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A. Experiment Settings
A.l. Pretraining

During pretraining, we set a minibatch for segmentation
to 32 and image-text pairs to 1024. The image resolution is
set to 1024 for segmentation and 224 for image-text data re-
spectively. We follow a similar balanced sampling strategy
in [11] to ensure the segmentation data are always observed
for a consistent number of epochs, regardless of the total
number of image-text pairs. Based on this, we pretrain all
models for 50 epochs using AdamW [7]] as the optimizer.

Also, in the main paper, all the pre-trained models are
trained with 50 epochs of COCO data and roughly 45
epochs of 10 million image-text pairs. And 32 GPUs are
used for pre-training with 40-50 training hours for Focal-
T model. The AdamW optimizer is used in pretraining
with the initial learning rate le-4. A step-wise scheduler
is used to decay the learning rate by 0.1 on the fraction
[0.88889, 0.96296] of training steps.

A.2. Finetuning

Image-Text Retrieval. For both COCO and Flickr30k
image-text retrieval, we finetune the models for 10 epochs
using AdamW as the optimizer. We set the image resolu-
tion to 384 and the batch size to 2048. The learning rates
are 3e-5 for the X-Decoder part and 3e-6 for the vision and
language backbones.

Image Captioning. Similar to image-text retrieval, we
finetune the captioning models for 10 epochs using AdamW
as the optimizer. We set the image resolution to 480 and
the batch size to 256. The learning rates are 2e-5 for the
X-Decoder part and 2e-6 for the vision and language back-
bones. We use beam search during caption generation with
the beam size set to 5. We do not use CIDEr optimization
for our captioning models.

VQA. For VQA, we add a new classification layer on
the top of the model and finetune the models for 10 epochs
using AdamW as the optimizer. We set the image resolution

to 640 and the batch size to 256. The learning rates are le-
4 for the X-Decoder part, 1e-5 for the vision and language
backbones, and 1e-3 for the VQA classification layer.

Generic Segmentation. For generic segmentation, we
finetune the pretrained checkpoint with 24 epochs with start
learning rate le-4. We decay the learning rate by factor 10
at epoch 21 and 23, respectively. The batch size of ADE20k
is 64, and 32 for COCO.

Referring Segmentation. For referring segmentation,
we also finetune the pretrained checkpoint with 24 epochs.
However, as RefCOCO has been used in pretraining, thus
the initial learning rate is le-5. It also decays twice at 21
and 23 epochs. We use a batch size of 64 during training.
Further, in addition to the normal setting that multiple back-
bone and language encoder learning rates with 0.1, here we
also multiply the transformer encoder learning rate by 0.1.

A.3. Dataset

As mentioned in the main paper, we have exclude
the validation sets of Ref-COCOg UMD [13]] and COCO
Karpathy [12] from COCO2017 [5] in our training setting.
This is because the training set of COCO2017 has high
overlap with both Ref-COCOg UMD and COCO Karpathy
as shown in Fig. E] below. In addition, we didn’t include
other validation set of referring segmentation because each
split has its own overlap with COCO2017 training set.
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Figure 1. Visualization of dataset overlap. Note that refcocog-umd does
also have overlap with refcocop-unc.



B. Open-Vocab Segmentation Benchmark

We propose an open vocabulary segmentation bench-
mark on 9 datasets with different evaluation metrics. The
goal of this benchmark is to provide a comprehensive and
standard evaluation protocol for open-vocabulary segmen-
tation on different vocabulary sizes and image domains.

Annotation Format

Dataset Scene # Images # Classes
Sem Inst Pano
ADE-150 common| v/ VvV v 2000 150
ADE-847 common| v/ X X 2000 847
Pascal Voc common| v X X 1449 20
Pascal Context-59 common| v* X X 5105 59
Pascal Context-459 common| v X X 5105 459
SUN RGB-D in-door | v X X 5050 37
ScanNet-20 in-door | v X v 5436 20
ScanNet-41 in-door | v X X 5436 41
Cityscapes driving | vV v 500  19/8/19
BDD driving | v X v 1000 19//40

Table 1. Open-Vocabulary Segmentation Benchmark Statistics.

Table [Tl shows the dataset statistics in the benchmark. It
supports all generic segmentation tasks including seman-
tic/instance/panoptic segmentation. It covers a variety of
scopes ranging from 20 to 847 classes. In addition, the
evaluation scene includes common objects, in-door scenes
as well as autonomous driving scenarios. To enable a better
understanding of the open-vocabulary ability on the train-
ing/evaluation datasets. We evaluate the coverage of train-
ing datasets captions and evaluation datasets concepts in
Fig.[6H12](we split the caption into single words and phrases
to find mappings in categories). The major results of the
open-vocabulary segmentation are evaluated in the main pa-
per.

COCO Karpathy VQAV2
Method ‘ IR@l TR@I |CIDEr  BLEU | test-dev
X-Decoder (T) | 493 667 [1223 378|706
X-Decoder-VL (T) | 44.3 150 60.3 164 | 113.2 o1 34.8 130 | 69.4 112

Table 2. Compare finetuning result between X-Decoder and X-Decoder-
VL which merely uses 4M image-text pairs for pretraining.

C. Extra Ablation Studies
C.1. Complementariness between Vision and VL

In our main paper, we observed that the vision-
language pretraining objectives including image-text con-
trastive learning and image captioning have clear benefits
to image segmentation, particularly in the zero-shot setting.
Here, we further study the role of segmentation objectives in
vision-language understanding. To investigate, we remove
the segmentation data (COCO panoptic segmentation and
referring segmentation) and only pretrain X-Decoder on the
four million image-text pairs, denoted by X-Decoder-VL.
Afterwards, we transfer the model to downstream VL tasks.
As we can see from Table 2] the performance significantly

drops across all tasks after removing the segmentation data
for pretraining. We suspect that segmentation data can help
models to learn more fine-grained visual understanding and
consequently benefit vision-language tasks. Along with our
findings in the main paper, we conclude that pixel-level seg-
mentation and vision-language learning are complemen-
tary to each other for zero-shot and task-specific transfer.

C.2. Model Architecture Inspection

In Table. |3] we report the results using three different
vision backbone architectures, including Swin [6f, Focal-
Net [10] and DaViT [3]. All models in the first block are
with tiny size and trained on the combination of image-label
and image-text pairs, following the settings in UniCL [11].
In the second block, all the models are initialized with Flo-
rence [[14] pre-trained DaVit-d5 model. Through the com-
parisons, we have the following observations: (1) FocalNet
and DaViT achieve better performance than Swin across
all metrics. Particularly, FocalNet achieves the best perfor-
mance on generic and referring segmentation, while DaViT
is better on the zero-shot vision-language evaluations; (2)
After adding the deformable attention, we can see a boost
on supervised segmentation but significant (especially large
model) degradation on the open-vocabulary segmentation
on ADE20K dataset. Based on these experimental results,
we make the design choices as mentioned in our main sub-
mission: (1) we remove deformable attention in the favor of
open-vocabulary segmentation; (2) we use FocalNet as the
tiny vision encoder and train it by ourselves using UniCL,
while using DaViT [14] as the base and large vision en-
coder.

