underlying
conditional flow model. Its interpretation is exact for Gaus-
sian paths and independent experts, but real prompts may
violate these assumptions, especially when they require

counting, spatial binding, or relations between distinct ob-
jects. Since composition is performed along a single trajec-
tory, visually compatible conditions may also be blended
rather than instantiated as separate entities, as detailed in
[C:1]More broadly, stronger compositional control can make
image generation more useful, but may also amplify misuse
risks already present in pretrained text-to-image models, in-
cluding misleading content, biased generations, and unsafe
prompt combinations. Responsible use should therefore fol-
low the safety and responsible mechanisms of the generative
model.
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CompFlow: Composing Velocity Fields for Multi-Condition Generation

A. Proofs and derivations

The velocity—score identity for Gaussian probability paths was established in full generality by (Zheng et al., [2023) and is
restated in Lemma[2.1] We do not reprove that result here. Instead, we specialize it to the Gaussian interpolant used in this
work, derive the conditional residual identity, and use these two ingredients to prove Theorem[2.2} that linear composition
of conditional velocities implements a tempered Product-of-Experts. All equalities below hold for ¢ € (0, 1].

A.1. Specialization to the Gaussian interpolant

For the interpolant in Equation (2), the schedule is
ap = tv O¢ = 1-— (1 - Umin) ta dt = 17 é-t = _(1 - O'min)-

Step 1: compute a;. Directly from the definition,

O 1
ar = — = —.
Ot t

Step 2: compute b;. First note that ¢(1 — oyin) = 1 — o by the definition of ¢;. Then

(o'ztat — atc'rt)at

by =
Q
B (U‘t +t(1— O’min))O’t
N t
B (0t+170t)0t oy
- t Tt

Step 3: assemble the velocity—score identity. Substituting a; = 1/t and b, = 04/t into v§(z) = arx + by s7(x) yields

1
vi(z) = ja + 3 Vilogp(x|c). (15)
drift conditional score

Sampling is initialized from zo ~ N(0, I), so the 1/t singularity at ¢t = 0 is never evaluated.

A.2. Conditional velocity residuals are likelihood gradients

We compute the residual between the conditional and unconditional velocities. Recall
si(x) = Vg logp(z | ), s9(z) = V, logps ().

Step 1: drift cancels in the residual. Both v§ and v} share the drift %az, which vanishes upon subtraction:

c ot _ o pit\T | C
1£(a) ~ of(0) = % (Valogple | ) - Valogm(o) = % V. log ™51
Step 2: apply Bayes’ rule. Substituting p;(z | ¢) = pi(c | ) pe(z) / pe(c),
Volog 2219 _ g 100 2D _ g hogpie] a),
pe(z) pe(c)

where the last equality uses V. log p;(c) = 0.
Conclusion.

vi(@) —vl(x) = % Vilogpi(c| ) (16)
The conditional velocity residual is exactly the (rescaled) gradient of the noised log-likelihood of the condition. O
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A.3. Proof of Theorem 2.2 velocity addition gives a Product of Experts

Let ¢y, ..., cn be conditions to compose, with weights Aq,..., A\, € R. The composed velocity field is defined as the
unconditional velocity plus a weighted sum of conditional residuals,

0P (1) = ¥ (z) + Z)‘i [vf" (z) = v} ()], an

and we define the tempered Product-of-Experts density

Be(w) o py(x) [ peles | o)™ (18)

i=1

Step 1: rewrite each residual via the score identity. Substituting Equation (I6),

com g -
0P (z) = vf(z) + %ZAl Vi logpe(ci | x).
i—1

Step 2: expand the unconditional velocity. Using Equation with no conditioning, v} (z) = %x + %tV log pi (), so

" (z) = to 4 2

Valogpi(x) + Y A\iValogpi(ci | 93)]~
=1

Step 3: collect into a single log-gradient. The bracketed expression is the gradient of a sum of logs, hence the log of a
product:

m

V. logp(z) + Z AiVilogpi(e; | z) = Vylog

i=1

pi(@) [[ pelei [ @) = Vi logpi(x),
i=1

where the last equality uses Equation (I8) and the fact that the proportionality constant in p; is independent of z.

