Supplementary Material of Point-supervised
Panoptic Segmentation via Estimating Pseudo
Labels from Learnable Distance

Jing Li’»239®, Junsong Fan* ©, and Zhaoxiang Zhang!:?:3:4-?
L University of Chinese Academy of Sciences (UCAS), Beijing, China
2 New Laboratory of Pattern Recognition (NLPR), Beijing, China
3 Institute of Automation, Chinese Academy of Sciences (CASIA), Beijing, China
4 Centre for Artificial Intelligence and Robotics, HKISI CAS, HongKong, China
5 State Key Laboratory of Multimodal Artificial Intelligence Systems, Beijing, China
{1ijing2018, junsong.fan, zhaoxiang.zhang}@ia.ac.cn

A Supplementary material of Sec. 3.3

A.1 Further Explanation of £! Lfml, and Elself

partial?

As mentioned in “Decoder Layer” of Sec. 3.3 in our manuscript, the distance
branch is supervised by partial cross-entropy loss ﬁéama“ color-prior loss ﬁlcol,
and self-training loss Eiel ;- Here we offer further explanations of these three
losses as follows:

Partial cross-entropy loss: 'C]loartml supervises the distance result (proba-
bility map) at labeled pixels, we should note that each point label is expanded
to a 17 x 17 square region during the training process (as mentioned in Sec.
4.2), thus the 17 x 17 square patches around each point label are supervised by
Eﬁmﬁml, which makes the distance branch learn to predict right results at these
patches.

Color-prior loss: £!

col

. _1||TLABy;1 _ TLABJ,
Ay = LA 1) > "

otherwise

first computes the affinity label A; ; as follows:

where I4B is the LAB color format of input image I, || - || is the I norm
function, the threshold 7 is set as 0.3. According to Eq. (A)), if two pixels ¢ and
Jj are similar in LAB space, A; ; = 1, otherwise, A; ; = 0. After computing A; ;,
we supervise the probability map with Eq. (9) in our manuscript, Eq. (9) is as
follows:

HW
1 . .
Ly = ~ el D> Aijlog(M'[i]" M'[5)), (B)
i=1 jeN;

where Z¢! = Zfivlv > jen; Aij is the normalizing factor, N; denotes neighbor-

ing pixels of pixel i, M'[i] and M![j] are two probability vectors of size N x 1,
their [; norm is 1, (M'[i)TM"[j]) is the inner product of M'[i] and M'[j], which
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depicts the similarity between M![i] and M![j]. When A; ; = 1, LL ; requires
(M'[i)T M'[4]) to be as large as possible, which requires M'[i] and M'[j] to pre-
dict similar results, when A; ; = 0, (M'[i]T M'[4]) is not supervised.

In general, Elwl requires the distance branch to predict similar results for
neighboring pixels with similar LAB values, through the constraint between
neighboring pixels, the ground truth supervision for labeled pixels can be prop-
agated to unlabeled pixels.

Self-training loss: £,
label M’ from the last decoder layer in a self-training manner. As mentioned
in Sec. 3.3, pseudo labels are improved iteratively, M% is more accurate than
pseudo labels {M'} ' from earlier layers, thus M* can improve {M'}!

through {ﬁl,self}lL;ll. For the last probability map M*, £E 7 is as follows:

sel

7 supervises the probability map M with the pseudo

| HW L HY
L= T Z CE(M"[i], M"[i]) = “Tw Z log My lil,  (C)
i=1 =1

where 14 is the pixel index, M/%AL[i] [i] is the ME[i]-th channel of ML]i], ﬁsLezf
requires this channel to be larger (more confident). Since most pixel labels in M%
are right, £L 7 requires the right channels of most pixels to be more confident
and reduces the uncertainty of M’ in this way, M’ is improved by Lfel Iz

Finally, supervising the distance branch with M’ can also be seen as a prop-
agation of ground truth supervision at labeled pixels. Specifically, the distance
branch can learn to predict right results at labeled pixels under the supervision
of E;amdl, then this branch can predict right results at most unlabeled pixels
thanks to its generalization ability on unlabeled pixels, thus the pseudo label
MY based on the prediction of the distance branch offers right labels for most
unlabeled pixels. By supervising the distance branch with M%, the ground truth
supervision at labeled pixels is propagated to unlabeled pixels implicitly.