C.3. Open-Vocabulary Generic Segmentation Set-
tings Inspection

In Tab. 4] we study the progressive enrichment of data
and training settings as well as the pre-trained model us-
age. X-Decoder-Seg is the baseline of adding a text en-
coder to Mask2Former [1] with a learnable language en-
coder. X-Decoder-Seg™ takes use of caption nouns for
Hungarian matching to enrich the vocabulary size. In
addition to the main paper, we add row 3 in Tab. [ to
demonstrate the performance of X-Decoder with only coco
image text pairs. Comparing 3rd row and 4th row, we
find adding extra image-text pairs for pretraining clearl
improve open-vocabulary segmentation performance espe-
cially when the vocabulary size is large (e.g. ADE-150,
CONTEXT-59/459). The way of pretraining vision back-
bone also matters. Comparing the last two rows side by
side, though the backbone model sizes are similar, using
ImageNet-21K for pretraining leads to inferior performance
on most of the datasets except for CONTEXT-459 which
contains most number of categories. These results demon-
strate the benefits of using more image-text pairs for pre-
training the vision backbone or our X-Decoder.



Generic Segmentation Referring Retrieval Captioning

Method Backbone  Deformable Attn. COCO ADE (open) g-Ref COCO-Karpathy | COCO-Karpathy

PQ mAP mloU PQ mAP mloU cloU IR@1 TR@1 | CIDEr BLEU
X-Decoder (T) Swin X 502 388 619 173 94 23.7 553 28.0 43.7 79.9 24.2
X-Decoder (T) Swin 4 523 427 645 170 93 22.1 59.1 28.1 43.1 87.2 26.9
X-Decoder (T) Focal X 514 405 628 188 938 25.0 59.8 30.7 48.5 79.9 24.2
X-Decoder (T) Davit X 51.0 397 624 173 94 23.6 58.4 31.4 48.8 86.8 26.0
X-Decoder (L) Davit X 569 467 677 218 131  29.6 64.2 44.7 60.3 111.0 32.6
X-Decoder (L) Davit v 574 480 69.7 191 126 26.6 65.1 46.2 61.8 108.2 30.1

Table 3. Model architecture inspection among Swin [|6], FocalNet [|[L0] and DaViT [3]]. “Deformable Attn.” means multi-scale deformable attention [|15] that
is used in Mask2Former [1]]. All numbers are reported in zero-shot manner without any task-specific finetuning, and the row colored in gray corresponds to

the architecture used the main paper.

Model COCO (p/s) TP ADE-150 VOC PC-59 PC-459 SUN SCAN-20 SCAN-41 Cityscapes BDD
m cls cap PQ mAP mloU mloU mloU mloU mloU mloU PQ mloU mloU mAP PQ mloU PQ
X-Decoder-Seg (T) v / X X |137 63 180 893 593 115 163 86 163 6.4 46.6 149 30.2 369 13.0
X-Decoder-Seg+(T) v v v X [150 7.8 213 931 617 104 287 30.7 308 17.1 482 16.7 37.1 40.0 135
X-Decoder (T) v/ / X |166 83 223 944 576 119 331 39.7 264 219 51.0 15.6 355 450 144
X-Decoder (T) v v v V |188 98 250 962 629 123 345 378 30.7 217 473 16.0 37.2 424 164
X-Decoder (L-IN2IK) v v vV [199 11.7 29.6 958 542 205 424 449 295 27.4 472 183 333 449 152
X-Decoder (L) v vV vV v (218 131 296 97.7 64.0 16.1 43.0 495 395 29.7 52.0 249 38.1 472 17.8

Table 4. More open-vocabulary segmentation results. We report the results for our X-Decoder pretrained with COCO segmentation and caption annotations
only in 3rd row. Additionally, we compare the model initialized with two different pre-trained large vision backbones, FocalNet-Large and DaViT-d5 trained
on ImageNet-21K (row 5) and hundreds of millions of image-text pairs (row 6), respectively.

D. Segmentation In the Wild Benchmark

As shown in the main submission, our X-Decoder ex-
hibits a strong generalization ability to segment images in
ten settings of seven datasets from different domains, with-
out any dataset-specific finetuning. Inspired by the object
detection in the wild setting proposed in GLIP [4]], we resort
to more domain-specific datasets on the web to further ex-
amine the generality of our model. Specifically, we down-
load 55 instance segmentation datasets from Roboflow [1]
Afterward, we clean the datasets by excluding those con-
taining visually undetectable categories (e.g. Different
species of plant) or categories labeled with other languages.
In the end, we compile 25 datasets that are suitable for eval-
uation into segmentation in the wild (SegInW) benchmark
and report instance segmentation mAP. The dataset meta in-
formation is listed in Tab.[5] and examplar images are shown
in Fig.

On the SegInW benchmark, we evaluate zero-shot, few-
shot, and fine-tuned segmentation for five models (X-
Decoder-Sngr as baselines, and X-Decoder with differ-
ent visual backbone) on three different tuning scales. In
Fig. [ we report the zero-shot instance segmentation per-
formance on 25 datasets separately in a descending order.
Accordingly, X-Decoder shows reasonably good general-
ization ability to a wide range of visual and concept do-
mains. Specifically, it achieves higher mAP on common ob-
jects like fruits and animals but lower ones on fine-grained
datasets like toolkits and rare concepts like rail and brain
tumor. In Fig.[5] we further show the line chars for few-shot
learning and fully-finetuning, and observe that:

Ihttps://roboflow.com/

X-Decoder has privilege on small-scale tuning. As shown
in Fig. [5| (a-b), comparing with X-Decoder-Seg™ that only
extract noun phrase to increase vocabulary size, X-Decoder
performs much better with few-shot/finetune setting. Al-
though X-Decoder (B) and X-Decoder-Seg™ (B) have sim-
ilar zero-shot performance, the gap increases with the num-
ber of images tuned. However, as the number of parame-
ters tuned increased by a large margin Fig. [3] (c), the per-
formance gap between X-Decoder and X-Decoder-Seg™ is
shrunk to a small margin.

Zero-Shot gap could be bridged by tuning. X-Decoder
(L) and X-Decoder (L-IN21K) are initialized with different
pre-trained image backbones. Specifically, X-Decoder (L)
is initialized by Florence [ 14] pre-trained Davit-dS, whereas
X-Decoder (L-IN21K) is initialized with FocalNet-L pre-
trained on ImageNet-21k [2]]. As shown in Fig. 5] (a-c),
although the gap between X-Decoder-L and X-Decoder-L-
IN21K on the zero-shot setting is relatively large. However,
the gap on 5/10/full finetuned settings is much smaller and
even cross in some settings.

