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In this supplementary material, we first present additional evaluation results
of our model in Sec. 1 and then provide more detailed information on data
unification as well as training strategies in Sec. 2 and Sec. 3 respectively. More
quantitative ablation study results are provided in Sec. 4. We further showcase
the results for hierarchical segmentation, demonstrating the process of parsing
any object into its semantic parts in Sec. 5. Finally, in Sec. 6, we explore the
benefits of fine-grained prompts in images for mLLMs.

1 Additional Evaluation results

To illustrate the versatility and effectiveness of our model, we further compare
the performance of our model with recent specialist and generalist models on
object-level tasks, shown in Tab. 1. It turns out that our model achieves state-
of-the-art performance on part-level tasks, while maintaining competitive perfor-
mance on object-level tasks. This indicates that our model is capable of obtaining
outstanding performance across tasks at different hierarchies, making it a foun-
dation model that unifies both object-level and part-level tasks while acquiring
multi-granularity recognition capabilities simultaneously.

We also evaluate our model on the Segmentation in the Wild (SeginW) [41]
benchmark to further examine its zero-shot transferability. This dataset con-
sists of 25 diverse segmentation datasets. Notably, during the inference process,
we consider the House-Parts, Airplane-Parts, and Bottles datasets in Seginw as
collections with part-level concepts. Hence, we conduct evaluation using hierar-
chical predictions for objects and parts. As for other datasets, we only utilize
object-level predictions for testing. The results are shown in Tab. 2.

2 Datasets Unification

In this section, we first present the datasets that are used during our joint-
training process, as shown in Tab. 5.

To facilitate the training process of the Q-Former, we augment the original
part-level datasets with object-level annotations to establish hierarchical cor-
respondences. Specifically, we add object-level annotations to Pascal Part [2],
PartImageNet [6], Pascal-Part-116 [26], ADE-Part-234 [26], in order to estab-
lish the hierarchical correspondence between objects and parts. It is necessary
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Table 1: Comparison between PartGLEE with recent specialist and generalist models
on object-level tasks. Note that for REC and RES tasks, we report Precision@0.5 and
overall IoU (oIoU).

Method Type
Generic Detection & Segmentation Referring Detection & Segmentation

COCO-val COCO-test-dev LVIS-val RefCOCO RefCOCO+ RefCOCOg

APbox APmask APbox APmask APbox APr−box APmask APr−mask P@0:5 oIoU P@0:5 oIoU P@0:5 oIoU

MDETR [7]

Specialist

- - - - - - - - 87.5 - 81.1 - 83.4 -
SeqTR [40]

Models

- - - - - - - - 87.0 71.7 78.7 63.0 82.7 64.7
PolyFormer (L) [15] - - - - - - - - 90.4 76.9 85.0 72.2 85.8 71.2
ViTDet-L [13] 57.6 49.8 - - 51.2 - 46.0 34.3 - - - - - -
ViTDet-H [13] 58.7 50.9 - - 53.4 - 48.1 36.9 - - - - - -
EVA-02-L [4] 64.2 55.0 64.5 55.8 65.2 - 57.3 - - - - - - -
ODISE [29] - - - - - - - - - - - - - -
Mask2Former (L) [3] - 50.1 - 50.5 - - - - - - - - - -
MaskDINO (L) [11] - 54.5 - 54.7 - - - - - - - - - -

UniTAB (B) [35]

Generalist

- - - - - - - - 88.6 - 81.0 - 84.6 -
OFA (L) [23]

