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Supplementary Material

A. Definition of Supervision Loss
In the Section ‘Methodology’ (Sec. 3.3) of the manuscript,
we denote the supervision loss function as Ltyp (typ ∈
[mask, box, scribble, point]), which is customized for each
label type, and it is used to calculate the optimization loss of
the mean teacher-based semantic segmentation model (Seg-
model) and define a verifiable reward, that is, the supervi-
sion reward rγ . Let the prediction mask of the model be
indicated as M ∈ [0, 1]C×H×W , where the values are dis-
tributed between 0 and 1, and C, H and W represent the
number of categories, mask height, and mask width, respec-
tively. Here, we will elaborate on the specific form of Ltyp
when dealing with various types of labeled data:
• Mask-labeled Data: We directly utilize the Dice loss

to Cross-entropy loss to calculate the loss between the
model’s predicted mask and ground-truch (GT) mask
Mmask:

Lmask = Dice(M,Mmask) + CE(M,Mmask), (1)

where Dice(·, ·) and CE(·, ·) indicates the Dice loss func-
tion, and cross-entropy loss function, respectively.

• Box-labeled Data: We employ projection loss [9] on
box-labeled data. Specifically, the GT bounding boxes
are provided as coordinates, indicating the top-left and
bottom-right corners of each box. Firstly, we transform
the GT coordinates into a binary GT mask Mbox ∈
{0, 1}C×H×W by assigning 1 to the pixels within the
boxes and 0 outside them. Next, we apply 1D max-
poling on both M and Mbox horizontally and vertically,
yielding four projection maps, i.e., o,∈ [0, 1]C×H×1,
v ∈ [0, 1]C×1×W , and obox ∈ [0, 1]C×H×1, vbox ∈
[0, 1]C×1×W , which align with the image width and
height, respectively:

o[c, i, 0] = max(M[c, i, :]),

v[c, 0, j] = max(M[c, :, j]),

obox[c, i, 0] = max(Mbox[c, i, :]),

vbox[c, 0, j] = max(Mbox[c, :, j]),

(2)

where M[c, i, :] denotes the i-th row of the c-th category
and M[c, :, j] denotes the j-th column of the c-th category
in the the predicted mask M, and similarly for Mbox.
Finally, we compute the Dice loss between the corre-
sponding projection vectors:

Lbox = Dice(o,obox) + Dice(v,vbox), (3)

where Dice(·, ·) indicates the Dice loss function.

Figure A. Ablation on three hyperparameters: T , N , and d̂.
The solid yellow curve indicates performance (mIoU) on VOC
val, while the dashed blue curve indicates performance (Sm) on
COD10K (COD).

• Scribble-labeled Data: We employ partial cross-entropy
(pCE) loss [6, 11] on the scribble-labeled data. Specif-
ically, we denote Mscribble = {0, 1,−1}C×H×W as the
scribble label, where 1 represents the labeled foreground
pixel, 0 denotes the labeled background pixel and −1 in-
dicates the unlabeled pixel. The partial cross-entropy loss
is defined as follows:

Lscribble =

−
C∑

c=0

∑
Mscribble[i,j]̸=−1

(
Mscribble[c, i, j] logM[c, i, j]

+ (1−Mscribble[c, i, j]) log(1−M[c, i, j])
)
.

(4)

• Point-labeled Data: Similar to scribble-labeled data, we
adopt partial cross-entropy loss on point-labeled data.
Specifically, we denote Mpoint = {0, 1,−1}C×H×W as
the point label, where 1 represents the labeled foreground
pixel, 0 denotes the labeled background pixel and −1 in-
dicates the unlabeled pixel. The partial cross-entropy loss
is defined as follows:

Lpoint =

−
C∑

c=0

∑
Mpoint[c,i,j]̸=−1

(
Mpoint[c, i, j] logM[c, i, j]

+ (1−Mpoint[c, i, j]) log(1−M[c, i, j])
)
.

(5)

• Class-labeled and Unlabeled Data: We do not employ
Ltyp on class-labeled and unlabeled data.

