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Abstract

Flow Matching has emerged as a powerful framework for
learning continuous transformations between distributions,
enabling high-fidelity generative modeling. This work intro-
duces Symmetrical Flow Matching (SymmFlow), a new for-
mulation that unifies semantic segmentation, classification,
and image generation within a single model. Using a sym-
metric learning objective, SymmFlow models forward and re-
verse transformations jointly, ensuring bi-directional consis-
tency, while preserving sufficient entropy for generative di-
versity. A new training objective is introduced to explicitly
retain semantic information across flows, featuring efficient
sampling while preserving semantic structure, allowing for
one-step segmentation and classification without iterative re-
finement. Unlike previous approaches that impose strict one-
to-one mapping between masks and images, SymmFlow gen-
eralizes to flexible conditioning, supporting both pixel-level
and image-level class labels. Experimental results on various
benchmarks demonstrate that SymmFlow achieves state-of-
the-art performance on semantic image synthesis, obtaining
FID scores of 11.9 on CelebAMask-HQ and 7.0 on COCO-
Stuff with only 25 inference steps. Additionally, it deliv-
ers competitive results on semantic segmentation and shows
promising capabilities in classification tasks.

Code — https://github.com/caetas/SymmetricFlow

1 Introduction

Comprehending semantic content is a key challenge in com-
puter vision. Classification (Krizhevsky, Sutskever, and Hin-
ton 2012; He et al. 2016; Dosovitskiy et al. 2020) and seg-
mentation (Ronneberger, Fischer, and Brox 2015; Xie et al.
2021; Cheng et al. 2022) allow models to analyze and struc-
ture images, while generative modeling enables the synthe-
sis of new content (Radford, Metz, and Chintala 2015; Ho,
Jain, and Abbeel 2020; Rombach et al. 2022). Ideally, a uni-
fied framework would bridge these tasks, allowing models
to both interpret and generate images in a two-way manner.
It is conceivable that the ability to accurately comprehend
and disentangle visual structures facilitates the generation
of more semantically coherent and visually realistic images.
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Conversely, strong generative capabilities may aid in learn-
ing more expressive representations of images, as generat-
ing plausible content requires an implicit understanding of
object relationships, textures, and context (He et al. 2022).
These forward and backward relationships suggest that ad-
vances in one direction could naturally benefit the other,
which fuels the pursuit of models that integrate both under-
standing and synthesis within a single cohesive framework.

Most existing vision-only approaches treat these tasks
individually. For classification, the extracted features are
used in fully connected layers to obtain probability predic-
tions for each class, while for segmentation, the features are
used to train decoders for dense predictions. On the other
hand, generative models, such as generative adversarial net-
works (GANs) (Karras et al. 2021), diffusion models (Kar-
ras et al. 2022), score matching models (Song et al. 2020),
and Flow Matching models (Lipman et al. 2022), synthesize
images from a prior distribution. Although recent work has
explored diffusion models for classification (Li et al. 2023a)
and segmentation (Wu et al. 2024), these adaptations intro-
duce significant limitations: classification is slow due to the
need for iterative sampling across all possible classes, and
segmentation frameworks are restricted to generating masks,
lacking the ability to map back to realistic images.

Recent works, such as SemFlow (Wang et al. 2024b) and
DepthFM (Gui et al. 2024), have sought to unify image gen-
eration with semantic segmentation and depth estimation
within a single generative framework. However, these mod-
els still suffer from the following key limitations: (1) they
do not perform classification, restricting their applicability;
(2) the image quality remains inferior to that of purely gener-
ative models; and (3) the models enforce a strict one-to-one
mapping between segmentation or depth masks and images,
requiring them to have the same number of channels, which
limits their flexibility.