A.2 Detailed Description of the Decoder Layer

Our distance branch contains L decoder layers with the same architecture, the
I-th layer predicts the probability map M' to estimate the distance map X'
and pseudo label M! as described in “Distance Map Prediction” of Sec. 3.3.
Following [5], we predict M! based on the cross-attention between anchor queries
le and multi-scale pixel features F'!', F2, 3. As shown in Fig. we flatten F! €
RO>xHixWi g2 ¢ RP2xW2 p3 ¢ RPXHsxWs jngg 1D features and concatenate
them to get F' € RLXP | [ = H\ W, + HyWo+ H3Ws. Then we compute the cross
attention map A’ € [0, 1]NXNh L hetween Q! € RV*P and F, where N is the
attention head number. A’ is the output of the MHCA layer, it is split into
3 parts along the last dimension (L — [H1 W1, HyWs, H3Ws]), these 3 parts are
reshaped into 2D maps Al € [0, 1JNXN" xHixWi gL ¢ [0, 1N *N"xH2xWa Al e

[0, 1]NXNh *HyxWs AL AL AL are processed by a convolution layer (channel size
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N" is not changed), a Relu layer, and upsampled to size N x N* x H; x Wj.
Finally, we concatenate 3 upsampled results to get a N x 3N" x H; x W, feature
map and reduce its channel size from 3N” to 1 with a convolution layer to get
a N x 1 x Hy x Wy mask logit, we apply Softmax along the first dimension and
get probability map M! € RNXIXHixWi “namely M! € RVXHXWi T o word,
the output of our MHCA layer is not the result of "V" multiplied by attention
maps, but just the attention maps, thus the output size is not equal to the input
query size.

|Concatenate&Conv1><1 H Softmax |_"

, Al N M' N x Hy x W,
[ up1x | [ up2x | [(upax | probability map
[ Relu | [ Rew | [ Reu | AL N XNPXH, X W,
[ convix1| | convix1]| [convixt] AL : N X Nbx H, X W,
Ai* Alz* AH AL : N XND X Hy x W,
Split & Reshape | L= HW, + HyW, + HyW,

Aal vxntxr
| Multi-Head Cross-Attention |
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Hy x W, F? N F3 enhanced query
DH, x W, D x Hyx Wy

Fig. A: The l-th decoder layer of the distance branch.

B Supplementary material of Sec. 4.2

B.1 More Training Details

During the model training process, we upsample the probability map M* and

pseudo label M~ from size H; x W1 to size H x W, then compute losses L;amal,

Eéol, and Elsel ¢ at H x W pixels, this helps preserve the details of instances.
Besides, the learning rate of the backbone is 1.4e-5 (1/10 of the base learning
rate). To reduce the influence of noisy M’ at the first epoch, we multiply a
linear warm-up factor to losses that adopt M’ as the training label. On COCO,
the batch size is 8 and the model is trained for 12 epochs. , the learning rate is
decayed by a factor of 0.1 at the last 4 epochs. On VOC, the batch size is 4 and
the model is trained for 20 epochs. the learning rate is decayed by a factor of 0.1
at the last 5 epochs. Each point label is expanded to a 17 x 17 square region to
supply more supervision for the model. The color-prior loss indexes neighboring

pixels with a 5 x 5 kernel and its threshold 7 is 0.3.
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C Supplementary material of Sec. 4.3

C.1 Comparison of RGB Space and LAB Space in Color Prior Loss

Following previous works [2}/4,|6], we adopt LAB space in the color-prior loss
(L., Eq. (9) in our manuscript) because LAB space is closer to human percep-
tion as stated in [6]. As shown in Tab. if we apply color-prior loss in RGB
space (the image input format of deep networks), the model performance will
drop from 56.6% to 55.9% when trained with the single-point label on VOC |[1],

demonstrating the effectiveness of LAB space.

Table A: Model performance when applying the color-prior loss in different color
spaces.

Color Space PQ SQ RQ
RGB 55.9 82.0 66.9
LAB 56.6 81.4 68.1

C.2 Erosion Operation in Query Aggregating

During the query aggregating process in Sec. 3.3, we remove noisy labels at
contour regions of the pseudo label through the erosion operation, this operation
is conducted 3 times with a 3 x 3 kernel by default. Here we analyze the influence
of the kernel size and iteration number in Tab. [B] the model performs worse when
changing the default kernel size 3 x 3 or iteration number 3 to other values,
demonstrating the default erosion setting provides the best balance between
noise label removal and full instance coverage.

Table B: Ablations of pseudo label erosion in the query aggregating process.

size 3 x3 2x2 4 x4 3x3 3x3
#iter 3 3 3 2 4
PQ 56.6 54.0 52.7 55.1 54.3

C.3 Influence of Point Label Numbers

Previous methods PSPS and Point2Mask both show the results of training mod-
els with P; (one point label per instance) and Pig (ten point labels per in-
stance), thus we mainly show the results of P; and Pjg for fair comparison in
our manuscript. Here we also train models with Pa, Ps, ..., Py labels (two, threee,
..., nine point labels per instance) . As shown in Tab. [C] the model performance
improves very slowly after P; label.