Models

- - - - - - - - 90.1 - 85.8 - 85.9 -
Pix2Seq v2 [1] 46.5 38.2 - - - - - - - - - - - -
Uni-Perceiver-v2 (B) [12] 58.6 50.6 - - - - - - - - - - - -
Uni-Perceiver-v2 (L) [12] 61.9 53.6 - - - - - - - - - - - -
UNINEXT (R50) [32] 51.3 44.9 - - 36.4 - - - 89.7 77.9 79.8 66.2 84.0 70.0
UNINEXT (L) [32] 58.1 49.6 - - - - - - 91.4 80.3 83.1 70.0 86.9 73.4
UNINEXT (H) [32] 60.6 51.8 - - - - - - 92.6 82.2 85.2 72.5 88.7 74.7
GLIPv2 (B) [39] - - 58.8 45.8 - - - - - - - - - -
GLIPv2 (H) [39] - - 60.6 48.9 - - - - - - - - - -
X-Decoder (B) [41] - 45.8 - 45.8 - - - - - - - - - -
X-Decoder (L) [41] - 46.7 - 47.1 - - - - - - - - - -
Florence-2 (B) [28] 41.4 - - - - - - - 92.6 - 86.8 - 89.8 -
Florence-2 (L) [28] 43.4 - - - - - - - 93.4 - 88.3 - 91.2 -
GLEE (R50) [27] 55.0 48.4 54.7 48.3 44.2 36.7 40.2 33.7 88.5 77.4 78.3 64.8 82.9 68.8
GLEE (L) [27] 60.4 53.0 60.6 53.3 52.7 44.5 47.4 40.4 90.6 79.5 81.6 68.3 85.0 70.6
PartGLEE (R50) Hierarchical 54.4 47.6 54.2 47.8 42.7 32.8 38.3 29.8 87.8 76.2 77.8 64.1 81.8 67.5
PartGLEE (L) Models 59.5 52.0 59.9 52.5 50.2 39.6 45.0 35.9 89.6 78.4 80.3 67.2 84.0 69.5

to clarify that both Pascal-Part-116 and ADE-Part-234 only provide semantic
segmentation annotations, which cannot be directly employed for joint-training.
Consequently, we utilize the erosion function from the skimage library to convert
them into instance segmentation annotations. Besides, we note that Pascal-Part-
116 offers more part-level annotations than Pascal Part, with a relatively larger
amount of images. Some images are shared between the two datasets.

Pascal Part. We utilize the modified version of Pascal Part provided by
VLPart [22], which contains 93 part-level categories in total. The Object-level
annotations are directly acquired from the VOC dataset and are then integrated
with the original part-level annotations to establish hierarchical correspondences.
The semantic parts of bus and dog are selected as the novel parts, totally 16
parts, the remaining 77 parts are base categories, as shown in Tab. 6.

PartImageNet. PartImageNet selects 158 classes from the ImageNet dataset
and organize them into 11 super-categories. Since each image in this PartIma-
geNet only contains part-level annotations for an individual object, we simply
merge the bounding boxes and masks from these part-level annotations to derive
object-level annotations. For boxes, we create a single largest bounding box as
object box to encloses all part boxes. For masks, we take the union of all part
masks as the object masks. The detailed categoreis are listed in Tab. 7.

Pascal-Part-116. Similar to Pascal Part, we also acquire object-level an-
notations from the VOC dataset on the corresponding images, integrating them
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Table 2: Results on SeginW benchmark across 25 datasets. We report mAP.
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X-Decoder(L) [41] 32.3 13.1 42.1 2.2 8.6 44.9 7.5 66.0 79.2 33.0 11.6 75.9 42.1 7.0 53.0 68.4 15.6 20.1 59.0 2.3 19.0 67.1 22.5 9.9 22.3 13.8
OpenSEED(L) [38] 36.1 13.0 39.7 2.1 82.9 40.9 4.7 72.9 76.4 16.9 13.6 92.7 38.7 1.8 50.0 40.0 7.6 4.6 74.6 1.8 15.6 82.8 47.4 15.4 15.3 52.3
ODISE(L) [29] 38.7 15.8 37.7 2.9 84.1 41.6 18.3 74.9 81.3 39.8 23.0 41.4 51.4 9.3 60.4 71.9 43.8 0.4 65.4 2.8 30.2 79.9 9.1 15.0 28.6 37.5
SAN(L) [30] 41.4 13.2 48.8 2.6 69.2 44.0 11.4 67.4 77.4 46.5 23.3 88.8 62.9 9.0 60.1 82.2 10.4 1.8 60.1 2.9 20.0 81.8 35.1 31.2 41.4 43.5
HIPIE(H) [25] 41.2 14.0 45.1 1.9 46.5 50.1 76.1 68.6 61.1 31.2 24.3 94.2 64.0 6.8 53.4 79.7 7.0 6.7 64.6 2.2 41.8 81.5 8.8 17.9 31.2 50.6
UNINEXT(L) [32] 42.1 15.1 46.1 2.6 75.2 52.1 71.2 72.1 81.1 16.9 23.7 93.7 57.0 0.0 54.0 84.1 6.1 13.4 64.6 0.0 44.4 80.7 21.0 10.1 10.8 56.3
PartGLEE (R50) 44.1 32.7 54.1 7.1 79.4 38.1 6.9 74.7 81.1 27.2 25.7 87.6 66.5 4.4 60.1 71.2 47.4 25.7 67.4 4.7 32.3 80.3 32.8 10.9 22.2 62.3
PartGLEE (L) 44.2 43.8 54.5 20.7 77.7 48.0 18.6 77.3 82.4 31.6 23.7 82.0 55.3 4.6 52.0 84.9 17.3 23.3 63.9 20.0 37.4 80.6 6.6 6.7 24.7 68.2