Conclusion.

VP () = Lo 4 2V, log fi(x) (19)

The linearly composed velocity field is exactly the velocity associated with the tempered Product-of-Experts density p;. [

A 4. Exactness and continuity equation under conditional independence

We now show that under a conditional-independence assumption, v;°"'F generates the exact joint conditional probability
path.

Setup. Assume that for all ¢ € (0, 1] the noised conditions are conditionally independent given x,

pt(cl7"'7cm |:L‘) = Hpt(ci |$>7 (20)
i=1
and take \; = 1 for all 3.

Step 1: the PoE density is the joint conditional. Under Equation (20),

Pe(x) o pt(fv)_Hpt(Cv: |2) = pe(@)peler,... em | @)

:pt(x7cl7"’>cm) X pt(l' ‘ Cl>~-‘7cm)7

where the last proportionality holds because p;(c1, . .., ¢, ) does not depend on z. Since p; and pi(- | c1, ..., ¢pp,) differ
only by an z-independent constant, their scores coincide:

Vilogpi(z) = Vilogp(z | ey .., em). (21)
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Step 2: the conditional path is a Gaussian probability path. The conditional marginal p;(- | ¢1,...,¢,,) is itself a
Gaussian probability path on the same schedule (a4, o), obtained by integrating the same forward kernel p;(x | 1) =
N (x; apvy, 021) against the conditional base pgata (71 | ¢1, - - -, ¢m). The velocity—score identity (Lemma specialized
as in Equation (I3))) therefore applies, giving the velocity generating this path as

vt () = %x + 2 Valogpi(z | crye .t ycm). (22)

Step 3: the composed and joint conditional velocities coincide. Combining Equation (19), Equation (2I), and Equa-

tion (22),

v 7P () = %x + %Vxlogpt(x|cl,...,cm) = vt (x).

Continuity equation on the conditional path. (Proof of Corollary Since vy'"“™ is by construction the velocity

generating p; (- | c1, ..., cm), and vy equals it, the pair (pi(- | 1, ..., cm), v;""7) satisfies the continuity equation:
Opi(xlecr,....em) + V- (plx|er,... om) v () = 0. (23)
Integrating z; = v;°"F (x;) from o ~ N (0, I) therefore produces samples from p1 (- | ¢1,. .., Cp). O

Remark on the conditional-independence assumption. Equation is an assumption on the noised conditionals at
every t € (0, 1], not on the clean data conditionals at ¢ = 1. Even when the clean conditions are conditionally independent
given x1, the noised conditionals generally are not, because marginalization over x; couples them through the posterior
p(x1 | z¢). The assumption is the intuition behind what allows our deterministic ODE to sample the exact joint conditional
without the MCMC corrections used by prior score-based composition methods (Du et al., 2023)); we treat it as a modeling
assumption and validate it empirically in Section 3]

B. Additional details on CLEVR experiments

UNet backbone. The velocity network vg is a UNet operating at 128 x 128 RGB resolution with base channel width
C' = 128 and channel multipliers (1,2, 2, 3), giving feature widths (128, 256, 256, 384) across the four spatial levels. Each
level uses two residual blocks with GroupNorm (32 groups) and SiLU activations (Elfwing et al.l|2017); downsampling
halves the spatial resolution with a strided 3 x 3 convolution. Multi-head self-attention with four heads is applied only at the
lowest resolution (16 x 16, downsampling factor 8), which we found sufficient for CLEVR and keeps per-step cost tractable
under the N (m+1) scaling of compositional sampling. Skip connections concatenate matching-resolution features across
the encoder and decoder. Timestep ¢ € (0, 1] is embedded by sinusoidal features of dimension C followed by a two-layer
MLP to dimension 4C' = 512 and injected into every residual block via scale—shift modulation. The output head applies
a zero-init 3 X 3 convolution, so the learned velocity field starts at zero and is updated only by the training signal. The
backbone contains 54.7M parameters.