Table C: Models’ performance when trained with different labels.

label P11 Ps Ps Ps Ps Ps Pr Ps Py Pio
PQ 56.6 59.8 62.1 62.3 62.6 62.9 63.6 63.7 63.9 64.0
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C.4  Analysis of Distance Map Training Strategy

As mentioned in Sec. 3.3, we get the distance map X' € [0, 1]V *H1>W1 from
the probability map M! through Eq. (6) of our manuscript, and supervise M
to train X' indirectly. Here we also train our model by directly supervising the
distance map X'. Specifically, for each pixel in X!, we require the distance to
the ground truth instance to be 0, and the distance to other instances to be 1.
Given the one-hot format P € {0, 1}V>*H#*W of point-level instance ID mask
P, we can get the distance label 1—7%!, then we can upsample X' to size H x W
and supervise X! with 1 — P as follows:

Yo L

partial _dist — W

> DIFF(X'[i],1—P"[i)), (D)
Pli]#255

where ¢ is the pixel index, 255 denotes unlabeled pixels which are ignored in
Eq. (D) , DIFF(-,) is a function that measures the difference between two vec-
tors, ZPertial i the normalizing factor, it is the number of labeled pixels. Simi-
larly, we can also supervise X' with the one-hot format M0l € {0, 1} V*H*W
of pseudo label M as follows:

HW

1
l - E lrs _ L-01
Eselfidist = HW - DIFF(X [Z], 1 M ), (E)

finally, we supervise X' through the color-prior loss by replacing M' with X'

HW
1
l UiaAT ylrs

ﬁcolidist = _ﬁ Z Z Ai,j log(X [Z] X [j]) (F)

i=1 jeN;

: l l l : l l l :

By replacmg ‘Cpartial’ ‘Ccol7 ‘Cself with ‘Cpartial_dist7 Ecol_dist’ ‘Cself_dist m
LYy cianee i Eq. (11) of our manuscript, we can supervise X! directly. For the

function DIFF(-,-), we tried MSE loss (Mean Square Error loss) and {; Norm
loss. As shown in Tab. @ training X' directly with DIFF function (/; Norm
or MSE) performs worse than training X' indirectly by supervising M' in our
default setting.

Table D: Model performance when training the distance map with different strategies.

Settings PQ SQ RQ
indirectly default 56.6 81.4 68.1
l1 Norm 53.1 81.0 64.2
MSE 54.7 81.3 65.9

directly

C.5 Influence of Layer Numbers

In “Influence of Layer Numbers” of Sec. 4.3, we analyze the influence of decoder
layer numbers of our distance branch. As shown in Tab. 5 of our manuscript, the
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model performance increases rapidly when the number of layers increases from
1 to 3, then further increases a little when the layer number increases from 3 to
6. Here we also show some estimated pseudo labels of models with 1, 2, 3, and
6 decoder layers in Fig. When the distance branch adopts 1 decoder layer,
the pseudo label is estimated from the initial anchor query, which is usually
biased to local instance parts, thus the estimated pseudo label is incomplete
for most instances (row L1 of Fig. . Adopting 2 decoder layers and estimating
pseudo labels from anchor queries aggregated according to previous pseudo labels
improves the result in some cases (row L2 of Fig. , further adding 1 decoder
layer produces satisfactory results in most cases (row L3 of Fig. , and adopting
6 decoder layers produces proper labels in almost all cases (row L6 of Fig. . The
above results demonstrate that adopting multiple decoder layers and aggregating
new queries with pseudo labels iteratively benefits pseudo label estimation.

(a)

Fig. B: Pseudo labels of models with different decoder layer numbers in the distance
branch. “1, 2, 3, 6” denote the model adopts 1, 2, 3, 6 decoder layers, respectively. “gt”
denotes the ground truth mask. All models adopt the resnet50 backbone and are
trained with P; labels.

C.6 Analysis of Decoder Layer Architecture

“layer B” in Fig. |C|shows the decoder layer of our distance branch (the detailed
description of the decoder layer is in Sec. 3.3 of our manuscript), the pseudo label
MU is estimated based on the cross-attention maps {A}2_, | the new query Q'+
is aggregated using the pseudo label and further enhanced through the query
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enhancing process, the feed-forward layer is not adopted in our decoder layer.
Fig. [C| also shows another layer architecture “layer A” adopted in [5], “layer A”
generates new queries by aggregating features through the cross-attention layer
and processing the aggregated result with the feed-forward layer, the new queries
are further enhanced through the query enhancing process.

