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1 The Error Accumulation in Multi-step Approaches

Our multi-step approach is designed as a refinement process from coarse to
fine to address error accumulation. The Fig. 1 illustrates this process using real
examples. First, we use visual-text correlation in cross-attention to locate text-
related instances. Next, self-attention is employed to obtain a more accurate
mask through its self-correlation. Finally, SAM is used to refine the results.
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Fig. 1: An example demonstrates how our model mitigated the issue of error accumu-
lation in this multi-step approach.
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2 The Working Principles of SMR

To enhance clarity regarding the working principles underlying the SAM-based
Mask Refinement (SMR) strategy introduced in our work, we provide a compre-
hensive explanation, as depicted in Fig. 2. Specifically, we select an example to
elucidate how SMR refines the coarse mask to a better refined one. SMR utilizes
multi-scale features obtained from the SAM automatic pipeline, systematically
selects partial segments with matching scores exceeding a certain threshold, and
merges them together to form the final result. Due to the under-segmentation
and over-segmentation issues present in the coarse segmentation results, we pro-
pose two matching score calculation formulas, both s¥ and s& compute the inter-
section of the prediction and each SAM candidate mask. When the area of the
predicted foreground is smaller than the area of the candidate mask, by retaining
candidates with a score greater than s¥, we can correct under-segmentation in
predictions. Similarly, we need s5 to tackle the case that the area of prediction is
larger than the proposal mask. As shown in Fig. 2, for this teddy bear toy exam-
ple, the prediction mask suffers from under-segmentation. Our matching scheme
effectively matches and combines SAM’s candidate masks to form a complete
mask.
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Fig. 2: An example illustrating the working principle of the SAM-based Mask Refine-
ment (SMR) strategy.

3 Visualization Showcasing SMR Addresses
Under-segmentation and Over-segmentation Issues

After introducing the principles of SMR, we showcase an example to illustrate
how our SMR module effectively addresses both under-segmentation and over-
segmentation issues, as is shown in Fig. 3. In this example, the prediction of
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Table 1: Ablation of different thresholds which convert a probability to a binary mask.
We conduct this ablation study on the output of the LSP module.

Segmentation Average Recall(%) 1
Overall Singular Plural Thing Stuff

0.2 32.96 33.55 27.63 28.31 39.41
0.3 | 33.54 34.05 28.93 29.79 38.74
0.4 32.14 32.56 28.36  29.53 35.77
0.5| 28.20 28.52 25.28 27.09 29.74

the sky exhibits under-segmentation, with some pixels mismatched. Conversely,
the man displays over-segmentation at the edge. Surprisingly, our designed SMR
module effectively addresses both of these issues.

"This image consists of a man wearing yellow dress and ski-boards to his legs. And he is also wearing a white
helmet. He is in the air. In the background, there is H

Input Image Coarse Mask Refined Mask GT Mask

Over-segmentation
Fig. 3: Visualization showcasing how the SMR module effectively addresses both
under-segmentation and over-segmentation issues.

4 Ablation of Binarization Threshold

Our zero-shot framework is based on cross-attention and self-attention maps,
resulting in a probability distribution where each value on the maps represents
a probability between 0 and 1. We need to undergo binarization to convert it
into a binary mask, with values of either 0 or 1. We conduct experiments about
the binarization threshold « in Tab. 1. We investigate it by using the output
of the Locate-to-Segment Processor (LSP) module and observe the impact of
different thresholds on overall Average Recall. The results indicate that setting
the threshold « to 0.3 achieves optimal performance, with an overall average
recall rate reaching 33.54%, while the performance at other threshold settings
is relatively lower. This suggests that choosing an appropriate threshold « is a
critical strategy in binarization threshold settings.



4 D. Yang et al.

5 The Visualization of Effectiveness for Each Module

We visualize the intermediate and final results of our proposed framework, as
illustrated in Fig. 4. It can be observed that the results obtained solely from
the cross-attention map are relatively coarse. However, the LSP, which selects
anchor points from the cross-attention map and then aggregates self-attention
map, further refines the masks. Ultimately, with the enhancement from SMR,
the results are comparable to the ground-truth.

"

" This bird is flying. It has wings. Sky is in blue color.

Input img +Cross +LSP +SMR Ground Truth

Fig. 4: The visualization of effectiveness for each module. Notably, each module is
experimented based on the output of the preceding module.

6 More Comparative Visualizations of Our Method

As Fig. 5 shows, we present more comparative visualizations of our proposed
method with ground-truth. It can be observed that our zero-shot approach based
on the diffusion model achieves promising results.
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This image consists of buses. In the front, there is a bus in
green and white color. At the bottom, there is road. At the
top, there are clouds in the sky. To the right, there is a
vehicle in red color."

"In this image we can see a sun bear on wooden log has
opened its mouth and keep its tongue out."
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Fig.5: More visualization results of our proposed DiffPNG*  compared with the

ground-truth.
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