Tuning class embedding is enough for few-shot settings.
As shown in Fig. E] (e-h), on the smaller scale backbone in-
cluding (T/B), although tuning the full decoder has a better
result, the gap is not obvious on 0-10 shots. And on larger
scale models including L/L-IN21K, tuning with class em-
bedding has similar/better results on 0-10 shots.

We show more detailed results in Table [6] Table [7] and
Table Similar to main paper, we report the number of
parameters tuned in each setting.


https://roboflow.com/
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Figure 2. Visualization of zero-shot semantic segmentation on 10 settings of 7 datasets.

. # Images

Dataset Categories # Class Train Val URL
Phones [phone] 1 25 11 |https://universe.roboflow.com/workspace-c4esg/phone-xccez/dataset/1
Elephants [elephant] 1 883 99 |https://universe.roboflow.com/ds/4YwrXdlbFy?key=05GY9ITul4d
Hand-Metal [hand, metal] 2 504 65 |https://universe.roboflow.com/nk950357-gmail-com/lab-k8hyn
‘Watermelon [watermelon] 1 65 23 |https://universe.roboflow.com/gnous-b5xgb/my_project-38aqgt/dataset/4
House-Parts [aluminium door, aluminium window, ...] 22 700 201 |https://universe.roboflow.com/testcoco/abc—fqunl/dataset/1
HouseHold-Items | [bottle, mouse, perfume, phone] 4 45 3 |https://universe.roboflow.com/maths/household-items-sltdd/dataset/2
Strawberry [R_strawberry, people] 2 971 87 |https://universe.roboflow.com/strawberry-25w7z/strawberry_coco_l/dataset/1
Fruits [apple, lemon, orange, pear, strawberry] 5 120 9 |https://universe.roboflow.com/ds/PEVo9xHLF1?key=PXeJGFOD5q
Butterfly-Squirrel| [butterfly, squirrel] 2 951 237 |[https://universe.roboflow.com/handwashhygeine/nature-3tkys
Hand [Hand-Segmentation, hand] 2 210 60 |https://universe.roboflow.com/rmutsb-xxgii/hand-segmentation-ggzuh/dataset/1
Garbage [bin, garbage, pavement, road] 4 325 142 [https://universe.roboflow.com/project-blmh9/d2-bjlal/dataset/1
Chicken [chicken] 1 19 1 |https://universe.roboflow.com/nena-trikic-1jxt3/chickenstf/dataset/1
Rail [rail] 1 3067 1069|https://universe.roboflow.com/wzk789%wzk—-gmail-com/rail dataset/dataset/4
Airplane-Parts [Airplane, Body, Cockpit, Engine, Wing] 5 39 7 |https://universe.roboflow.com/foxehcorp/foxehcorp_airplane_dataset/dataset/4/download
Brain-Tumor [tumor] 1 236 28 |https://universe.roboflow.com/detection-gskiw/segmnetation/dataset/2
Poles [poles] 1 11 3 |https://universe.roboflow.com/ohsee/pole2/dataset/2
Electric-Shaver  |[caorau] 1 288 24 |https://universe.roboflow.com/fpt-university-ltkhk/caurau
Bottles [bottle, can, label] 3 357 16 |https://universe.roboflow.com/beerup/bottels2/dataset/1
Toolkits [Allen-key, block, gasket, ...] 8 48 6 |https://universe.roboflow.com/mst/mask-2ihnt/dataset/1
Trash [Aluminium foil, Cigarette, ...] 12 832 92 |https://universe.roboflow.com/sara-najafi/trash_segmentation2/dataset/2
Salmon-Fillet [Salmon_fillet] 1 1991 64 |https://universe.roboflow.com/rishik-mishra-rljwe/f1225
Puppies [puppy] 1 15 3 |https://universe.roboflow.com/marcin-bak/puppies-fmoxu/dataset/2
Tablets [tablets] 1 237 13 |https://universe.roboflow.com/detection-gskiw/tablets—instance-segmentation/dataset/1
Cows [cow] 1 630 60 |https://universe.roboflow.com/new-workspace-5abdm/maskrcnn-ofglr/dataset/2

. 1 BT https://universe.roboflow.com/george-brown-college-lomrb/
Ginger-Garlic [garlic, ginger] 2 28 8 ginger-and-garlic-object-segmentation/dataset/1

Table 5. Meta information of Seg/nW benchmark. We list the source links, annotated category names and number of categories for each dataset.

E. Extra Visualization

E.3. Zero-Shot Referring Video Segmentation

In this part, we demonstrate the generalization ability to
video datasets and flexibility to support task compositions
for X-Decoder with more qualitative visualizations.

E.1. Zero-Shot Semantic Segmentation

We visualize zero-shot open vocabulary semantic seg-
mentation on 7 datasets in 10 settings in Fig.[2] The visu-
alization indicates that our model has strong generalization
ability on images in different domains as well as categories.

E.2. Zero-Shot Generic Video Segmentation

Open-vocabulary generic segmentation is one of the
main advantages of X-Decoder. We also apply generic seg-
mentation in a zero-shot manner to the YoutubeVOS [9]
dataset. As shown in Fig. [I3] our model can be well gen-
eralized to video zero-shot generic segmentation and make
predictions that are consistent across frames. As a result,
our model can be used in video segmentation directly or a
good initialization for further finetuning.

Besides the generic segmentaton on video frames, our X-
Decoder can be easily adapted to referring video segmenta-
tion as well without any architectural change or finetuning.
In Fig. [T4] we visualize some examples of referring video
segmentation on the YoutubeVOS [9] dataset in a zero-shot
manner. We can see that our model can generate rather ac-
curate outputs given various referring phrases. Notably, in
addition to the strong segmentation performance for given
concepts, the model can also correctly distinguish the spa-
tial locations (e.g., left v.s. right in the first row), and object
attributes (e.g., a baby gorilla instead of an adult gorilla in
the second row) in these unseen videos.

E.4. Zero-Shot Image Captioning

To test the generalization ability of X-Decoder, we
also ask the model generate image captions on the
YoutubeVOS [9] dataset, which is in a different domain
from the image data. As we can see from the examples
in Fig.[T5] the model can correctly predict the object, activ-
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Figure 3. Examplar images and annotations in Seg/nW benchmark.
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ity, and environment in an image. Interestingly, the captions

for the first 6 images sampled from 3 different videos show

that our approach can correctly differentiate the movements
from similar scenarios (e.g., a man playing vs. a man stand-

ing in the first two samples.).