Condition encoder. Each object is described by an attribute vector ¢ € R% stacking normalized spatial coordinates and
the integer-encoded shape and color classes (d. = 4 in our runs). A two-layer MLP with SiL.U activation projects c to a
4C-dimensional embedding. This embedding is added to the timestep embedding before being fed to each residual block,
sharing the same scale—shift modulation path; no cross-attention is used. A single learned null token ey € R4, initialized
from AV (0, I), replaces the embedding with probability payop = 0.15 during training and provides the unconditional velocity
vy required by Algorithm at inference.

Training dataset. We train on CLEVR (Johnson et al., 2017) rendered scenes containing between one and five objects. We
generated the images for training according to the original CLEVR reported on the CLEVR webpage and GitHub repository.
The training corpus aggregates all available relation shards and totals 185,803 scene images, each paired with the scene
JSON that enumerates every object together with its world-frame coordinates, shape, color, and projected pixel coordinates.
At training time we draw a single random object per scene as the conditioning target, yielding single-object supervision
exclusively. Images are resized to 128 x 128 and normalized to [—1, 1]. We split the dataset 90:5:5 (train/val/test) with a
fixed seed.
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Table 5. Compute configuration used for training and evaluation.

Component Specification

Operating system Ubuntu 24.04.3 LTS

Kernel Linux 6.8.0-83-generic

CPU 2x AMD EPYC 9274F 24-Core Processor
CPU cores / threads 48 physical cores / 96 hardware threads
System memory 1.5 TiB RAM

GPU 4x NVIDIA L40S

GPU memory 48 GB per GPU, 192 GB total

Training precision TF32 matmul precision

Optimizer and schedule. We optimize with AdamW
(B = 0.9, B2 = 0.999), weight decay 105, and base
learning rate 10~%. The schedule is a linear warmup over

Table 4. Wall-clock sampling time vs. number of composed con-
ditions m on CLEVR (128x128, Euler solver, 20 steps, single
NVIDIA GPU). Mean = std over 5 runs after 1 warmup pass; m=1
uses single-condition generation, m>2 uses velocity composition.
Cost scales roughly linearly in m, with one model forward per condi-

the first 10,000 steps followed by a linear decay to 10~%
over training. Gradients are clipped at a global norm of

tion plus one null-token pass per step.

1.0. The per-device batch size is 64 with gradient accu-

Time (s) Min (s) Max (s) ms/step

mulation to an effective batch of 256. Training uses TF32
matmul precision. A dropout of 0.15 is applied inside
residual blocks. Early stopping monitors the validation
CFM loss with patience 30 epochs; the selected check-
point reaches validation loss 0.0079 after 103 epochs.
Each training epoch required =~ 15 minutes of training on

N AW N - S

0.5402 £ 0.0276  0.4860  0.5639 24.01
0.9084 £0.0026  0.9040  0.9119 45.42
1.1540 +0.0114  1.1325  1.1636 57.70
1.4081 £0.0143 13798 14173 70.40
1.6568 £0.0097 1.6440 1.6724 82.84

our machines. This corresponds to approximately 25.75

wall-clock hours, or 103 GPU-hours, for the selected training run. Our compute configuration is detailed in Table 3]

ODE solver and sampling. At inference we integrate the composed velocity field from Equation with a fixed-
step Euler solver and N = 20 steps, which empirically matches adaptive higher-order solvers (Heun, Dopri5, Tsit5 as
implemented by t orchode) on sample quality at a fraction of the per-step cost. The initial condition is 2y ~ N (0, I) and
composition uses per-condition weights \; = w with w set by the guidance-weight ablation below. Under this configuration
the NFE per sample is N(m + 1), i.e. 40, 60, 80, 100, and 120 for m = 1,...,5 respectively. We additionaly report

sampling times in Table [4]

B.1. Guidance-Weight Ablation For CLEVR experiments

Protocol.