Here we also train our model by adopting “layer A” in the distance branch.
As shown in Tab. [E] the model performs worse when adopting “layer A”, this is
because “layer A” aggregates features based on the cross-attention maps in the
cross-attention layer, thus may aggregate noisy features from different instances
for one anchor query which aims to represent one instance, our architecture “layer
B” aggregates features at the target instance region depicted by the pseudo label,
our anchor query contains much less noisy features.

Table E: Model performance when adopting different decoder layer architectures.

Layer arch PQ SQ RQ

layer A 414 77.5 51.4
layer B 56.6 81.4 68.1
new query @1 N x D new query i+l y x p

pseudo label
1
M Hyx Wy 1‘ pseudo label
Feed Forward
o EET .
[ Mutt-Head Cross-Attention | [ Mult-Head Cross-Attention |
vi Kb 2 K‘ Q‘
{FY, Q'NxD FE, Q'NxD
layer A layer B

Fig. C: “layer A” predicts the new query Ql“ for the next layer by aggregating V'
features with the cross-attention layer and further processing the aggregated features
with the feed-forward layer. In “layer B”, the new query Ot is aggregated with its
predicted pseudo label M! directly, the feed-forward layer and input V are discarded.

D Supplementary material of Sec. 4.4

D.1 Pseudo Label Comparison with PSPS

In Fig. 4 of our manuscript, we compare the pseudo label of our model with
Point2Mask [4] on VOC [1] train set. Here we also compare the pseudo label of
our model with PSPS [2] and the result is shown in Fig. [D] Our pseudo labels
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are more accurate than Point2Mask and PSPS in general. Even though there are
a few errors in our results when the texture is ambiguous, our model performs
much better than PSPS and Point2Mask in these cases (column b, ¢, d, f of
Fig. @[) We should note that texture ambiguity is a challenging problem in the
segmentation field, even fully-supervised models fail in ambiguous textures. This
problem is more challenging when training labels are sparse points. We solve this
problem better than PSPS and Point2Mask thanks to our learnable distance.

sino  ysewpuiod  Sdsd  ebewn

16

Fig. D: Pseudo labels of PSPS, Point2Mask, and Ours on VOC train set, “gt” denotes
the ground truth label. Models adopt resnet50 backbone and are trained with P; labels.

D.2 Visualization on VOC and COCO

We illustrate some panoptic segmentation results on wval set of Pascal VOC and
COCO in Figs. [E] and [F] our model predicts accurate results in simple scenes
and also performs well in complex scenes with multiple small objects.

Fig. E: Illustration of panoptic segmentation results on Pascal VOC wval set, the model
adopts Swin-L backbone and is trained with P; label (one point label per instance),
“gt” denotes the ground truth label.
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Fig. F: Illustration of panoptic segmentation results on COCO wal set, the model
adopts Swin-L backbone and is trained with P; labels (one point label per instance),
“gt” denotes the ground truth label.

D.3 Comparison with Related Works in SQ and RQ

In Tab. 8 of our manuscript, we compare our method with related works in PQ,
PQt", and PQ®. Here we also compare our method with PSPS and Point2Mask
in PQ, SQ, and RQ, and the results are shown in Tab. [F] We can see that our
method also significantly outperforms PSPS and Point2Mask in SQ and RQ.

Table F: Comparison with other work. Models are evaluated on val set of MS COCO
and VOC. M, B, Z denote full mask, bounding-box, and image class label, respectively.
P1 (P1o) denotes single-point label (ten-point label).

Method Backbone Label j58) ngo RQ PQ VSOQC RQ
PSPS |2 R50 P1 29.3 73.4 38.8 49.8 784 62.0
Point2Mask R50 P1 324 75.1 41.5 53.8 80.2 654
Ours R50 P1 34.2 774 425 56.6 81.4 68.1
Point2Mask R101 P1 34.0 75.1 43,5 54.8 79.8 67.0
Ours R101 P1 35.2 784 43,5 57.8 82.0 69.2
Point2Mask Swin-L P1 37.0 758 47.2 61.0 835 716
Ours Swin-L P1 41.0 79.1 50.3 68.5 84.4 80.0
PSPS |2 R50 Pio 33.1 74.2 422 56.6 82.5 67.7
Point2Mask R50 Pio 35.2 75.7 449 59.1 82.2 70.6
Ours R50 Pio 41.3 779 51.5 64.0 85.0 74.2
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