Table 3: An ablation study on our Q-Former design. As we have demonstrated the
effectiveness of independent decoders, we directly proceed this experiment starting
from the structures of two independent decoders, with a backbone of ResNet-50.

Training Datasets Method bbox segm

AP AP50 AP AP50

Pascal Part Base + VOC
Independent Decoders 6.7 12.3 5.6 11.2
+ Q-Former 8.0 14.3 6.9 13.6
vs. baseline +1.3 +2.0 +1.3 +2.4

with the original part-level annotations. The semantic parts of bird, car, dog,
motorbike and sheep are selected as novel categories, as shown in Tab. 8.

ADE-Part-234. We obtain object-level annotations from the ADE20K-
Instance dataset for ADE-Part-234. Throughout the process, we solely utilize the
object-level annotations corresponding to the images in ADE-Part-234, without
introducing additional object categories from ADE20K dataset. The detailed
categorization of base and novel classes is presented in Tab. 10.

PACO. PACO contains 75 object categories and 456 object part categories,
as shown in Tab. 11. Note that the PACO dataset includes annotations for both
objects and parts, obviating the need for any modifications. Consequently, we
directly utilize the original annotations for joint-training.

Hence, the annotation granularity of part-level datasets are standardized by
adding object-level annotations, complementing these datasets with hierarchi-
cal correspondences. The visualization of hierarchical correspondences between
objects and parts are illustrated in Fig. 6.

To further improve the generalization capability of our Q-Former, we organize
Visual Genome [9] and SA-1B [8] into hierarchical versions for joint-training.

Visual Genome. Since Visual Genome contains multiple instances on a
single image, we treat it as a detection task and divide its noun phrases into
object level and part level. Eventually, the Visual Genome dataset is annotated
with both object and part hierarchies, including 45,054 object-level phrases and
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Table 4: An ablation study on topK object queries and L universal parsing queries.
We directly conduct this experiment with a backbone of ResNet-50 and train our model
on PACO dataset for 90K iterations.

Id topK L PACO

APbox APobj
box APopart

box APmask APobj
mask APopart

mask

1 50 10 29.4 52.7 22.0 23.1 48.1 16.8
2 50 20 29.7 53.7 22.4 23.4 48.7 16.9
3 50 30 29.4 52.7 22.4 23.2 48.0 16.9
4 75 10 29.0 53.0 22.0 23.1 48.4 17.0
5 100 10 29.7 52.9 22.8 23.3 48.0 17.4

25,109 part-level phrases. We display some object-level and part-level phrases
from the VG dataset in Tab. 9.