SAM?2 cross-check. We sweep a single guidance weight w applied
uniformly to every conditioning slot (A\; = w for all 7), jointly over
m € {1,2,3,4,5} and w € {1,2,3,4,5,10}. For every (m, w) we
generate 200 scenes whose per-object conditions are sampled from
real CLEVR ground truth (matching the m-object budget) and evaluate
them under the GroundingDINO protocol of Section[3.2} per-object
accuracy at threshold 7, mean matched-detection pixel distance, and
DINOV2 top-1 similarity to a real-CLEVR reference pool. All entries
are produced by the same checkpoint, differing only in w. We provide
additional qualitative samples in Figure ]

Findings. Table [6] reports the full sweep. Accuracy peaks at low
w for m = 1 (near-perfect already at w = 1), and shifts to w €
{2, 3,4} as m grows, in line with the standard tradeoff in classifier-
free guidance between condition adherence and sample realism. For

15
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Figure 6. SAM2 position-only success rate as a function

of guidance weight w, one curve per m. Same sweep
grid as Table[6]
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Table 6. Guidance-weight sweep on CLEVR (GroundingDINO protocol, 200 scenes per cell). For each (m, w) we report per-object
accuracy at threshold 7 (higher is better) and mean matched-detection pixel distance (lower is better).

m  metric w=1 w=2 w=3 w=4 w=H w=10
1 acc@7 0.991 0963 0.943 0.942 0.942 0.923
dist (px) 6.71 4.80 5.51 5.19 4.94 5.87
2 acc@r 0921 0975 0944 0.947 0.961 0.931
dist (px) 7.39 5.32 6.09 6.05 6.15 6.66
3 acc@7 0.887 0.945 0.907 0.947 0.927 0.945
dist (px) 7.89 6.86 6.77 6.57 6.78 6.67
4 acc@7 0875 0.905 0.898 0.945 0.945 0.870
dist (px) 9.00 8.11 7.62 6.81 6.18 8.57
5 acc@7 0.804 0.860 0.865 0.822 0.832 0.737
dist (px) 11.66 9.49 9.07 9.42 10.59 14.21

1.00 A 0.92 A1
~ 0.95 1 %: 6 0.91 A
© < 2 0.90 \"Z
2} i S g4 E
g 0.90 E = 0.89 1
3] @ E
9 o @ 4
£ 0.85 < 104 o 088
k= o
= 2 Z 0-871 - m=1
) a -
£ 0.80 1 g 12 S 0.86 8- m=2
= g &~ m=3
0.85 A -0- m=4
0.75 4 14 - m=5
————T— T ————— T 0.84 g7 T
1 2 3 4 5 10 1 2 3 4 5 10 1 2 3 4 5 10
guidance weight w guidance weight w guidance weight w

Figure 7. Guidance-weight ablation under the GroundingDINO protocol. One curve per m. Left: per-object accuracy at threshold 7.
Middle: mean matched-detection pixel distance (the y-axis is inverted so that upward is better). Right: DINOv2 top-1 similarity to the
real-CLEVR reference pool. The best operating point for each m shifts from low w at m=1 (saturation) to w € {2, 3,4} as compositional
load grows; very large w hurts consistently by m > 4. Data from Table@

m > 2 the degradation at w = 10 is consistently sharp: the model

starts to sacrifice realism for excessive condition sharpness. The

choice w = 4 used in the main-text results sits within one percentage point of the per-m best for every m < 4 and remains
competitive at . = 5. Figure 7] plots the same data as curves in w; Figure [8]summaries the best-per-m operating point.

Running the same sweep under the SAM2 position-only verifier yields the same qualitative shape: the optimal w rises from
w=4atm = 1(96% success) to w € {3,10} for larger m, and the degradation at w = 10 flattens once identity is not
being checked. Figure [f] shows the curves. The two protocols therefore agree on the coarse pattern but disagree on the best
w for larger m: GroundingDINO penalizes the realism loss that SAM?2 ignores, so it rewards more moderate guidance.

B.2. Discussion of failure modes in CLEVR.

Figure [I0] characterizes the regimes in which CompFlow’s composition mechanism breaks down, complementing the
in-distribution results of Section[3.2] Interestingly, three of the five regimes are informative about the method itself.

Co-located (row 1) is the most surprising result: when two objects are requested at the same (z, y), the model resolves
the conflict geometrically by stacking or producing physically plausible configurations despite the absence of stacking
in the single-object training distribution. Moreover, it is possible to observe collapsed modalities towards style merging.
We attribute this to the composed velocity field locally satisfying both position constraints in the only way the rendering
geometry permits and reveals interesting Out-of-Distribution (OOD) results.

