Task-Oriented Data Synthesis and Control-Rectify Sampling for Remote Sensing
Semantic Segmentation

Supplementary Material

1. Differences Between CRFM and Inversion-
Free Editing

Alg. 1 shows the pseudo-code of Control-Rectify Flow
Matching (CRFM), which is designed to modulate the tra-
jectory during the early RF process, guiding it toward the
target conditional distribution and thereby improving the se-
mantic alignment of the final generated images.

The concept of steering the rectified flow (RF) trajec-
tory has also been similarly applied in image editing tasks.
FlowEdit [4] modulates the trajectory of the RF by calcu-
lating the vector field difference between the source and
target images at each time step. This approach obviates
the need for latent inversion, and directly establishes the
transition trajectory between the source and target images
for image editing tasks. SplitFlow [10] further introduces
a flow decomposition and aggregation framework, designed
to address the inherent issues of gradient entanglement and
semantic conflict within complex target prompts, which
mitigates interference between attributes while maintaining
overall semantic consistency.

The trajectories established by the aforementioned two
methods represent a transformation process from the source
data distribution pj;, to the target data distribution pf:ta.
This process can be formally expressed in the form of the
following ODE:

dze% = o (257, 219" dt, (1)

where 2¢%* denotes the latent state on the editing trajectory,
while z;"¢ and zfgt represent the interpolated latent repre-
sentations of the source and target states, respectively, at
time ¢ € [0,1]. Specifically, the velocity field difference
V2 (257¢, 219%) is defined as the subtraction of the source
velocity field from the target velocity field, where v(zy, t)

is the predicted velocity at latent state z; and time ¢:
v (257 2 7) = vz 1) — (=7 0). )

In contrast, our CRFM modulates the trajectory that con-
nects the noise distribution z; ~ A(0, 1) to the conditional
data distribution zg ~ p(24ate|C"™) which is controlled by
a semantic mask C"".The probability path of this process
can be constructed by solving the following ODE:

dzctrl _ ’UtCRFM (Zt7 t, Cm)dt7 (3)

where dz°"! is the latent state on the conditional trajectory.

The term v FM (2, ¢ C™) is the vector field adjusted by

Algorithm 1: Control-Rectify Flow Matching
Input

: Vector field predictions vy, Timestep
latents z;, Noise schedule o;, VAE
Decoder D, Conditional model ®, Ground
truth labels Y,

Output: Rectified vector field v*
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CRFM based on the semantic mask condition C™ at the
current latent state z; (at time ¢). CRFM vector field can be
decomposed into two distinct components:

I BEM (5, t.C™) = vy(2,t, C™) 407 (2, t,C™). (4)

Here, wv(2,t,C™) represents the output vector field
of RF model, conditioned on the semantic mask C™
and computed at the current latent state z; and time ¢.
vy (2, t, C™), is an estimated vector derived from the gra-
dient, calculated using a Segmentation Network S and the
semantic mask C™ on the pre-synthesized image z{ of z;.
This component is formally defined as:

UZEC(ZDLCT”/) ~ aVUECE(S(zé),Cm), (5)
Z(t) =zt — Utvt(zta t, Cm)a (6)

where « is a manually set hyperparameter, o; is the sched-
ule coefficient that governs the blend ratio between the noise
and data during the forward process of RF. Furthermore,
Log(S(28),C™) calculates the semantic loss between the
output of the Segmentation Network S(z{) and the seman-
tic mask C"™™.

Beyond these technical differences in trajectory con-
struction, the core motivations of the two approaches are
fundamentally distinct. FlowEdit and related editing meth-
ods are built on the principle that an effective editing algo-
rithm should minimally alter the source image while faith-
fully transporting it toward the target distribution. Their ob-
jective is to construct a minimal and direct transition be-
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Figure 1. Qualitative comparison for mask-to-image generation by various methods.

In sharp contrast, CRFM aims to modulate the proba-
bility trajectory during the RF process for any initial state
z1 ~ N(0,1), ensuring that the resulting generated state
zp more closely aligns with the target data distribution
p(zdata|0m)-

2. Additional Experiment

2.1. Visualization of Comparative Results

We provide the visualization results of different methods
on the LoveDA [7] dataset, including LabelFreedom [13],
Freestyle [8], FreeMask [9], and EarthSynth [5], all of
which are based on ControlNet [12]. As shown in Figure 1,
the ControlNet architecture achieves stronger edge control
because the feature outputs from its semantic mask control
flow are directly added into the intermediate layers of the
image diffusion branch via skip connections. This localized
injection mechanism provides tight spatial conditioning.

In contrast, the MMDIT architecture processes the con-

catenated features of text and the semantic mask through
a global Transformer-based attention mechanism. This ar-
chitectural difference enables MMDIiT to model long-range
dependencies and better capture global context, thereby re-
sulting in more natural and aesthetically pleasing genera-
tion and higher semantic consistency in complex scenes. By
optimizing the vector field’s direction in the pixel-level la-
tent space, CRFM significantly enhances the precision of
edge control, thereby complementing the shortcomings of
MMDIT in this regard.