E.5. Zero-Shot Referring Captioning
In compensating for the visualization of the main paper,
we add more referring captioning samples in Fig [I6] The

phrase before “:” is the referring phrase, and the sentence af-
is the generated caption. The grounding mask of the

ter
referring phrase is highlighted in pink. Clearly, our model

Figure 4. Zero-shot segmentation performance on SeginW with X-Decoder-L model. We report the mAP in descending order.
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Figure 5. (a-c) Line chart of tuning shot and mAP with different tuning strategies on each backbone architecture. (d-h) Line chart of tuning shot and mAP
with different backbone architecture on different number of tuning parameters (strategies).

can simultaneously segments the referred region and gen-
erates a region-specific caption. Complementary to regular
image captioning systems, such a novel functionality pro-
vides a way of interpreting images in a more fine-grained
manner. Note that our X-Decoder was never trained to gen-
erate such regional captions.

E.6. Zero-Shot Referring Image Editing

Finally, given the high-quality referring segmentation re-
sults with X-Decoder, we can effortlessly combine it with
off-the-shelf Stable-Diffusion image inpainting model [8]
and perform zero-shot referring image editing. As shown
in Fig. [I7} the model first performs referring segmentation,
then the original image and the segmentation mask are fed
into the inpainting model to generate the inpainted image.
For example, given “change bird to squirrel”, it first extracts
the bird segment (blue region) from the input image and
then replace the segmented region with a generated squir-
rel. Likewise in other samples, we can see all the generated
images look natural and follow the inpainting instructions
very well. These impressive plug-and-play results imply a
great potential of combining our X-Decoder and advanced
generative Al models for fine-grained precise image editing.

F. Discussions

Future Directions. The extensive quantitative and qual-
itative results have demonstrated the strong performance
and generalization ability of our X-Decoder for a variety
of vision and vision-language tasks at different granulari-
ties. Upon the current X-Decoder design, we see two di-
rections worth future explorations: (1) Pretrain the whole
model in one stage effectively and efficiently. Currently, the

model still requires a separate pretraining for the image and
text encoders. However, since our model supports large-
scale image-text contrastive learning thanks to the decou-
pled design, we can easily unify the CLIP-style pretraining
with the decoder pretraining in an end-to-end manner. (2)
Unify all level of supervisions. Due to high annotation costs,
the pixel-level segmentation annotations by nature are much
less than the region-level box and image-level annotations.
It is worth building a more unified learning paradigm to
jointly learn from pixel-level, region-level and image-level
supervision to attain a more powerful unified model.

Social Impact. This work is mainly focused on the de-
sign of a generalized decoder for various vision and vision-
language tasks. We have used a pretrained image and text
encoder and further pretrained the models on a combination
of various datasets and tasks. Since the models are trained
on large-scale webly-crawled image-text pairs, the negative
impact might arise due to the potential offensive or biased
content in the data. To mitigate this issue, we need to have
a careful sanity check on the training data and model pre-
dictions before deploying it in practical scenarios.