SA-1B. We introduce a subset of the open-world instance segmentation
dataset SA-1B [8] to further improve the generalization capability of our model.
As SA-1B provides abundant class-agnostic mask annotations and the Segment
Anything Model (SAM) is able to perform multi-level segmentation, we observe
that many masks exhibit a certain degree of overlap with each other, indicating
a granularity distinction among masks. Therefore, we propose to calculate the
overlap ratio R between pairs of masks and set a threshold to identify masks at
different granularities. This process can be denoted as:

Rij =
jSi \ Sj j

max(Si; Sj)
(1)

where Si, Sj represents the area of i� th mask and j� th mask respectively, and
Rij stands for the overlap ratio between the i� th mask and the j� th mask. We
propose to compute the overlap ratio R by adopting a division operation between
the intersection area of two masks and the area of the larger mask. When the
overlap ratio R between two masks exceeds the threshold t, we consider the mask
with a larger area as an object-level mask, while the other one with a smaller area
is classified as a part-level mask. In our experiment, we set the threshold t = 0:5
and convert a subset of SA-1B into a hierarchical dataset. During the training
process, we set the category name for each instance to be ‘object’ or ‘part’ in
accordance with the hierarchy of its corresponding annotation. We then perform
joint-training with our hierarchical SA-1B in instance segmentation paradigm.
The visualization of our proposed hierarchical SA-1B are shown in Fig. 7.

3 Implementation Details

Following [11, 27], we utilize a image backbone, a text encoder, a 6-layer de-
formable transformer encoder for pixel decoding and two independent 9-layer
decoders for generating hierarchical predictions. We adopt 300 object queries
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Table 5: The data statistics for joint-training in PartGLEE.

Type Datasets Images
Semantic Concept Annotations

Object Part Semantic Box Mask

Object-Level

Object365 [21] 1.8M 365 Category X
OpenImages [10] 1.7M 601 Category X
COCO [14] 118K 80 Category X X
LVIS [5] 100K 1203 Category X X
BDD [36] 70K X Category X X
UVO [24] 70K X X X
YTVIS19 [34] 62K X Category X X
YTVIS21 [31] 90K X Category X X
OVIS [18] 42K X Category X X
RefCOCO [37] 17K X Description X X
RefCOCOg [17] 22K X Description X X
RefCOCO+ [37] 17K X Description X X

Hierarchical

PACO [20] 77K 75 456 Category X X
Pascal Part [2] 5K 20 93 Category X X
PartImageNet [6] 16K 11 40 Category X X
ADE20K-Part [26] 8K 44 234 Category X X
Visual Genome [9] 108K X X Description X
SA-1B [8] 110K X X X X

and 10 universal parsing queries throughout our experiments. We observe that
directly combining MaskDINO and CLIP [19] and training from scratch will re-
sult in exceedingly di�cult convergence. Thus, unless otherwise speci�ed, our
model is initialized with the pre-trained weight from GLEE on Object365 and
OpenImages, both of which are object-level datasets, and the CLIP text encoder
uses the frozen original weights. We use AdamW [16] optimizer with a base learn-
ing rate of 5� 10� 5 and a weight decay of0:05at the 12; 000iterations and 16; 000
iterations by a factor of 0.1 for training on zero-shot part segmentation task. As
for joint-training, we directly load the weight of GLEE and continue training for
200; 000 iterations, the learning rate of the image backbone is multiplied by a
factor of 0:1. Through experiments, we notice that if we perform joint-training
with a uni�ed matching process instead of a decoupled matching mechanism, our
independent decoders will confuse objects and parts, thereby generating simi-
lar predictions. Consequently, we introduce a decoupled matching mechanism
following [25], encouraging the independent decoders at di�erent hierarchies to
learn distinctive features associated with objects or parts respectively.

4 Ablation study

Ablation on Q-Former. To demonstrate the e�ectiveness of our Q-Former,
we conduct an ablation experiment on this structure. As we have validated that
two independent decoders achieves a favorable outcome, our experiment directly
starts from this con�guration, comparing the performance with and without
the Q-Former design. Our experimental setup involves a joint training on the



6 J. Li, J. Wu, et al.

Table 6: Pascal Part part taxonomy from [22].