Conflicting attributes (row 2) shows the predicted behavior of weighted velocity addition when two experts dis-
agree on a single attribute at a single location: the composed score becomes the average of two incompati-
ble velocity fields, and the resulting samples exhibit color-bleed artifacts rather than a clean choice between ex-
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Figure 8. Best-per-m operating points: accuracy and pixel error under GroundingDINO, and success rate under SAM2, as a function of
m. The w selected for each point is the per-m argmax of the corresponding metric from Table|§|and the SAM2 sweep.

5

perts. In other words, asking the model to generate at the same time “a blue sphere” and “a red sphere’
in the same position results in dynamics induced style mixing, producing a purple object. This is consistent
with the Product-of-Experts interpretation of Theorem [2.2  OOD position (row 3) probes coordinates far out-
side the training range, where the model falls back to in-distribution placements, often hallucinating extra objects.

Dense cluster (row 4) packs four objects into a region Table 7. Failure-mode scene specifications for CLEVR.

smaller than the typical inter-object spacing in CLEVR;

S i Objects (sh 1 iti
here attribute identity degrades into an overlapping mass, cenarto jects (shape, color, position)
though object count is approximately preserved. Both fail- Co-located red cube @ (0.0,0.0)
ures would likely be mitigated by training on a wider posi- blue sphere @ (0.0,0.0)
tional range' and denser scenes, an.d neither contradicts the Conflicting attrs  red cube @ (0.0, 0.0)

PoE analysis. Overall, the behavior of CompFlow under green cube @ (0.0,0.0)

stress is consistent with its theoretical interpretation: it com- —
poses constraints faithfully where the backbone supports OOD position yellow sphere @ (—5.0, —3.0)
them, and degrades predictably where it does not. Dense cluster red cube @ (—0.3,—0.3)
green sphere @ (0.3, —0.3)
blue cylinder @ (0.3,0.3)
yellow cube @ (—0.3,0.3)

Duplicated condition (row 5) provides a useful sanity check:
repeating the same condition three times does not produce
three objects but a single one, since the composed den-

sity py () o< py(z) [T; pe(clx)* increases around the same Duplicated cond  red sphere @ (0.0, 0.0)
mode rather than instantiating multiple objects. This con- red sphere @ (0.0, 0.0)
firms that CompFlow composes constraints on a sample, not red sphere @ (0.0, 0.0)

independent objects in a scene, and clarifies the semantics of
multi-object generation: scene multiplicity must be encoded
through distinct conditions, not through repetition.

C. Details on Text2Image generation task
C.1. Experimental setup

Backbone and pipeline. All text-to-image experiments use the publicly released
black-forest-labs/FLUX.1l[dev]. We rely on the diffusers FluxPipeline (>0.30) from h and
reuse all native components (text encoders, VAE, and the FlowMatchEulerDiscreteScheduler) without
modification: there is no finetuning, no LoRA adaptation, and no change to either the transformer architecture or the
scheduler. CompFlow is implemented purely as a sampling-time wrapper around the stock pipeline. Unless stated otherwise,
all FLUX experiments use the configuration summarized in Table 8]

Velocity composition. At every ODE step the transformer is queried once per conditional sub-prompt ¢; plus once on the
unconditional prompt ¢y = &. The predicted velocities are combined according to Equation (TT) which exactly recovers
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RedCubein (-2,-1) AND Green
Spherein (-1,0) AND Blue
Cylinder in (1,0) AND
AND Purple
Cubein (3,-1.5)

_ RedCubein (-2,0)
RedCubein (-1,0) AND Green Sphere in (0,0) AND
AND Green Sphere in(1,0) Blue Cylinder in (2,0)

RedCubein (-2,2)
AND Green Sphere in(1,0) AND
Red Cube in (0,0) phere in(1,0)

Blue Cylinder in(1,0) AND

Figure 9. Additional CLEVR samples generated with CompFlow under increasing compositional load. Each column corresponds to a
different set of composed object-level conditions, from a single red cube to five simultaneous shape—color—position constraints. Rows
show independent samples generated from different random seeds for the same column conditions. Across seeds, the model consistently
preserves the requested object attributes and approximate spatial layout, despite being trained only with single-object conditioning.
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Figure 10. CompFlow failure modes Five rows probe regimes the training distribution does not cover. Each row shows five independent
samples at w=4, N=20, requested contidions are detailed in Table|z|

Co-located

Conflicting attrs

OOD position

Dense cluster

Duplicated cond
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Table 8. Default hyperparameters for CompFlow on FLUX. 1 [dev]. The “Source” column distinguishes parameters inherited from the
stock FLUX . 1 [dev] pipeline from those introduced by CompFlow.