To address these limitations, we propose Symmetri-
cal Flow Matching (SymmFlow), a novel Flow Match-
ing training objective that enforces dual symmetrical sam-
pling, enabling segmentation, classification, and image syn-
thesis to be conditioned in a mutual two-sided relation-
ship. This concept leads to the following specific contribu-
tions. (a) SymmFlow unifies segmentation and classification
within a single framework, performing both tasks in fewer
steps, while retaining the ability to generate high-quality im-
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Figure 1: Symmetrical Flow Matching jointly models semantic segmentation and generation as opposing flows. Noise tran-
sitions into an image while a label evolves into noise and vice versa. This symmetry maintains entropy for generation while
enforcing semantic consistency. Image Y can represent semantic content of any type, from dense masks to global labels, en-

abling applications like classification and segmentation.

ages through Flow Matching. (b) SymmFlow enhances im-
age synthesis quality over prior methods by leveraging the
bi-directionality of Flow Matching. (¢) SymmFlow allevi-
ates the strict one-to-one channel constraint between seg-
mentation masks and images, allowing greater flexibility in
conditioning and generalization. We validate SymmFlow on
toy problems as well as standard benchmarks for classifica-
tion, segmentation, and image synthesis, demonstrating its
effectiveness as a unified model for both discriminative and
generative tasks.

2 Related Work
2.1 Flow Matching

Flow Matching (FM) (Lipman et al. 2022; Liu, Gong, and
Liu 2022) is a generative modeling framework that learns a
velocity field to transform a source distribution into a tar-
get distribution through a continuous flow. By parameter-
izing this field with a neural network, the model becomes
a Neural ODE (Chen et al. 2018), allowing efficient sam-
pling via numerical integration. It has advanced state-of-
the-art performance in diverse applications, including im-
age (Esser et al. 2024) and audio generation (Vyas et al.
2023), as well as protein modeling (Huguet et al. 2024)
and robotics (Black et al. 2024). FM generalizes Continuous
Normalizing Flows (CNFs) (Chen et al. 2018; Grathwohl
et al. 2018) by eliminating the need for simulation during
training, thereby making it computationally efficient. It also
provides a unifying perspective on generative modeling, en-
compassing diffusion models, which can be seen as a special
case where the probability path is defined via stochastic dif-
ferential equations (Lipman et al. 2024).
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2.2 Generative Classifiers

Several seminal works (Hinton 2007; Ranzato et al. 2011)
have emphasized the importance of modeling the data dis-
tribution to enhance discriminative feature learning. Early
approaches trained deep belief networks (Hinton, Osindero,
and Teh 2006) to encode image data as latent representa-
tions, which were then used for recognition tasks. More re-
cent advances in generative modeling have demonstrated the
ability to learn efficient representations for global prediction
tasks (He et al. 2022). In addition, generative models have
been shown to improve adversarial robustness and calibra-
tion (Huang et al. 2020). However, most prior work either
jointly trains generative and discriminative models, or fine-
tunes generative representations for downstream tasks. Dif-
fusion Classifier (Li et al. 2023a) specifically investigates the
effectiveness of using diffusion models as image classifiers,
albeit with severe inference constraints.

2.3 Semantic Segmentation

Semantic segmentation aims to assign a semantic label to
each pixel in an image. Conventional approaches rely on
discriminative models, combining a strong feature extrac-
tion backbone with a task-specific decoder head for mask
prediction (Cheng, Schwing, and Kirillov 2021; Cheng et al.
2022; Ding et al. 2023). Recent work has explored diffu-
sion models for segmentation (Amit et al. 2021; Wang et al.
2024a; Gu, Chen, and Xu 2024), typically leveraging them
as feature extractors within a discriminative framework. A
key motivation behind SemFlow is the interpretation that
diffusion models struggle to align their stochastic nature
with the deterministic requirements of semantic segmenta-



tion. For this reason, SemFlow introduces rectified flows.
In contrast, SymmFlow embraces the probabilistic nature of
segmentation, accounting for inter-observer variability.

2.4 Semantic Image Generation

Semantic image generation, the inverse of semantic segmen-
tation, focuses on generating realistic images from seman-
tic layouts (Li, Zhang, and Malik 2019; Liu et al. 2019;
Lv et al. 2022). Existing approaches generally fall into two
categories. (1) GAN-based models (Zhu et al. 2017; Isola
et al. 2017; Wang et al. 2018), although many of these meth-
ods struggle with mode collapse and produce only unimodal
outputs. (2) Diffusion models, which treat semantic genera-
tion as a conditional generation task where semantic masks
act as control signals (Wang et al. 2022). Some methods
further integrate additional conditioning to enhance coher-
ence (Zhang, Rao, and Agrawala 2023). However, these ap-
proaches often adopt asymmetric architectures with unidi-
rectional generators, thereby complicating the unification of
semantic segmentation and image generation.