Dataset Name Id Type Object Categories Part Categories

Pascal Part [2]

1 Base aeroplane body, wing, tail, wheel
2 Base bicycle wheel, handlebar, saddle
3 Base bird beak, head, eye, foot, leg, wing, neck, tail, torso
4 Base boat -
5 Base bottle body, cap
6 Novel bus license plate, door, headlight, mirror, window, wheel
7 Base car license plate, door, headlight, mirror, window, wheel
8 Base cat head, leg, paw, ear, eye, neck, nose, tail, torso
9 - chair -

10 Base cow head, leg, ear, eye, horn, muzzle, neck, tail, torso
11 - diningtable -
12 Novel dog head, leg, paw, ear, eye, muzzle, neck, nose, tail, torso
13 Base horse head, leg, ear, eye, muzzle, neck, tail, torso
14 Base motorbike wheel, handlebar, headlight, saddle
15 Base person hair, head, ear, eye, nose, neck, mouth, arm, hand, leg, foot, torso
16 Base pottedplant plant, pot
17 Base sheep head, leg, ear, eye, horn, muzzle, neck, tail, torso
18 - sofa -
19 - train -
20 - tvmonitor -

Table 7: PartImageNet part taxonomy from [6].

Dataset Name Id Object Categories Part Categories

PartImageNet [6]

1 Quadruped head, body, foot, tail
2 Biped head, body, hand, foot, tail
3 Fish head, body, �n, tail
4 Bird head, body, wing, foot, tail
5 Snake head, body
6 Reptile head, body, foot, tail
7 Car body, tier, side mirror
8 Bicycle head, body, seat, tier
9 Boat body, sail

10 Aeroplane head, body, wing, engine, tail
11 Bottle body, mouth

Pascal Part Base and VOC datasets for 5000 iterations, followed by a zero-shot
evaluation on the PartImageNet dataset. The inclusion of the VOC dataset aims
to provide our model with additional hierarchical information about objects,
thereby examining its capability to e�ectively transfer this knowledge to the
part level. The results are shown in Tab. 3. It turns out that incorporating the
Q-Former indeed facilitates the e�ective transfer of hierarchical information from
objects to parts, thereby improving the performance of our model.

Ablation on Hyperparameters. In this ablation study, we employ a ResNet-
50 backbone and train our model on PACO for 90K iterations. We observe that
increasingtopK and L may result in a slight improvement in APopart . However,
augmenting topK and L incurs additional training time and GPU memory usage
without yielding commensurate performance gains. Thus, we settopK = 50 and
L = 10 as a trade-o� con�guration to ensure training e�ciency.
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Table 8: Pascal-Part-116 part taxonomy from [26].

Dataset Name Id Type Object Categories Part Categories

Pascal-Part-116 [26]

1 Base aeroplane body, stern, wing, tail, engine, wheel
2 Base bicycle wheel, saddle, handlebar, chainwheel, headlight
3 Novel bird wing, tail, head, eye, beak, torso, neck, leg, foot
4 Base boat -
5 Base bottle body, cap
6 Base bus wheel, headlight, front, side, back, roof, mirror, license plate, door, window
7 Novel car wheel, headlight, front, side, back, roof, mirror, license plate, door, window]
8 Base cat tail, head, eye, torso, neck, leg, nose, paw, ear
9 - chair -

10 Base cow tail, head, eye, torso, neck, leg, ear, muzzle, horn
11 - diningtable -
12 Novel dog tail, head, eye, torso, neck, leg, nose, paw, ear, muzzle
13 Base horse tail, head, eye, torso, neck, leg, ear, muzzle, hoof
14 Novel motorbike wheel, saddle, handlebar, headligh
15 Base person head, eye, torso, neck, leg, foot, nose, ear, eyebrow, mouth, hair, lower arm, upper arm, hand
16 Base pottedplant pot, plant
17 Novel sheep tail, head, eye, torso, neck, leg, ear, muzzle, horn]
18 - sofa -
19 Base train headlight, head, front, side, back, roof, coach
20 Base tvmonitor screen

Table 9: Example phrases at di�erent hierarchies in Visual Genome.