Model Shot #Param| Avg A‘l‘,zl'::‘e' Bottles 'IB"::l;r Chicken Cows Eslﬁ:‘xf Elephants Fruits Garbage %ﬁfﬁé Hand }:f;‘:l H&‘:i: ]'f;[m BS‘;‘l‘f“‘fcy] Phones Poles Puppies Rail S;],'ﬁ;" Strawberry Tablets Toolkits Trash Watermelon
X-Decoder (T) 0 0.0M [22.7] 105 19.0 1.1 12.0 12.0 1.2 65.6 66.5 287 79 0.6 224 55 50.6 62.1 29.9 3.6 48.9 0.7 15.0 152 95 19.3 16.2
X-Decoder (T) 1 39.3M[22.7] 10,5400 190200 L1400 120400 12,0400 0.8407 65.6500 66.5+00 28700 7.9%55 0.6400 22.4+00 5.5+00 506445 621500 29.9+23 3.6500 48.9+45 0700 15.0+11 15200 9.5200 16.2:00
X-Decoder (T) 3 39.3M[24.1] 10,5500 19.0£00 11002722203 134200 12500 65.6200 66.9+06 28.7+00 9.9+25 0.6500 21222 6.1401 506446 62.1k00 36.6475 7.6:80 49.8+25 0.7400 15,0511 143215 115206 203457
X-Decoder (T) 5 39.3M[29.1] 10.0£00 30241263530 518200 182527 2315 64908 67.2421 332412 169433 3034228 238564 71412 506201 664411 464450 140245490204 1.5400 15,750 42, 16,1432 127516 279467
X-Decoder (T) 10 39.3M|34.6| 10.0420 34.14639.7+23 59.6424 19.8455 17.44233 64.8+21 68.247.1 38.1+£19 17.64+59 81.6+40 45.6472 8.4+09 51.0404 639431 413484 3.6+00 484424 17415 29.7470 444530 241457 141421 44,5404
X-Decoder (T) 3XAIl 39.3M |37.5] 105505 35124466512 145543 309500 71205 683204 70.3:69 36.9+05 9.9:55 3772201 46037 8.5400 50600 798203 48.7x05 131204 50.6£02 596209 54.2505 834x105 27.4%0s 132510 44500
XDecoder-Seg” (B) 0 0.0M [263| 132 172 08 330 286 49 679 711 288 52 00 08 68 506 532 188 179 682 07 211 83 58 115 317
X-Decoder-Seg* (B) 1 39.3M|26.3| 132400 17,2400 0.8400 33,0400 28.6425 49400 680202 71100 28,8400 52200 0.0+00 08+00 6.8+00 50.7+00 53.2:600 18.8+00 179400 68,2400 0.7400 21.0400 86.5+03 58455 115200 31742
X-Decoder-Seg* (B) 3 39.3M[26.6| 13.2400 17.24020.9+01 33.0+00 296406 44405 673205 T4diso 28,6405 6005 00+00 L1+oz 7.0402 50.7+00 530401 233555 17.940067.1410 07400 214+0s 86.5207 58400 10310 329410
X-Decoder-Seg* (B) 5 39.3M|27.5| 133401 18,6415 Ld+o1 343435 30.6411 52407 67.6522 79.5410 28,8401 43205 00200 Ldsos 75501 50.7+00 549409 269441 18,8511 66,9430 08+01 21600 85.5:21 Tdior 13.0+27 35740
X-Decoder-Seg* (B) 10 39.3M [30.0| 13.5405 18.0402 2.1505 497410 359415 8.0431 68.2:25 79.9440 28,6405 73225 00200 60416 81503 S0.5400 55,1424 33,6517 17.9400 694430 16503 248525 879406 9.0415 143206 45742
X-Decoder-Seg* (B) 3xAll 39.3M [31.9] 13.5402 19.8404 22401 317423 377403 d.l403 739202 788410 29.0400 5302 00200 33+00 86501 50.7400 639400 24.3511 20,1500 65,4500 464415 540516 89.6500  8dios 12700 390410
X-Decoder (B) 0 0.0M [27.7| 13.0 459 0.3 13.6 36.8 42 68.0 76.7 30.2 19.4 20.6 18.5 6.7 51.7 53.1 8.9 5.6 554 0.8 18.2 8.0 13.9 13.0
X-Decoder (B) 1 39.3M27.8] 13.0400 45950003400 13.6211 36.8400 42400 68.0200 767200 30,2500 19.4:400 206200 18,5200 6.755 517200 53146 10.2421 5.6:00 55400 0.800 18, 80200 13.9:00 13000
X-Decoder (B) 3 303M[28.2] 12603 41.655203%00 13.6511 372406 42400 68001 T74=11 304502 19.8+06 267496 222564 7.2:402 519403 53146 122425 5.5+404 55400 0.3505 19, 8.7+07 109431 153420
X-Decoder (B) 5 39.3M[33.1] 12,6404 41240022420 275475 379503 9846 67.6512 78,3517 304203 339458 7524141 3554165 8.5404 53015 619475 123427 45505 547408 0.9401 207204 88425 14.9405 19465
X-Decoder (B) 10 39.3M [38.6] 109210 383235 18200 46,3242 38,6515 24.50103 670204 784233 308204 379421 89,1420 635210 8.7405 584220 728230 195474 5.6500 ST.1k11 23007 24,6524 13450 150433 3 39941
X-Decoder (B) 3xAll 39.3M [38.9] 12.5+00 42.7+02 1.0+00 14.6+14 36.8+03 174231 71.7+02 79.7+06 31.5+01 29.1+16 53.6+05 65.8+05 9.2+00 54.0+00 82.3+02 17.1432 5.7+12 554404 48.9+27 48.3+14 18.8+25 15.000 36. 33.0+21
X-Decoder (L-IN2IK) 0 0OM [267] 123 432 05 35 123 188 639 7900 243 156 00 203 49 505 588 434 134 573 13 123 69 146 135
X-Decoder (L-IN21K) 1 39.3M |26.8] 12,3400 43.24460.5400 3.5400 139425 188200 63.9:+46 79,1400 25,1414 15,6411 00200 214410 49400 50.5500 58.8+00 434200 14.0400 573400 13200 123200 Thdsoo 69400 14.6k00 20.1500 13,5400
X-Decoder (L-IN21K) 3 39.3M [29.5| 14004 44943009207 35413 27.0410 216240 637208 79.1£00 243000 138242 2964513 169458 6.0£04 506201 596513 452207 18421757714 0.5400 167597 83115 Sdso 153200 23301 147420
X-Decoder (L-IN21K) 5 39.3M[36.2| 12.14+16 5044304400 317469 3274075194186 64.2407 75.7+39 27.8407 2244134 60.0+338 23.9+4100 7.1+01 514410 63.0+36 42.7429 15.745659.7+17 1.8+01 21. 8. 16.3+116 16.5+04 34. 371427
X-Decoder (L-IN21K) 10 39.3M [40.5| 118204 52,0423 0.6:02 34,1561 343411 4872166 653217 800209 30.4:113 28,0108 915425 47.4292 7,005 542551 73,0609 446515 134200 55,0452 4.6:513 24 85. 2474156202513 438431
X-Decoder (L-IN21K) 3x All 39.3M [40.7) 14,1510 53.2407 04401 4.5417 36605 62742 703201 80.0:412 317407 15,6460 222405 617405 78502 SI8+10 85.2400 441505 12,6459 60.7400 417410 483206 904200 229417 187412 423506 36.8424
X-Decoder (L) 0 00M [323| 131 421 22 86 449 75 660 792 330 116 759 421 70 530 684 156 200 590 23 190 671 225 99 223 1338
X-Decoder (L) 1 39.3M 32,0 13.14+00 42.1+£002.2+00 8.6+00 449400 7.5+00 66.0£00 79.2400 33.0400 11.6+11 759400 42.1+00 7.04+00 53.0£00 68.4+00 156411 20.140059.0400 23100 19.0200 67.1200 22.5+00 9.9+00 1544134 13.8+00
X-Decoder (L) 3 303M|[32.6] 131200 42150022400 12,3564 45.1402 75400 66000 786205 333505 116411 759200 42,1500 7.0:600 53.0400 68.4:00 17.0452 21617 59.0400 2401 19.0200 671500 233414 9.5207 223200 13800
X-Decoder (L) S 39.3M[35.0[ 14.0403 45343641405 2495110461501 112571 658205 77.9411 33,6505 132416 85,1441 43,5441 Tdtoo 529402 692414 16,9452 216416 58.5431 26502 184200 812430 258+sx 97405 249415 19.6426
X-Decoder (L) 10 39.3M [40.3| 13303 45243532417 423230 458201 203235 683220 76,0551 37.9410 24413 937204 575512 7.9405 521403 T88x13 27.041520.1200 56,7240 33403 17,5200 85214 40170 840 42087
X-Decoder (L) 3xAll 39.3M |42.2| 13.9+05 48440279428 8.6200 453202 20.5+02 724200 80.5+10 36.7+11 14.8+14 86.7+18 63.8203 7.5+02 52.8+08 83.3+01 20.1+12 18.1+6657.4+3045.1+00 50.. 92. 40.4+10 104207 36.. 40.2+07

Table 6. SegInW results with tuning on class embedding for different image shots and backbone architectures. (39.3M parameters tuned in the setting.)

Model Shot #Param|Avg A‘g‘lr‘::s' Bottles _?;::’;‘ Chicken Cows Eslﬁ“ﬂt,:f Elephants Fruits Garbage GG";E: Hand ll\{/?;:l HI;‘:: I}:‘:‘S %‘;t‘ﬂ’l Phones Poles Puppies Rail S‘Fl:l':::’ Strawberry Tablets Toolkits Trash Watermelon
X-Decoder (T) 0 00M 227] 105 190 11 120 120 12 66 665 287 79 06 224 55 506 621 299 36 489 07 150 416 152 95 193 162
X-Decoder (T) 1 LISM [22.8] 105200 19.0200 L1200 12,0400 120400 12400 65,6200 66500 287200 7.9455 0.6£00 224200 5.5400 50.6546 62.1400 339+49 36200 489446 07400 150411 416200 152500 95200 193200 162400
X-Decoder (T) 3 1I5M[24.2] 10101 22,9467 16206 1924124 135204 12500 66.0:404 66.5400 29.9520 7955 06200 22400 5.8+04 506246 62100 38.1530 7.2454 489246 09203 150411 424513 16,5424 102206 199210 241250
X-Decoder (T) 5 LISM [27.9] 10.5505 30.0 415 41433 366438 156518 22407 660204 69.7420 316212 72500 2234250 31850 7.9:005 506200 654415 43.T4ss 17941951610 1.0403 157417 394547 178402 118415 21dsoz 2l srs
X-Decoder (T) 10 LISM [34.5] 10.1500 38422047411 563574 20,7456 26515 668427 640477 36,1521 218255 849220 4112103 8300 53,1452 68.0416 45420 3.6k00 49,7508 67424 243kss 430415 321uss 146531 22,6417 4184121
X-Decoder (T) 3XAIl 115M [37.9] 107201 37.1436 77420 13,1420 305205 73435 68.1405 73.7:12 38.0205 100220 38,1203 415220 86201 50.6200 80002 45421 17.9419 507209 59.6420 54,6510 897201 28.9421 129402 27,6404 438205
X-DecoderSeg™ (B) 0 00M [263] 132 172 08 330 286 49 679 711 288 52 00 08 68 506 532 188 170 682 07 211 83 58 115 121 317

