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A. Language-Prompt Generation Details
For language-prompt generation, we follow LawDIS [8]
while further simplifying and enhancing their pipeline.
Fig. S.2 illustrates the overall process. Specifically, we
use the multi-modal language model GPT-4V [1] to gen-
erate two prompt types from the blacked-out background: a
relatively detailed prompt (Prompt1) and a shorter prompt
(Prompt2). We then employ GPT-4o-mini [4] to produce
two additional paraphrased variants of the detailed prompt,
denoted as Prompt3 and Prompt4. During training, we uni-
formly sample one of these four prompts to increase linguis-
tic diversity. For quantitative comparisons at test time, we
always use Prompt1 to ensure determinism. Through man-
ual inspection, we found that our language-prompt gener-
ation method achieves better alignment between the fore-
ground and the corresponding language description. There-
fore, in all quantitative comparisons with LawDIS, we used
our prompts to ensure a fair evaluation.

B. Ablation for zI Conditioning
We condition the velocity prediction model by concatenat-
ing zI to its input, enabling access to the input image at in-
termediate denoising steps. This design improves fine seg-
mentation details during multi-step inference. To validate
its effect, we perform an ablation study on DIS-TE (1–4)
with 2-step inference. As shown in Tab. S.1, this condition-
ing consistently improves all evaluation metrics.

Method Fω
β ↑ Fmx

β ↑ M ↓ Sα ↑ Emn
ϕ ↑

Ours w/o additional zI condition 0.933 0.954 0.017 0.948 0.972
Ours (i.e. w/ zI channel-wise concat) 0.938 0.959 0.016 0.951 0.973

Table S.1. Ablation for zI conditioning on DIS-TE (1-4).

C. Further Ablation on PAIP
To further evaluate the effect of PAIP, we build a test set
from the COCO [2] validation set, excluding stuff cate-
gories. We convert the instance annotations into semantic
masks, resulting in 4,952 images with 14,246 binary masks,

each corresponding to a semantic class. For each mask,
we generate a text prompt using the pipeline described in
Sec. A. The ablation results on this dataset are shown in
Tab. S.2. As shown in the table, PAIP consistently improves
all metrics, indicating better language controllability.

Method Fω
β ↑ Fmx

β ↑ M ↓ Sα ↑ Emn
ϕ ↑

FlowDIS w/o PAIP 0.327 0.351 0.191 0.561 0.542
FlowDIS w/ PAIP 0.511 0.545 0.075 0.700 0.719

Table S.2. Zero-shot ablation of PAIP on COCO-Object.

These quantitative improvements are also reflected in the
qualitative examples shown in Fig. S.3. While FlowDIS
without PAIP can struggle to follow the text prompt, the
version with PAIP produces masks that better match the text
description.

D. Comparison with Open-Vocabulary Seman-
tic Segmentation Methods

Using the test set constructed in Sec. C, we compare
FlowDIS with several state-of-the-art open-vocabulary se-
mantic segmentation methods. In the zero-shot setting,
FlowDIS achieves the best performance among the com-
pared methods (see Tab. S.3).

Method FlowDIS (Ours) RF-CLIP [5] SCLIP [7] FreeCP [3]
mIoU ↑ 47.7% 31.8% 28.3% 21.6%

Table S.3. Comparison with open-vocabulary semantic segmenta-
tion methods.

E. More Qualitative Comparisons
For a more comprehensive qualitative comparison, we com-
pare our single-step results with other state-of-the-art meth-
ods on additional samples from the DIS5K test sets: DIS-
TE1 (see Fig. S.4), DIS-TE2 (see Fig. S.5), DIS-TE3
(see Fig. S.6), DIS-TE4 (see Fig. S.7), and DIS-VD (see
Fig. S.8). All results are generated with 1-step inference at
1024× 1024 px resolution for a fair comparison.



Fig. S.9 shows additional samples demonstrating the lan-
guage controllability of FlowDIS compared with the state-
of-the-art method LawDIS [8].

F. Resolution Scaling

Inference res. Fω
β ↑ Fmx

β ↑ M ↓ Sα ↑ Emn
ϕ ↑

1024 × 1024 px 0.919 0.946 0.024 0.939 0.964
1280 × 1280 px 0.925 0.952 0.023 0.944 0.965
1536 × 1536 px 0.928 0.953 0.022 0.945 0.966
1792 × 1792 px 0.931 0.955 0.022 0.946 0.966
2048 × 2048 px 0.932 0.956 0.021 0.947 0.967

Table S.4. Performance metrics of FlowDIS at different input res-
olutions on DIS-TE4.

We increase the inference resolution of FlowDIS beyond
1024 × 1024 px on DIS-TE4, the most challenging sub-
set of DIS5K [6], which contains numerous objects with
highly detailed structures. As shown in Tab. S.4, although
FlowDIS was trained only at 1024 × 1024 px, its per-
formance improves consistently with higher-resolution in-
ference. Fig. S.1 shows qualitative results obtained with
2048× 2048 px inference on samples with very high levels
of detail.
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Figure S.1. FlowDIS results at 2048× 2048 px resolution on highly detailed samples from DIS-TE4.