Component Value Source
Backbone black-forest—labs/FLUX.1[dev] FLUX
Scheduler FlowMatchEulerDiscreteScheduler FLUX
Resolution 1024 x 1024 (mult. of 16) FLUX
ODE steps N 28 ours
FLUX-distilled guidance 1 ours
Numerical precision bfloatlé ours
Unconditional prompt empty string " " ours

Xz (uncond. weight) 1.0 ours
Per-condition \; uniform, sweep {1, 2,4, 8} ours

Algorithm 1 of the main paper for Ay = 1. The composed velocity veomp is then passed to the native scheduler step. We
keep the FLUX guidance scalar fixed across all m + 1 forward passes within a step (see below), so that velocity composition
acts strictly on top of the backbone’s native prediction rather than re-entangling with classifier-free guidance.

C.2. Prompt decomposition and why it is non-trivial

CompFlow generates images by composing a set of conditional velocity fields from the FLUX. 1 [dev] backbone, one
per condition c;, where each condition is a natural-language sub-prompt describing a scene constraint. For this reason,
evaluating CompFlow on the non-spatial, test-set category of T2I-CompBench requires decomposing each benchmark
prompt, i.e. a single sentence describing a complex scene, into a list of semantically disjoint sub-prompts that will as
independent conditions. This decomposition step is necessary and non-trivial. In fact, the benchmark prompts were designed
to be natural and descriptive rather than structurally separable, and they exhibit patterns that poorly fits with naive splitting.
The non-spatial test-set split of T2I-CompBench contains 300 prompts of the form:

A person is wearing a hat and sunglasses while fishing.
A woman is holding a camera and taking photos of a beautiful landscape.
A group of activists are marching in protest, chanting slogans and waving signs.

We concluded that a simple string-level decomposition is insufficient for these prompts. In particular, splitting on conjunctions
such as “and” may produces fragments that are either incomplete, redundant, or semantically dependent on missing context.
For example, in “a person is wearing a hat and sunglasses while fishing”, the phrase “sunglasses while fishing” is not a
standalone condition unless the subject “person” is recovered from the first conjunct. Similarly, in “holding a camera and
taking photos of a beautiful landscape”, the two clauses describe a coupled action involving the same agent and object,
rather than two independent visual entities. Other prompts contain coordinated verb phrases, nested noun phrases, or
conjunctions inside a single concept, such as “chanting slogans and waving signs”. A regex-based splitter would therefore
either over-segment a single coherent event or under-specify the resulting conditions, producing condition sub-prompts
that do not preserve the meaning of the original benchmark prompt. This makes prompt decomposition a semantic parsing
problem rather than a purely syntactic preprocessing step.

Decomposition strategy. The design principle behind our chosen strategy is that sub-prompts must not share actions or
visual objects, guaranteeing fairness (i.e.there is no a single prompt describing the whole scene that has to be generated).
Each sub-prompt is a grammatically complete and standalone sentence describing a single action or attribute of the
subject, containing the minimum information needed to ground that fragment in a Text-to-image generative setting. The
decomposition preserves the subject across sub-prompts while assigning each sub-prompt its own non-overlapping predicate:
the visual content described by any one sub-prompt does not appear in any other. Table [J]illustrates this strategy on randomly
sampled benchmark prompts.

LLM-based automatic decomposition. Given the diversity of syntactic patterns, we automated the decomposition using
an LLM. Each of the 300 non-spatial prompts was sent as a separate user message; the model was instructed to return only a
JSON array with no additional text. The system prompt is reported below.
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Table 9. Prompt decomposition examples from the non-spatial T2I-CompBench split. Each compound benchmark prompt is split into
sub-prompts with non-overlapping predicates, used as independent conditions in CompFlow.