2.2. Sensitivity Analysis of CRFM on Pre-Trained
Semantic Segmentation Models

For the semantic segmentation model, we employ PSP-
Net [14]. This choice is supported by the comparative anal-
ysis in TISynth [2], which evaluates architectures including
PSPNet, Segmenter [6], and Mask2Former [1]. Their find-
ings indicates that CNN-based architectures demonstrate a
superior performance advantage over transformer-based ar-



Table 1. The performance of downstream tasks with varying pre-trained semantic segmentation models on CRFM.

Method \ Seg. Model-1 Seg. Model-2 Seg. Model-3
| OA mloU mAcc OA mloU mAcc OA mloU mAce
Pre-trained Seg. model (baseline) \ 7427 4527 5644 69.11 4076 5298 67.98 30.12 4048
Downstream task(step=18, CRFM=2) | 75.86 4799 5946 75.11 47.30 59.89 75.07 4635 58.64
Downstream task(step=18, CRFM=4) | 76.24 4893 60.54 7546 4835 60.82 7547 47.65 60.19
Downstream task(step=18, CRFM=6) | 76.02 49.57 62.19 75.66 48.92 61.14 7558 48.44 60.67
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Figure 2. Visualization results of pre-synth images with different CRFM steps on the FUSU.
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Figure 3. Visual comparison of generated samples with varying CRFM steps.

chitectures for small datasets like FUSU-4k [11].

Because CRFM relies on the semantic segmentation
model to compute the semantic loss between its prediction
and the ground truth mask, the quality of the pre-trained
model may directly affects CRFM performance. To varify
the sensitivity of CRFM on pre-trained semantic segmen-
tation models, we design three segmentation models with

different accuracies: Seg. Model-1 is trained on the full
FUSU-4k dataset. Seg. Model-2 is trained on a 2k subset
and Seg. Model-3 is trained on a 1k subset.

As shown in Table 1, we first report the performance
of the pre-trained semantic segmentation models. Using
these models as the evaluation modules within CRFM, we
compare CRFM under different number of adjustment steps



Table 2. The improvement of Control-Rectify Flow Matching on rare categories.

Method Orchard Pub. Mngmt. Storage
IoU Acc IoU Acc IoU Acc
Baseline [14] 30.01 40.65 39.36 48.60 32.72 39.33
FreeMask [9] 37.71 42.90 41.62 54.50 32.60 43.95
SD v3.5 [3] 37.73 45.26 41.58 54.45 33.86 49.54
Ours 41.88 55.37 42.79 58.00 40.10 56.91

(i.e.,2, 4 and 6), while fixing the sampling step at 18. When
utilizing lower-performing pre-trained models, the effec-
tiveness of CRFM is slightly reduced. However, as the
number of adjustment steps increases, the final performance
consistently surpasses the baseline. This indicates that al-
though the pre-trained semantic segmentation models vary
in accuracy, they all possess a certain level of semantic dis-
crimination capability. Such information is sufficiently reli-
able to guide and correct the sampling trajectory during the
early sampling stage. Therefore, although CRFM is some-
what sensitive to the performance of the pre-trained seg-
mentation model, this influence is limited because CRFM
operates only in the early sampling stage. Consequently, it
consistently delivers improvements over the baseline.

2.3. Performance Gains on Rare-Classes

To evaluate the robustness of CRFM, we analyse exper-
iments on three rare classes: Orchard, Public Manage-
ment (Pub. Mngmt.), and Storage. As shown in Table 2,
our method achieves substantial performance leaps, con-
sistently outperforming state-of-the-art baselines like SD
v3.5 [3] and FreeMask [9]. Notably, in the Storage domain,
CRFM improves IoU from 33.86% to 40.10% and signifi-
cantly boosts Accuracy (Acc) from 49.54% to 56.91%.

These gains provide strong empirical evidence for our
CRFM mechanism. In data-scarce scenarios, the vanilla
vector field vy or noise €y often provides biased or blurry
guidance due to the scarcity of samples. By introducing the
rectification term g = V,, Lcond, CRFM actively steers the
flow trajectories v* toward the precise semantic manifold.
The marked improvement in Acc—reaching 58.00% in Pub.
Mngmt.—underscores that our CRFM effectively restores
category boundaries and high-frequency details that are typ-
ically lost in standard flow-matching trajectories and noise-
based diffusion processes.

2.4. Analysis of Sampling with CRFM

To better understand the effect of CRFM on the flow tra-
jectory, we visualize the pre-synth images generated by the
CRFM algorithm during sampling, with the total sampling
steps set to 18 and the number of CRFM adjustments set
to 4. As shown in Figure 2, the generated pre-synth images
increasingly align with the semantic structure of the ground-

truth masks as the CRFM adjustments proceed. This indi-
cates that CRFM is capable of adjusting the flow trajectory
of the noise toward p(z4qta|C™), a conclusion further sup-
ported by the comparison between generated images with
and without CRFM.

However, we observe that setting the number of CRFM
adjustments excessively high—typically exceeding 50% of
the total sampling steps leads to mode collapse. This
phenomenon occurs because the generated images over-
optimize to satisfy the pre-trained segmentation model’s
perception, thereby resulting in a noticeable degradation of
human-perceived visual quality. Figure 3 presents the vi-
sualization results for a total of 18 sampling steps, while
varying the CRFM adjustment count from 0 to 18. A
slight mode collapse appears at CRFM = 8, becomes se-
vere at CRFM = 12, and when the CRFM frequency ap-
proaches the full sampling length, the outputs degenerate
into adversarial-like samples that completely lose visual
quality.
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