B. Hyperparameters Configuration.
Figure A presents the results under different hyperparame-
ter settings, including the length of a reference set T , the
number of reference sets N , and the projection dimension
of the semantic adapter d̂. As can be seen, SAMIX using



Modules Iteration Time (ms/iter) GPU Memory (GB)
WISH:
Mask2Former 310 14.1
+ SAM (ViT-L) 517 (+207) 36.8 (+22.7)
SAMIX (Ours):
Mask2Former 310 14.1
+ SAM2 (Hiera-S) 407 (+97) 24.5 (+10.4)
+ Semantic Adapter 416 (+9) 25.6 (+1.1)
+ SPNet (GRPO) 474 (+58) 31.9 (+6.3)

Table A. Comparison of iteration time and GPU memory con-
sumption for different model configurations. Experiments were
conducted on 4 NVIDIA RTX 4090 GPUs, each with 48 GB mem-
ory (custom-modified from the standard 24 GB), and a per-GPU
batch size of 4.

Figure B. The quality of pseudo-labels on PASCAL VOC 2012
train across different annotation types. Compared to vanilla
SAM2, our SAMIX consistently achieves improved label quality
across all annotation types.

T = 4, N = 4, and d̂ = 384 shows the best performance,
respectively, and we adopt this configuration as the default
setting of SAMIX.

C. Efficiency Analysis
In Table A, we compare the training cost of our SAMIX
with a recent mix-supervised SOTA method WISH [5].
WISH employs SAM [4] with a ViT-L [2] backbone, and
our SAMIX utilizes SAM2 [7] with a Hiera-S [8] backbone.
Due to the lightweight design of the semantic adapter, as
well as the compact feature input and the small number of
output tokens (fixed 4 output tokens per group) in SPNet,
our SAMIX achieves lower iteration time and GPU mem-
ory usage compared to WISH.

D. Analysis of Collaborative Learning across
Heterogeneous Data

In Figure B, we demonstrate the quality of pseudo-labels
generated by our SAMIX and vanilla SAM2 on train data
(PASCAL VOC 2012 train) with different annotation types.

Building upon SAM2, SAMIX extends an augmented dense
contextual prompting mechanism that enables information
interaction across data samples with different annotation
types. Benefiting from the proposed Selecting Policy Net-
work (SPNet) and Hierarchical Guidance Principle (HGP),
SAMIX leverages high-quality pseudo-labels derived from
strongly labeled samples to optimize the pseudo-labels of
weakly annotated ones. As illustrated in Figure B, the
quality of pseudo-labels across all annotation types is con-
sistently improved, demonstrating that SAMIX effectively
achieves collaborative learning cross-sample. Moreover,
whereas vanilla SAM2 relies solely on visual prompts (box
and point) and therefore cannot directly generate pseudo-
labels for class-labeled or unlabeled data, SAMIX over-
comes this limitation and further attains higher pseudo-label
quality than SAM2 even on scribble-labeled data (82.9 vs.
78.8, 80.3 vs. 78.8).

E. Visualization Results on COD and IPS
Datasets

In Table 1 of the manuscript, we conducted a quantita-
tive comparison of our SAMIX with four mix-supervised
state-of-the-arts (SOTAs), including MixSegNet [10], Mix-
Polyp [3], SAM-COD [1], and WISH [5] on two specific
scenarios with ambiguous boundaries, Camouflaged Ob-
ject Detection (COD) and Image Polyp Segmentation (IPS)
datasets. Additionally, to more clearly illustrate the char-
acteristics of these two datasets and the performance differ-
ences among all comparison methods, we visualize the re-
sults of all methods on the COD and IPS datasets. Note that
since the quantitative results in Table 1 of the manuscript
show that all methods perform optimally in the unified data
setting, that is, using all types of labeled data. To main-
tain fairness, the visualized results provided correspond to
those obtained by training all methods under the same data
setting.

The visualization results of all methods are presented
in Figure C. From it, we can see that our SAMIX can
product predicted masks that are closest to the GT mask
for objects with blurred boundaries, such as polyps and
camouflaged objects. This is mainly due to the fact that
SAMIX can utilize dense contextual prompts provided by
higher-quality pseudo-labels with precise boundaries during
training, thereby promoting the entire training framework.
The superior performance on these two challenging specific
datasets also validates the scenario generalization capabil-
ity of our method, demonstrating its effectiveness even in
scenarios rarely encountered during training of visual foun-
dation models (e.g., SAM and SAM2)



Figure C. visualization results of different mix-supervised segmentation methods on image polyp segmentation benchmark (upper) and
camouflaged object segmentation benchmark (lower).
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