Benchmark prompt Decomposition (ours)

A person is wearing a hat and sunglasses while ["A person is wearing a hat", "A person is wearing

fishing. sunglasses", "A person is fishing with a rod"]

A man is sitting on a park bench feeding pigeons. ["A man is sitting on a park bench", "A man is feeding
pigeons"]

A dog is wagging its tail and playing fetch with ["A dog is wagging its tail", "A dog is playing fetch

its owner. with its owner"]

A person is standing on a ladder and fixing a ["A person is standing on a ladder", "A person is

leaky roof. fixing a leaky roof"]

A man is holding a basketball and practicing his  ["A man is holding a basketball", "A man is practicing
Jjump shot. his jump shot"]

Your task is to decompose a natural-language image prompt into a list of
non-overlapping sub-prompts, one per independent visual concept, suitable as separate
conditioning signals for a compositional generative model.

Rules:

1. Each sub-prompt must be a complete, self-contained sentence that could stand alone
as an image—-generation prompt.

2. Preserve the subject across sub-prompts. Assign each sub-prompt a single,
distinct action or attribute —-- no action or object should appear in more than

one sub-prompt.

3. If the prompt describes a single atomic scene with one action, return a one—-element
list containing the original prompt unchanged.

4. Return only a JSON array of strings. No explanation, no preamble, no markdown

fences.
Examples:
Input: "A person is wearing a hat and sunglasses while fishing."
Output: ["A person is wearing a hat", "A person is wearing sunglasses", "A
person is fishing with a rod"]
Input: "A man is sitting on a park bench feeding pigeons."
Output: ["A man is sitting on a park bench", "A man is feeding pigeons"]

The LLM output was then post-processed by parsing and validating the JSON array and fed to the compositional sampler.
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O

e ["a cute sleeping dragon" + "a pillow-book" + "a mystical forest" + "blue-ish
dreamlike atmosphere"]

* ["A red fox in a snowy forest with trees", "film photo style, soft lighting,
detailed, intricate, sharp focus", "amber atmosphere, cinematic, volumetric
lighting, 85mm lens"]

e ["a lone traveler wearing a wool cloak" + "walking through the Scottish Highlands"
+ "epic cinematic landscape photography" + "muted colors"]

e ["a robot" + "standing in a mossy forest" + "fireflies floating around" +
"storybook illustration style"]

T2I-CompBench evaluation. For the non-spatial test-set split, each benchmark prompt is first decomposed into sub-
prompts as described in Appendix [C.2} the resulting list is then fed to the sampler with uniform weights A; = A and Ay = 1.
All metrics are computed against the original, un-decomposed benchmark prompt, so that CompFlow is judged on its ability
to reconstruct the full benchmark scene from disjoint sub-prompts rather than against the easier per-fragment task.

For each of the 300 prompts in the T2I-CompBench non-spatial split, we generate five images using independent random
seeds, yielding 5 x 300 = 1500 images per hyperparameter configuration. We sweep the guidance weight over

A€ {0.5,1,2,3}

and the number of sampling steps over
N €{20,...,40}.

We report the results obtained by the best aggregate configuration in this sweep. The best-performing setting was A = 1;
unless stated otherwise with N=28 sampling steps.

Computational cost. Figure[IT]illustrates the computational cost above with a direct measurement of the composition
sampler’s wall-clock time as a function of the number of conditions m € {1,...,6}.

The benchmark was run on a single NVIDIA L40S (48 GB,
bfloatl6)at 512x512 resolution with N = 20 ODE steps.
The measured curve is essentially linear in m, in close agree- 235 4 zlo
ment with the predicted N - (m + 1) forward-pass count: the o mean

Compose time vs k (20 steps, 512x512, n=3 trials)

slope corresponds to the cost of one additional conditional % 2001

forward pass per ODE step, while the intercept absorbs the £ 1737

unconditional pass and the constant per-step scheduler over- § 15.0 1

head. Trial-to-trial variance stays within a few percent and ;: 12.5 A
2

does not grow with m, indicating that at the resolutions we 10.0 -
use no allocator pressure or memory thrashing kicks in, and
that deployment-time inference cost is fully predictable from
m alone. All the experiments were run on a single GPU under
the configuration detailed in Table 3]