X-Decoder-Seg™ (B) 1 L15M |26.4| 13.2+00 17.24000.8+00 33.0400 28.6+23 4.9+00 67.9+00 741451 28.8+00 52200 0.0+00 0.8+00 6.8+00 50.6:+00 53.2+00 18.8+00 17.940068.2+00 0.7+00 21.1+00 86.3+00 5.8+ss 11500 121211 317423
X-Decoder-Seg™ (B) 3 LISM|26.6| 13.3x01 17.2+00 1.1+03 33.0400 28.9+05 4.9+00 67.2+13 744449 287200 52+01 0.0+00 1.0+00 7.0+02 50.6£00 53.3+00 22.1435 183203 66.1+15 0.7+00 21.4+0s 86.6+00 6.2+07 1l.1x0s 122402 33.5+07
X-Decoder-Seg® (B) 5 115M [27.4] 13.5401 17.7+10 16205 31.5460 32.7430 4.6+00 68.9420 79.7+15 28700 6.7+25 0.0+00 12401 7.6:03 50.6400 53.7+06 25.6426 18.641566.1+14 0.8+01 21.2+05 87.2406 69200 10.1x0s 12.6402  35.5432
X-Decoder-Seg™ (B) 10 1.15M [29.9| 13.5205 19.4209 25411 45.1100 37.5428 72430 69.4:420 814204 28.8205 8.2223 0.0x00 2.103 82401 51.921s 54.6217 322477 17.9200 717415 17201 24508 87.5+02 107213 149215 12,5201 42,0438
X-Decoder-Seg* (B) 3xAll 1.15M [31.6] 13.5401 19.0+05 17400 33.0400 37.7405 3.8+01  73.7402 75.0435 29.0401 5.0204  0.0+00 3.6405 8.6:+02 50.7400 63.7+00 24.7+12 19.4412 65301 45.7410 53.0410 89.6400  84x07 13.5415 134501 382405

X-Decoder (B) 0 0.0M [27.7] 13.0 459 0.3 13.6 36.8 4.2 68.0 76.7 30.2 19.4 20.6 18.5 6.7 517 53.1 8.9 5.6 554 0.8 18.2 81.6 8.0 139 273 13.0

X-Decoder (B) I 1.15M |26.8| 13.0+00 45940003400 9.047s 36.8+00 4.1+02 68.0+00 76.7+00 30.2+00 19.4+00 20.6+00 18.5200 6.7+58 51.7+00 354406 8.9+00 4.9+05 554+00 0.8+00 18.2+00 8l.6+00 8.0x00 13.9:00 273100  13.0+00
X-Decoder (B) 3 LI5SM|28.6| 12.5+01 44.3+240.2400 214472 37.7+08 S.1415  67.9+01 76.6402 30.3+00 249449 234424 18.5200 7.1+06 51.7+00 53.1+46 10.7454 6.7+04 55.1+05 0.8+00 18,6427 842423 8.1+15 12,623 273100 140418
X-Decoder (B) 5 1I5M [33.0] 124209 43.7+090.4+03 40.0+41 38.1207 9.037 67.4+04 79.9+12 309208 34.8+4s 3442100 51.1+137 84401 542421 65.6+22 15.1455 4.5+04 554200 1.1+02 244456 87.0+23  8.5x01 12.5+35 28.5404  16.6421
X-Decoder (B) 10 1.15M [39.7 103415 36841 14108 493109 388413 284422 69.2:416 76.3+04 314205 37.2411 922402 60.1+60 8.8+07 55.8+38 742418 287414 5.6400 57.0424 3.2404 302429 88.0+17 19.8+23 17.6460 30.9414  40.4425
X-Decoder (B) 3xAll 1.15M |38.7| 12.6+02 41.7:17 L1401 13.6411 36.5+01 23.1479 71.5+03 77.3+03 31.5+02 324461 4734141 65.6+05 92400 53.8+03 82.2+01 17.1412 5.5+14 558407484235 47.9+12 90.0+03 33.2409
X-Decoder (L-IN21K) 0 0.0M [26.7| 12.3 432 05 35 12.3 18.8 63.9 79.1 243 15.6 0.0 2 49 505 58.8 434 134 573 1.3 12.3 74.4 13.5

X-Decoder (L-IN21K) 1 1.15M |27.0| 12.3£00 43.2+460.5£00 3.5+00 20.1+65 18.8200 63.9+46 78.6+04 24.3200 15.6+11 0.0£00 20.3x00 49400 50.5£00 58.8+00 43.4+00 13.6+03 573200 1.3+£00 123200 764434 13.5400
X-Decoder (L-IN21K) 3 1.15M [30.1| 12.7+08 45.8+450.6+01 15.4:£00 28.6:£1938.0+182 64.1+02 782415 243200 156411 26.3£211 20.! 3 5.6:+04 50.5£00 60.8+35 422423 122431 57.3 400 15403 17.8+95 77.8+57 19.3400

X-Decoder (L-IN21K) 5 1.15M |34.0| 13.8+14 48.2:+310.7+03 26.3+62 28.7+39 33.3+254 62.8+02 79.0+19 29.3+20 16.4:£101 60.1+520 34.5+225 7.2404 522425 63.5+17 3704108 7.6462 59.8+08 2.3+02 21.8+35 854411 5.7+23 16.0+2127.7+108 298487
X-Decoder (L-IN21K) 10 1.15M [40.3| 12.5+14 46.5£700.8405 36.2+36 31.9+3944. 74206 63.1:16 79.8:+10 33.2455 34.3136 88.9+31 622208 7.2+414 53.2422 76,0421 2724210 13.4200 58.8+37 24401 23.3+41 88.0414 259+128 17.6+27 343469 439413
X-Decoder (L-IN21K) 3xAll 1.15M |40.7| 14.5405 53.3204 0.5£01 4.1+10 36.8+00 64.3202 70.74+04 80.7411 32.1x00 13.2456 204419 61.5+07 7.9401 51.6:07 84.8200 432411 13.5460 60.520342.9427 48.8+09 904403 24.5436 19.2208 416405 357412

X-Decoder (L) 0 0.0M [32.3] 13.1 42.1 22 8.6 449 75 66.0 79.2 33.0 116 75.9 42.1 7.0 53.0 68.4 15.6 20.1 59.0 23 19.0 67.1 22.5 9.9 223 13.8