3 Symmetrical Flow Matching

Symmetrical Flow Matching (SymmFlow) unifies semantic
segmentation and semantic synthesis as opposing flow pro-
cesses, as illustrated in Figure 1. Given a data distribution X
(e.g. images) and a semantic representation Y (e.g. masks
or class labels), SymmFlow models bi-directional flows be-
tween them. The forward process transforms X from noise,
while simultaneously evolving Y towards a noise-corrupted
state. The reverse process inverts these transitions, allow-
ing for the generation of Y from X. Crucially, Y is not re-
stricted to having the same dimensionality as X, enabling
flexible conditioning, such as global class labels for clas-
sification. This symmetrical formulation ensures sufficient
entropy for image generation while preserving the seman-
tic structure, making SymmFlow a generalizable framework
for both segmentation and synthesis. The training procedure
and objective are formalized in Section 3.1. Techniques for
obtaining segmentation and classification predictions using
the proposed SymmFlow model are discussed in Section 3.2.
The importance of label dequantization for stable training is
examined in Section 3.3, and the complete framework is val-
idated using a synthetic example presented in Section 3.4.

3.1 Training Objective

Symmetrical Flow Matching jointly models semantic seg-
mentation and synthesis as opposing flows, enabling bi-
directional transformations between images and semantic
content. The model learns a velocity field that transports
X from noise (Xj), while simultaneously evolving Y into
noise and vice versa. For each sample, a time variable ¢ is
extracted from U/(0, 1), and the inputs are perturbed via a
convex combination with Gaussian noise. As a result, the
perturbed samples x; (forward) and y, (backward) are spec-
ified by

(1 —t)&, + tx,
ye = (1 —t)y +t&,,

Ty =

ey
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where £, ¢, are independent noise terms extracted from
N (0, I). The optimal transport velocity fields are given by
Vg =T — gw:
vy =& — Y,

v = (Vg, vy),

which describe the ideal directions to reverse the pertur-

bation. Figure 2 illustrates the optimal transport approach

in Symmetrical Flow Matching, showing the transformation
between data distributions and the Gaussian intermediary.
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Figure 2: Illustration of the optimal transport between the
data distributions X and Y, and the intermediate Gaussian
distribution.

The model vy (2, y:,t) is trained to jointly approximate
both flows by minimizing the squared error, specified by

L =B,y [llve(ze, yest) —v|*] -

3.2 Classification and Segmentation

A common approach to classification using conditional gen-
erative models relies on Bayes’ theorem to compute the pos-
terior probability of a class c given an input image X . Given
a generative model that learns the conditional distribution
po(x | ¢), classification is performed as

3)

__pei)po(z | ci)
> p(ej)pe(x | cj)

With a uniform prior over classes, i.e. p(¢;) = %, the prior
terms cancel, simplifying to

polci | ) “4)

po(ci | ) o po(z | ;). )

For diffusion models, computing pg(z | ¢) is intractable,
so an ELBO approximation is used to estimate the posterior
distribution

exp{—Ey c[[le — eg(wr, i) [|*]}
22 exp{—Ercllle = eo(e, )7}

Monte Carlo sampling approximates the expectation by

polci | ) = (6)

N
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Ultimately, this approach extracts a classifier by evaluating
the error between noise predictions for each class.



Proposed Approach In contrast to the conventional gen-
erative classifier approach, SymmFlow learns a velocity
field that transports an input image toward a noise distribu-
tion, and vice versa. Classification is performed by integrat-
ing the predicted velocity field in an off-the-shelf Ordinary
Differential Equation (ODE) solver

0
Yo =1 +/ Vg (T4, Y1, t)ydt. (®)
1

This eliminates the need for repeated evaluations across all
possible class embeddings, significantly reducing inference
time and computational cost. Additionally, the same process
can be used to predict segmentation masks. The predicted
class is determined as the closest label to the average of
the model’s predictions. For segmentation, the class of each
pixel is assigned based on the closest predefined class RGB
code to the predicted pixel RGB value. This mapping is fur-
ther explained in Section 3.4.