7.5 A

1 2 3 4 5 6
number of conditions k

Figure 11. Wall-clock time of velocity composition as a function
C.3. Dynamics-induced style mixing 02 glse number of conditions m, measured on a single NVIDIA
L40S.
The velocity-composition operator in Eq. (TI)) acts pointwise
along a single latent trajectory and is symmetric under permu-
tation of the (c;, ;) pairs. This structure naturally encourages style mixing, reflecting the attribute-blending behavior
observed in Figure [I0] rows 1-2, but in a more coherent and visually graceful form. When several conditions provide
compatible but distinct semantic, geometric, or stylistic directions, the composed trajectory does not necessarily instantiate
each condition as a separate object. Instead, it may follow an averaged dynamical path that blends their visual attributes into
a single coherent sample. We illustrate this behavior in Figure[T2]
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A

horse + sheep sphere + cube glossy chair + lamp green apple + bear

Figure 12. Dynamics-induced style mixing. When conditions are composed along the same latent trajectory, CompFlow often produces
coherent visual blends rather than discrete object conjunctions. The resulting images combine semantic, geometric, material, and stylistic
attributes from multiple experts into a single sample.

Style and attribute fusion. When two or more sub-prompts describe visually compatible concepts of comparable salience,
the composed velocity field can interpolate between their associated directions instead of selecting one condition or creating
multiple separate entities. For example, composing “a horse” and “a sheep” produces an animal with attributes of both
species; composing “a sphere” and “a cube” yields a rounded cubic object; and composing “a glossy chair” with “a lamp’
produces an object that mixes shape, material, illumination, and function. These samples are not degenerate: they are
coherent images produced by following a single composed dynamical system. The behavior reflects the fact that CompFlow
performs composition in velocity space, so compatible experts can jointly deform the trajectory toward an intermediate
visual mode.

bl

Implications for compositional control. This behavior is useful when the intended prompt involves global style, material,
texture, color, or aesthetic modifiers, since the velocity addition can smoothly combine such factors during sampling.
However, it also reveals a limitation for prompts requiring hard binding, counting, or explicit separation of instances. If
the target semantics require “a horse and a sheep” as two distinct entities, the pointwise additive dynamics alone does not
specify that the two concepts should occupy different spatial regions or correspond to different object slots. In such cases,
the method may instead produce a single blended concept.

This suggests that velocity composition is especially well suited to style-level and attribute-level composition, while
precise multi-object binding may require an additional mechanism, such as spatial conditioning, object slots, masks, or
region-specific experts. These limitations are inherent to the velocity-additive form rather than artifacts of the FLUX
backbone: the same averaging behavior would arise for any rectified-flow model under Eq.[T1] Lifting them likely requires
either a non-symmetric composition strategy or an explicit spatial prior on top of the per-condition velocities; we leave both
directions to future work.

Spatial-relational failures. The same averaging dynamics that enables the
style mixing above breaks down when the composed conditions encode spatial-
relational constraints. Figure[I3|reports a representative case obtained while
attempting to reproduce a CLEVR-style scene with CompFlow: each sub-
prompt anchors a single primitive to a specific half of the canvas, and the
FLUX backbone handles the side assignment in isolation. Under additive
composition, however, the dynamics discards the spatial binding, while the
description of two simple primitives drives the same blending behavior described
above; the result is a chimeric solid in which sphere-shaped patches appear
painted onto the faces of a cube, rather than two distinct objects in their requested
halves. We were unable to recover correct binding by varying A, the seed, the
resolution, or the number of ODE steps. The same mechanism is responsible for
analogous failures on counting prompts (e.g. “a horse” composed with “a horse”
or with “two horses” as a third condition does not yield two instances) and,
more broadly, for any prompt whose intended semantics rely on a structured  Figure 13. CompFlow output for the

assignment of conditions to image regions or object slots. These failure regimes ~ Prompts “a cube on the left"The left/right
assignment is destroyed and the generation

collapse into a single hybrid solid.
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mark the boundary of what an additive operation can encode: spatial-relational
composition appears to require an explicit spatial prior on top of the single-
condition velocities, both of which fall outside the scope of this work, and are left as future development.
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