X-Decoder (L) I 115M |32.3| 13.1+00 42.1+002.2400 8.6+00 44.9+00 7.5+00 66.0+00 79.2400 33.0400 11.6+11 75.9+00 42.1x00 7.0400 53.0£00 68.4+00 15.6411 20.140059.0+00 2.3+00 19.0400 67.1400 225400 99400 223400 13.8+00
X-Decoder (L) 3 LISM|32.6 13.3x03 4141222400 8.6400 45.5+04 7.5+00 66.4206 79.2400 33.0x00 11.6+11 759400 42,1200 7.1+02 53.0200 68.4x00 18.0433 20.7204 59.0£00 23200 19.0200 67.1400 22.0+08 9.9+00 229400 17.14s6
X-Decoder (L) 5 LI5M|35.5) 13.7405 46.9+414.0+416 33.2:410 45.7 406 12.1448 65.9+16 77.6407 32.9+05 20.3 4103 759400 414212 6.9+05 53.0202 70.3420 202415 224419 59.1400 31404 16.8+21 80.1+23 27.7+43 9.4+os 239404  23.6482

X-Decoder (L) iO 1.15M [40.5| 13.6+01 45.4+1584.5+24 44.9:£04 46,011 3524108 66.7+38 78.6417 39.2426 20.1452 943105 59.9234 7.2:402 52.0£07 77.8+13 245428 20.1£0056.7+13 32406 19.7425 86.9+04 38.8+ss 8.8+32 307112 36.5+45
X-Decoder (L) 3xAll 1.15M |42.3| 13.4+00 48.8+076.3+12 8.6+00 45.1+00 20.5£10 72.1+01 79.3409 36.9+09 12.8+11 88.5+25 63.1+19 7.6+00 52.8+05 83.6+02 22.1+11 21.741959.2+0843.7+27 50.0+10 91.7+00 409414 9.8405 36.6405  40.7+17

Table 7. SegInW results with tuning on class & mask embeddings and latent queries for different image shots and backbone architectures. (1.15M parameters
tuned in the setting.)

Model Shot #Param| Avg A‘l',‘;]"::" Bottles _?"]::‘;r Chicken Cows 1«:51;:[:; Elephants Fruits Garbage %Eﬁ;’ Hand m‘[‘:l ”1:2:;:- 1112:15 i‘:ﬂx Phones  Poles Puppies  Rail g‘l‘:]l‘l';‘c‘[" Strawberry Tablets Toolkits Trash Watermelon
X-Decoder (T) 0 00M [227] 105 190 11 120 120 12 656 665 287 79 06 224 55 506 621 299 36 489 07 150 416 152 95 193 162
X-Decoder (T) 1 026M [22.6] 105400 19.0200 L1400 120500 120400 12400 65.6400 66.5:00 28.7400 794ss 06400 224400 55500 50.6446 62.1400 285421 3.6200 489446 07400 150411 416200 152400 95400 193200 162400
X-Decoder (T) 3 026M|25.1] 104201 202421 34400427517 144423 12500 661205 65.5431 288202 116263 06200 224500 Td+11 506500 62,1400 3344143 96kes 493x06 07400 150511 416400 153532 118225203417 20.5557
X-Decoder (T) 5 0.26M (297 10.5207 33.7430 7.8426 3304163 152426 14.24127 655417 65.548s 347231 167416 5104151 303446 79400 SL1sos 636241 460456 1382110 495408 05204 18.dwss 34.6u2s 197437 132417 189414 268404
X-Decoder (T) 10 0.26M|(36.2] 10.9:416 352455 62426 61.8231 19.8257 46.2505 660427 6324103 34.9535 1954136 920410 4614150 10,6212 56,3433 67.9421 3332125 36400 458435 63+0s 228487 524ariz 2574104 164263212400 39.9:421
X-Decoder (T) 3xAll 0.26M [41.9] 10.750¢ 42.8+22 8.7507 136228 305435 2754110 69,0208 T0.8+25 385200 103516 740212 61.0+20 13.9403 50.7:400 813508 442430 20.1500 50.3406 62,6526 55006 90.8+01 28019 184227273500 453217

X-Decoder-SegT (B) 0 0.0M [263] 132 172 0.8 33.0 28.6 4.9 67.9 711 28.8 52 0.0 0.8 6.8 50.6 532 18.8 17.9 68.2 0.7 211 86.3 58 1.5 12.1 317

X-Decoder-Seg ™ (B) 1 0.26M|26.3| 13.2400 17.2+00 0.8+00 33.0:00 28.6+00 4.9+00 67.9x00 71.1xo0 28.8x00 52400 0.0x00 1.5+12 6.8+s58 50.6+00 53.2+00 18.8400 17. 67.3+16 0.7+00 2l.1+00 86.3x00 58458 11.5200 121411 31.8200
X-Decoder-Seg? (B) 3 026M|28.5| 13.2405 17.2400 14405 33.0200 312434 9.5+67 67.9+00 74.lis2 800 7.0+31 1.3x07 1242164 73203 52,6434 558125 31.3175 17.6225 682400 0.7+00 21.9:36 86.9+09 9.7+07 11.9x06 12.0x07 39.0172
X-Decoder-Seg™ (B) 5 0.26M [32.4| 13.7+00 20.7+09 23405 27.14144 30.2:406 41.74272 67.3+17 77.5+02 28.0+10 17.8477 32418 28315 72404 50.8+01 58.5+43 39.6+125 20403 69.6425 1.0+0s 314457 866415 109235 141413 13.0410 483454
X-Decoder-Segt (B) 10 0.26M [41.7| 142417 24.9:43 5.5+01 66, 693126 69.8+94 28.5+05 24.9460 942406 464471 9.5+00 50.5+01 703435 524422 179200 59.5+52 16.0£121 37.6461 87.6:05 13.4x03 13.1+33 11.8+07  51.8432
X-Decoder-Seg™ (B) 3xAll 0.26M |[40.3| 13.5+02 21.8+12 33405 73.2400 73.0+54 30306 11.6+32 26,1144 49.2421 11.4+00 50.8+01 81.6405 35.6450 20.7209 64.7+12 59.2+07 51. 7405 90.5+0s 12.8+12 15.5203 17.5405  50.6204

X-Decoder (B) 0 00M [27.7] 13.0 459 03 . 68.0 76.7 30.2 19.4 20.6 18.5 6.7 51.7 53.1 89 5.6 55.4 0.8 18.2 81.6 8.0 139 273 13.0