3.3 Dequantization

In line with prior work, we dequantize the labels (classifi-
cation and segmentation) to a continuous distribution. De-
quantization is often used in Normalizing Flows to enhance
stability in density modeling. Without it, excessively high
likelihoods (dirac deltas) are assigned to a few specific val-
ues, causing the model to collapse. A standard approach
to dequantization involves adding finite perturbations to the
signal to prevent low-entropy distributions from hindering
modeling quality. We adopt a similar strategy by applying
controlled noise to the class labels Y, ensuring smoother
optimization and preventing degenerated solutions. Specif-
ically, given a discrete label Y, we define the dequantized
representation as

Y'=Y+e e~U-B,+0), ©)

where U(—/3,403) is a uniform noise term ensuring that the
semantic label remains well-defined. This adjustment is cru-
cial for maintaining stability in the reverse flow process.

For models performing classification, we further normal-
ize the label representations to the interval [-1, +1], based on
their indices, prior to supplying them to the model. The de-
quantized values then serve as a continuous mask, providing
a structured conditioning mechanism for the model.

3.4 Toy Example

To illustrate the principles of Symmetrical Flow Matching,
we consider a toy example where two classes form the inter-
leaved, nonlinear structures in Figure 3a.

We train a multilayer perceptron (MLP) to model the joint
evolution of data points X and their class representation Y’
under Symmetrical Flow Matching. The input to the model
consists of the point coordinates X, a quantized encoding
of their class Y - where Class A follows a uniform distri-
bution in [-1.5, -0.5] and Class B in [+0.5, +1.5] — and
a time variable ¢ ranging from 0 to 1. The learned flow is
then used to sample trajectories via an Euler ODE solver
with 20 timesteps from ¢ = 0 to t = 1, reconstructing the
underlying structure of the data. The resulting distributions,
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(a) Original spiral dataset.

(b) Generated samples.

Figure 3: Visualization of the spiral dataset and samples gen-
erated by our model.

shown in Figure 3b, demonstrate the ability of our frame-
work to model structured transformations while maintaining
class separability.

We also model the reverse process, integrating the learned
flow backward from ¢ = 1 to ¢ = 0 to recover class labels.
This formulation treats classification as an inverse problem,
requiring the model to separate class information as the dis-
tribution regresses to its original state. Table 1 shows that
the classification accuracy is highest when using a single in-
tegration step. This result could be expected: as X evolves
toward a Gaussian distribution, class boundaries blur, mak-
ing it increasingly difficult for the reverse flow to correctly
infer the original labels.

Noeps | 1 2 5 10
Acc. (%) | 100.0 920 87.0 83.6

20
82.6

50
82.0

Table 1: Classification accuracy at different numbers of steps
using the reverse process of the model.

4 Experiments

To evaluate the effectiveness of the proposed SymmFlow
model as a unified architecture for semantic segmentation/-
classification and image synthesis, we perform the following
experiments.

4.1 Datasets

Semantic Segmentation and Generation: The model is eval-
uated using COCO-Stuff (Caesar, Uijlings, and Ferrari
2018) and CelebAMask-HQ (Lee et al. 2020), which con-
tain 171 and 19 classes, respectively. Images and semantic
masks are resized and cropped into 512x512 pixels. A de-
tailed analysis of the datasets is provided in Appendix A.
Classification: We evaluate our model on MNIST (Deng
2012) and CIFAR-10 (Krizhevsky, Nair, and Hinton 2010)
for classification, leveraging these low-resolution datasets to
assess fundamental capabilities.

4.2 Metrics

Semantic Segmentation and Generation: For semantic
segmentation, we evaluate with mean intersection over



Category | Method Steps SS (mIoUt) SS (mIoU7) | SIS (FID| /LPIPS?T) SIS (FID, / LPIPST)
CelebAMask-HQ COCO-stuff CelebAMask-HQ COCO-stuff

DML-CSR (Zheng et al. 2022) 1 77.8 — X X
SegFace (Narayan, Vs, and Patel 2025) 1 81.6 — X X