GPT-4V

GPT-4V

GPT-4o-mini

Describe all visible objects in the image, excluding the black background. Keep the description concise, within 75 characters.
If the objects are too complex or too numerous for one phrase, use two short sentences, but ensure the total length stays within
75 characters. For example: 'a red floral sculpture with green grass' or 'A white truck with aluminum ramps extending outward
in a V-shape'.

Generate a comma separated list of main objects in this image. Keep the description short. For example: 'red chair, wooden
table', 'white car', 'tree', 'laptop, headphones', etc. Ignore the black background.

You are provided with a prompt: ‘[ ]’. Please perform the following tasks:
1. Generate a synonymous prompt based on the given one as .
2. Simplify the given prompt while retaining all nouns, and generate it as .

Choose one randomly
during training with
equal probabilities.

Figure S.2. Illustration of our language-prompt generation pipeline. GPT-4V generates two prompts from the blacked-out background:
a detailed prompt (Prompt1) and a shorter prompt (Prompt2). GPT-4o-mini then produces two paraphrased variants of the detailed prompt
(Prompt3 and Prompt4). During training, one of the four prompts is uniformly sampled; at test time, Prompt1 is used for determinism.

A person in dark clothing standing
with arms slightly extended forward.

A person in dark clothing standing
with arms slightly extended forward.

A thin, white surfboard with a
subtle upward curve on one end.

A thin, white surfboard with a
subtle upward curve on one end.

A white and brown tabby cat, shown
from the side, looking downward.

A laptop displaying the Twitter login
page. Keyboard and screen are visible.

A white and brown tabby cat, shown
from the side, looking downward.

A laptop displaying the Twitter login
page. Keyboard and screen are visible.

Two Dragon Stout bottles and one
Guinness Foreign Extra bottle. Two ripe bananas with brown spots.

Two Dragon Stout bottles and one
Guinness Foreign Extra bottle. Two ripe bananas with brown spots.

with PAIP without PAIPImage

Figure S.3. Qualitative ablation study of PAIP on samples from the COCO dataset.



Input Ground Truth Ours (1-step) LawDIS DiffDIS GenPercept PDFNet MVANet

Figure S.4. Qualitative comparison with state-of-the-art DIS methods on DIS-TE1. Please zoom in to compare finer details.



Input Ground Truth Ours (1-step) LawDIS DiffDIS GenPercept PDFNet MVANet

Figure S.5. Qualitative comparison with state-of-the-art DIS methods on DIS-TE2. Please zoom in to compare finer details.



Input Ground Truth Ours (1-step) LawDIS DiffDIS GenPercept PDFNet MVANet

Figure S.6. Qualitative comparison with state-of-the-art DIS methods on DIS-TE3. Please zoom in to compare finer details.



Input Ground Truth Ours (1-step) LawDIS DiffDIS GenPercept PDFNet MVANet

Figure S.7. Qualitative comparison with state-of-the-art DIS methods on DIS-TE4. Please zoom in to compare finer details.



Input Ground Truth Ours (1-step) LawDIS DiffDIS GenPercept PDFNet MVANet

Figure S.8. Qualitative comparison with state-of-the-art DIS methods on DIS-VD. Please zoom in to compare finer details.



Red pens. A white cup. Green bottle.

A lamp. Blue chair.

A shiny wooden desk with
a lamp, a laptop, a white

box and a blue chair.

A vaccuum cleaner. Brownish objects. A chair.

A boy with t-shirt and
black shorts. Bicycle stand.

A boy in black shorts
leaning on the bicycle stand.

Two cups. Two armchairs. Table.

A person holding
yellow tapeline. A person. A ladder.

A metallic dragon
sculpture within stones. A girl with flip-flops. Stones.

Steering wheel. Brown car seats. Leg.

Bicycle stand. Red truck. Yellow car.

A lamp. Blue chair.

A shiny wooden desk with
a lamp, a laptop, a white

box and a blue chair.

Red pens. A white cup. Green bottle.

A vaccuum cleaner. Brownish objects. A chair.

A boy with t-shirt and
black shorts. Bicycle stand.

A boy in black shorts
leaning on the bicycle stand.

Two cups. Two armchairs. Table.

A person holding
yellow tapeline. A person. A ladder.

A metallic dragon
sculpture within stones. A girl with flip-flops. Stones.

Bicycle stand. Red truck. Yellow car.

FlowDIS (ours) LawDISImage

Steering wheel. Brown car seats. Leg.

Figure S.9. Comparison of language controllability between our FlowDIS and LawDIS [8]. Each output is generated using the correspond-
ing text prompt shown above.
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