X-Decoder (B) 1 0.26M|27.7| 13.0400 45.9:+00 0.3200 13. 1 36.8+00 42400 68.0+00 76.7+00 30.2+00 194400 20.6+00 18.5£00 6.7458 51. 7400 53.0+46 9.9+16 5.6+00 554400 0800 18.2+00 81.6100 8.0£00 13.9£00273100 13.0x00
X-Decoder (B) 3 0.26M [31.9] 13.1404 474439 0.3+01 189492 38,1422 94454 69.6414 76.8+00 30.9+11 19400 84.9+17 32.24257 8.2415 52.8+19 53.0446 109420 53+07 554400 0.8+00 185411 81.6200 8.5+15 155426274202 175412
X-Decoder (B) 5 0.26M |35.4] 12,6405 48.7+18 1.0+05 19.0+160 37.1412 21.3+213 67.9415 79.4+36 322517 322430 82.8+78 634450 8.6+02 53.7+27 65.6+109 17.8+69 5.0+14 542421 1240+ 210413 8164100 8.6+33 182+6630.5+06 192432
X-Decoder (B) 10 0.26M [41.0] 13.7+0s 424225 4.0422 50.8+38 40.3£08 70.9269 68.8+29 78.1+06 30.8+64 40.4+01 7664239 63.0+36 10.7£06 60.6£06 69.8+17 21.04207 5.6400 554414 44221 278454 883221 224489 142427311423 314201
X-Decoder (B) 3xAll 0.26M [44.7| 13.0+00 43.8+28 3.3+00 1542351 36.5+12 69.3+93 722405 79.64+11 34.0+07 38.9+10 894435 74.8+00 14.140257.9+19 84.0404 178431 S.1404 559405 57.5£18 48.4404 90.0+01  18.4202 21.0£4038.3+05  37.0+05

X-Decoder (L-IN2IK) 0 0.0M [26.7[ 123 432 0.5 35 12.3 18.8 63.9 79.1 243 15.6 0.0 203 4.9 50.5 588 434 13.4 573 1.3 12.3 744 6.9 146  20.1 13.5

X-Decoder (L-IN21K) 1 0.26M [25.9| 123100 28.842490.5£00 3.5£00 12.3+11 18.8£00 63.9+46 79.1400 243200 15611 0.0x00 20.3x00 49200 50.5+00 58.8+00 434100 11.2438 573400 13200 123200 744200 54425 14.6£0020.1400 13.5200
X-Decoder (L-IN21K) 3 0.26M [29.1| 12.6+21 44.7+26 11409 8.0410 157430 3274240 63.9446 76.7+44 24504 15.6+11 3024524 169459 6.8+20 51.0407 611440 43.0435 14.6258 57.5431 Ldxor 123400 74.0+07 44427 14.820320.8+12 21.0+107
X-Decoder (L-IN21K) 5 0.26M (33.7| 13.9410 46.4+590 2.1420 9.5485 314413 5264123 64.1406 78.0+62 329412 192482 71.0+243 2631201 7.5+08 54.9447 66.6417 32.6403 103292 59.0416 13106 155485 80.14ss  3.0436 14.045026.6402 22.3:185
X-Decoder (L-IN21K) 10 0.26M [35.1| 104415 39.1472 44410 31.7485 24.74017 55. 614161 739471 286418 1754102 854470 40.8+283 6.4421 584429 54.2:445 3224193 134200 40.2+4135 2.2421 20.8+14s 81.0420 1794158 176431 26,4444 31.9404
X-Decoder (L-IN21K) 3x All 0.26M [44.5]| 12.1+08 57.0+04 1.5405 4.9+235 41.4+10 74729 70.3+04 79.1426 36.6£07 23.6+35 54.6+23 70.0416 12.7+0160.1400 86.1405 43.1421 524220 59.7+09 46.6+08 52.0404 91.0+00 23.0+55 22.7+1743.8405 40.5+13

X-Decoder (L) 0 0.0M [323] 13.1 421 22 8.6 449 15 66.0 79.2 33.0 11.6 759 42.1 7.0 53.0 68.4 15.6 20.1 59.0 23 19.0 67.1 225 9.9 223 13.8

X-Decoder (L) 1 026M|32.3| 13.1400 42.1+00 22200 8.6+00 44.9+00 7.5+00 66.0£00 79.2+00 33.0£00 11.6+11 759400 421200 7.0+00 53.0£00 68.4+£00 15.6411 20.1200 59.0200 2.3x00 19.0£00 67.1x00 22.5+23 9.9+00 223400 13.8x00
X-Decoder (L) 3 0.26M [33.2] 129404 459464 1.8+06 8.6400 44.9+00 7.5+00 66.0+00 79.2+00 33.0x00 13.2+27 759400 42.1200 7.2403 53.0400 68.4+00 18.1+09 22.4+19 59.0400 2.3+00 198415 67.1200 26.0+60 9.6+0s 25.8+60 18.3251
X-Decoder (L) 5 026M|359| 12.5405 44.942> 24425 28.4 671420 77.1+02 36.3+07 98487 93.1109 45.6475 7.6+10 53.0408 713131 19.4435 22, 558422 24405 120421 784160 30.1:63 10.0£1330.1417 259128

X-Decoder (L) 10 0.26M [40.3| 14.0+15 33714644459 41 688455 79.4x18 392534 17.5+47 939406 539431 8.8+30 52.5+25 77.3x09 24.0+70 20. 55307 3.0£16 150466 72.7x161 39.1x78 9.04s5 32.1+24 325204
X-Decoder (L) 3xAll 0.26M [44.7| 13.6+05 49.3+06 4.2411 8.8+04 44.6+05 Sl.1x0s 728406 78.9+12 42.0+00 13.8+31 90.2+06 67.8+03 11.8+0152. 7404 84.3+00 18.9+12 21.6+16 54.3+25 56.8+35 504406 90.7+02 42.1+27 11.1£1039.7412 443129

Table 8. SegInW results with tuning on X-Decoder for different image shots and backbone architectures. (0.26M parameters tuned in the setting.)
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Figure 6. Image captions overlap with ADE20K-150
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Figure 8. Image captions overlap with BDD-Semantic/Cityscapes
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Figure 9. Image captions overlap with Pascal VOC
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Figure 10. Image captions overlap with COCO
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Figure 11. Image captions overlap with Pascal Context-59

- <o sbu vy
ersol
v&“?ﬁg  —
e
B —
i = —
ﬂrésgsae( — —
e
bug% ——
W= ==
R2H —
B
e —
coiih 1=

&lna

Jeeries
ST

100000 200000 300000 400000
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A baby gorilla

A parrot in a cage:

A panda with a bushy tail walking down a branch of a tree

A swimming penguin

ARG ] P

mm

Figure 14. Zero-Shot Referring Video Segmentation. (Source: YoutubeVOS videos)



aman playing tennis on a tennis court a man standing on a tennis court holding a racquet aman riding a wave on a surfboard in the ocean a surfer riding a wave on a surfboard in the ocean

a couple of small jets are on the runway person with a deer he's holding on to

o o

a penguin is standing on the ground with its legs aman with a surfboard walking on the beach with a
stretched out group of surfers
s n

BT

Y

n,

Fence: a giraffe standing next to a wooden fence

Tree: a man is holding something in front of a tree

tree.

The white car: a car that is parked in a parking Sky: a man flying through the air while riding a
garage. snowboard Road: A view of an airport runway

Figure 16. Referring Captioning. (Source: COCO 2017 val images)

Change bird to squirl Change black berry to onion.

Figure 17. Referring Image Inpainting. (Source: web images)
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