SS DeeplabV2 (Caesar, Uijlings, and Ferrari 2018) 1 — 33.2 X X
MaskFormer (Cheng, Schwing, and Kirillov 2021) 1 — 37.1 X X
SegFormer (Xie et al. 2021) 1 — 46.7 X X
pix2pixHD (Wang et al. 2018) 1 X X 54.7/0.529 111.5/—
SPADE (Park et al. 2019) 1 X X 42.2/0.487 339/ —
SC-GAN (Wang et al. 2021) 1 X X 19.2/0.395 18.1/—

SIS BBDM (Li et al. 2023b) 200 X X 21.4/0.370 —
ControlNet (Zhang, Rao, and Agrawala 2023) 20 X X 24.0/0.528 36.6/0.671
SDM (Wang et al. 2022) 1000 X X 18.8/0.422 15.9/0.518
SCDM (Ko et al. 2024) 250 X X 17.4/0.418 15.3/0.519
SCP-Diff (Gao et al. 2024) 800 X X — 11.3/—

Both SemFlow (Wang et al. 2024b) 25 69.4* 35.7* 32.6/0.393 90.0/0.685*
SymmFlow (Proposed) 25 69.3 39.6 11.9/0.464 7.0 /0.609

Table 2: Performance comparison of benchmark solutions on semantic segmentation (SS) and semantic image synthesis (SIS)
tasks across both COCO-Stuff and CelebAMask-HQ datasets. The number of steps indicates the number of functions applied
to obtain the results. Legend: * Recomputed by us; — Not available; X Not applicable (method cannot perform the task).

union (mloU). For semantic image synthesis, we assess with
the Fréchet inception distance (FID) and learned perceptual
image patch similarity (LPIPS). Classification: The model
is evaluated using classification accuracy. Additional infor-
mation is available in Appendix D.

4.3 Qualitative Evaluation

To complement the quantitative analysis, qualitative re-
sults are presented for classification, semantic segmenta-
tion, and image generation. For classification, generated
samples from MNIST and CIFAR-10 are visualized in
Appendix G to evaluate the diversity and fidelity of the
synthesized outputs. For semantic segmentation, predicted
masks on CelebAMask-HQ and COCO-stuff are compared
against ground-truth annotations. For image generation, rep-
resentative samples synthesized from CelebAMask-HQ and
COCO-stuff are provided to illustrate visual quality.

4.4 Impact of Inference Steps

The effect of the number of inference steps is evaluated for
both tasks. By varying the number of steps, the impact on
classification accuracy and segmentation quality is assessed,
providing insight into the trade-off between computational
efficiency and performance.

4.5 Baseline Comparison

Semantic Segmentation and Generation: For semantic seg-
mentation on CelebAMask-HQ, DML-CSR (Zheng et al.
2022) and SegFace (Narayan, Vs, and Patel 2025) are
adopted as baselines. On COCO-Stuff, DeeplabV2 (Caesar,
Uijlings, and Ferrari 2018), MaskFormer (Cheng, Schwing,
and Kirillov 2021), and SegFormer (Xie et al. 2021) serve
as representative methods. For semantic image synthesis,
the evaluation includes pix2pixHD (Wang et al. 2018),
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SPADE (Park et al. 2019), SC-GAN (Wang et al. 2021),
BBDM (Li et al. 2023b), ControlNet (Zhang, Rao, and
Agrawala 2023), SDM (Wang et al. 2022), SCDM (Ko et al.
2024), and SCP-Diff (Gao et al. 2024). SemFlow (Wang
et al. 2024b), a prior model aiming to unify both seg-
mentation and synthesis, is also evaluated. Since official
checkpoints and semantic segmentation evaluation scripts
for SemFlow were not publicly available, the model was
retrained and results were recomputed. The scripts are in-
cluded in SymmFlow’s repository for reproducibility. Clas-
sification: For the classification task on CIFAR-10, the pro-
posed model is compared to the Diffusion Classifier (Li et al.
2023a). Additionally, the quality of the generated images is
assessed by benchmarking against a standard FM setup.

4.6 Implementation Details

For pixel-level implementations (e.g., classification), the U-
Net architecture introduced in Guided Diffusion (Dhariwal
and Nichol 2021) is employed. For latent-space models,
the pre-trained VAE from Stable Diffusion (Rombach et al.
2022) is used for image encoding and decoding, alongside
the U-Net backbone from Stable Diffusion 2.1. To ensure
compatibility with SymmFlow, the number of input chan-
nels in the first layer and output channels in the final layer of
the U-Net are doubled. Further details on hyperparameters
and computational resources are provided in Appendix B.

5 Results & Discussion
5.1 Semantic Segmentation and Generation

Table 2 reports semantic segmentation and image synthe-
sis results across benchmarks. SymmFlow consistently out-
performs prior models in the synthesis task, achieving the
lowest FID scores across datasets. The visualizations in Fig-
ure 4 confirm that the model produces mask-consistent high-



Figure 4: Non-curated samples generated by the model trained on CelebAMask-HQ (left) and COCO-stuff (right). The top row
shows the semantic mask used to condition the model. The bottom row shows the samples after 25 integration steps with the
Euler ODE solver.

fidelity samples on CelebAMask-HQ and COCO-Stuff, cap-
turing structural details with strong adherence to the con-
ditioning masks. Although LPIPS is commonly used to as-
sess perceptual diversity, it can be misleading in isolation,
as higher LPIPS values may result from poor image quality
rather than true variability. Conversely, low LPIPS may in-
dicate mode collapse or data leakage rather than accurate di-
versity. Therefore, interpreting LPIPS jointly with FID is es-
sential. SymmFlow achieves the best trade-off between im-
age quality and diversity, reflecting strong generative capa-
bility without sacrificing semantic alignment.

In the segmentation task, SymmFlow achieves compet-
itive performance compared to specialized segmentation
baselines, particularly on COCO-Stuff. As shown in Fig-
ure 5, the model demonstrates semantic understanding be-
yond the ground-truth annotations; for instance, correctly
identifying a laptop absent from the label map. However,
performance is limited by the low-resolution latent repre-
sentation (64 x 64 x4), which hampers fine-grained accuracy.
This is especially evident for small-area classes such as ear-
rings or partially occluded features like eyebrows and ears,
where segmentation quality deteriorates due to insufficient
spatial detail. Despite this, the global segmentation struc-
ture remains coherent. SemFlow, while also achieving strong
performance on the segmentation task, falls short on seman-
tic image synthesis. Quantitative results indicate limited vi-
sual fidelity, underscoring the limitations of the architec-
ture in jointly modeling segmentation and generation with-
out further design or training adjustments.

SymmFlow achieves this performance using only 25 func-
tion evaluations, whereas most diffusion-based methods re-
quire hundreds of denoising steps, resulting in significantly
improved inference efficiency, as shown in Appendix C.

5.2 Classification

Table 3 presents the classification performance comparison.
With a single inference step, SymmFlow achieves accuracy
comparable to the Diffusion Classifier while being signifi-
cantly more efficient. By increasing the number of steps to
just 25, which is 100 times fewer than required by the Diffu-
sion Classifier, SymmFlow convincingly outperforms it on
CIFAR-10. This highlights the efficiency of the approach,
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reducing inference time without sacrificing accuracy. Ad-
ditionally, the model currently uses a simple conditioning
strategy based on grayscale intensities, suggesting further
improvements can be achieved with more advanced condi-
tioning mechanisms. In Appendix G, Figures 6 and 7 present
non-curated samples generated by SymmFlow on MNIST
and CIFAR-10, illustrating the model’s ability to produce di-
verse and visually coherent outputs. These findings indicate
that SymmFlow continues to be a robust image generator,
enabling efficient conditional control.

Method | Steps MNIST CIFAR-10
Diffusion Classifier (Li et al. 2023a) | 2,750 — 88.5
SymmFlow (Proposed) 215 ggz ggé

Table 3: Comparison between Diffusion Classifier and
SymmFlow on image classification tasks.

5.3 Evaluation of Inference Steps

Table 4 evaluates the effect of the number of inference
steps on semantic image generation performance across both
CelebAMask-HQ and COCO-Stuff. On both datasets, FID
and LPIPS scores steadily decrease as the number of steps
increases, indicating improvements in image fidelity and
structural coherence. In both datasets, the LPIPS trend is
particularly revealing: at low step counts, the high LPIPS
values do not primarily reflect meaningful diversity, but
rather poor visual quality and weak alignment with the con-
ditioning masks. As the number of steps increases, the model
produces more coherent and semantically accurate outputs,
leading to a decrease in LPIPS. Importantly, the final LPIPS
values remain relatively high, but this now reflects genuine
variability across samples rather than noise or misalignment,
indicating that the model preserves diversity while improv-
ing structural fidelity. Appendix E analyzes the impact of
the dequantization factors, while Appendix G illustrates the
qualitative effects of different numbers of sampling steps.
Table 5 shows that one-step segmentation on
CelebAMask-HQ already yields a respectable 65.3
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Figure 5: Non-curated segmentation masks generated by the model trained on CelebAMask-HQ (left) and COCO-stuff (right).
The top row shows the ground-truth segmentation mask. The middle row shows the image used to condition the model. The
bottom row shows the segmentations after 25 integration steps with the Euler ODE solver.

Dataset Metric | 1 2 5 10 20 25

CelebA FID| 88.5 73.2 49.5 28.2 14.1 11.9
LPIPS] | 0.598 0.572 0.522 0.486 0.466 0.464

CoCo FID| 102.6  83.6 44.3 18.2 8.1 7.0
LPIPS| | 0.777 0.758 0.704 0.652 0.616 0.609

Table 4: Semantic image generation performance for differ-
ent numbers of steps on CelebAMask-HQ and COCO-Stuff.

mloU, rising to its maximum of 70.3 mloU by two steps
before plateauing. On COCO-Stuff, segmentation quality
reaches a solid 38.1 mloU by five steps and continues to
improve modestly, peaking at 40.1 mloU by twenty steps.
While image generation clearly benefits from additional
inference steps, these results suggest that, when the sole
objective is semantic segmentation, far fewer steps can be
employed without sacrificing much accuracy.

Dataset Metric | 1 2 5 10 20 25
CelebA mloU7T | 653 703 703 698 69.4 69.3
COCO mloU 1 | 29.3 33.8 38.1 389 401 39.6

Table 5: Semantic segmentation performance at different
numbers of steps on CelebAMask-HQ and COCO-Stuff.

The impact of the inference steps in classification is cov-
ered in Appendix F, and summarized in Table 11.

6 Limitations & Future Work

One limitation of the current approach is the overall model
size. Although SymmFlow uses far fewer inference steps
than typical diffusion models, it relies on a large pre-trained
Stable Diffusion U-Net backbone. Reducing the computa-
tional burden by distilling the model into a one-step vari-
ant is a natural next step. Moreover, a one-step formula-
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tion could facilitate the integration of more expressive con-
ditioning mechanisms, enabling effective text-based con-
trol and the use of more powerful architectures such as
MMDIT (Esser et al. 2024). Additionally, fine-tuning the
VAE decoder to better align with semantic masks could im-
prove segmentation accuracy on fine-grained details, such as
small or occluded regions.

Future work includes extending classification evaluation
from the current proof-of-concept stage to datasets such
as Food-101 (Bossard, Guillaumin, and Van Gool 2014),
ImageNet-1K (Deng et al. 2009), and ObjectNet (Barbu
et al. 2019), while also refining the semantic label encoding
strategy to improve conditioning. Furthermore, evaluating
the model performance on depth estimation tasks, similar to
DepthFM, would further demonstrate its versatility. Beyond
segmentation, the bi-directionality of the model presents op-
portunities for applications such as image editing.

7 Conclusions

This work introduces Symmetrical Flow Matching, a uni-
fied framework that models segmentation, classification, and
image generation as opposing flows within a single ar-
chitecture. Leveraging a bi-directional formulation, Symm-
Flow enables efficient semantic reasoning while preserving
the flexibility required for high-fidelity generation. Unlike
prior approaches that impose rigid one-to-one mappings,
it supports various conditioning strategies, including pixel-
and image-level supervision. Experimental results show that
SymmFlow achieves state-of-the-art performance in seman-
tic image synthesis with only 25 inference steps, competitive
segmentation accuracy despite operating in a low-resolution
latent space, and promising classification results. These re-
sults show that flow-based generative models can simultane-
ously support generation and discrimination within a unified
framework. Future work will further explore its classifica-
tion potential and extend the framework to problems such as
depth estimation and semantic image editing.
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