Hierarchy Phrases

Object-level

fruits, piping, tra�c light, suit jacket, chipmunk, bee, sidewalk curb, golf clubs, tennis, dog, yellow �re hydrant,
kite, romaine, stone landscape, man and women, iced tea, this is a cow, child hotdog, television, smartphone, swimmers,
green watermelon, �at ground, green grapes, demon, large picture, cucumber pile, white curl, seven arched windows, door/wall,
left jean pant, business place, snow resort, alliance, co�ee saucer, bench swing, emperor, sliced gourds, purple toboggan, orange petals,
squared shirt, lighting system, lamb standing, broadcaster, green wallet, tourist attraction, iced donuts, blue bench, paper napkin ···

Part-level

cat whisker, pilot's seat, baby's mouth, porcelain tile, cap head, gira�e head, part of the sky, cow's neck, person's mid �nger
bus front, laptop mouse, door plate, plane's tail, handle on teapot, shadow of scooter, nail on �nger, players foot, �nger pointing, metal lightpole
set of wheels, player's waist, wood grained, bronze knob, bar handle, pajama top, button labels, crosswalk button, balcony rail, sheep skin
hand is on clock, door lock, sink edge, woman's top, keys on the keychain, ear �ap, cow legs, rubber foot, knee support, heating plate
photo red eye, blue tank, front fender, lace collar, silver hand rail, leg is yellow, windows of plane, blue reins, tusk, sheep's hair
brown eye, small/black wheel, swing arm, cordless mouse, log leg, brown eye, face guard, plane's propeller, tiger's eye, train windshield···

E�ectiveness of Box Restriction Loss. As PACO treats objects and
parts as distinct instances during the annotation process, it is not guaranteed
that an object in an image will necessarily have its corresponding parts, and vice
versa. Consequently, during the training process, it is highly probable that the
part queries corresponding to a certain object may be matched with the part
annotations of another object nearby, leading to the confusion of the hierarchical
relationships. To constrain the mutual correspondence between an object and its
constituent parts, we introduce a Restriction Loss L res , which penalizes those
part prediction boxes that extend beyond the corresponding object prediction
box. As shown in Fig. 1, we visualize an object prediction with a highest con-
�dence score alongside their corresponding highly con�dent part predictions. It
turns out that after incorporating the Restriction Loss on boxes, the predicted
boxes are indeed constrained, eliminating the occurrences of part predictions
drifting towards parts of another object.

5 Visualization Results

Comparison with Segment Anything Model. Segment Anything Model
(SAM) [8] is a prompt-based model designed for performing interactive seg-
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Table 10: ADE-Part-234 part taxonomy from [26].

Dataset Name Id Type Object Categories Part Categories

ADE-Part-234 [26]

1 Base person arm, back, foot, gaze, hand, head, leg, neck, torso
2 Base door door frame, handle, knob, panel
3 Base clock face, frame
4 Base toilet bowl, cistern, lid
5 Base cabinet door, drawer, front, shelf, side, skirt, top
6 Base sink bowl, faucet, pedestal, tap, top
7 Base lamp arm, base, canopy, column, cord, highlight,light source, shade,tube
8 Base sconce arm, backplate, highlight, light source, shade
9 Base chair apron, arm, back, base, leg, seat, seat cushion, skirt, stretcher

10 Base chest of drawers apron, door, drawer, front, leg
11 Base chandelier arm, bulb, canopy, chain, cord, highlight, light source, shade
12 Base bed footboard, headboard, leg, side rail
13 Base table apron, drawer, leg, shelf, top, wheel
14 Base armchair apron, arm, back, back pillow, leg, seat, seat base, seat cushion
15 Novel ottoman back, leg, seat
16 Base shelf door, drawer, front, shelf
17 Novel swivel chair back, base, seat, wheel
18 Novel fan blade, canopy, tube
19 Base co�ee table leg, top
20 Novel stool leg, seat
21 Base sofa arm, back, back pillow, leg, seat base, seat cushion, skirt
22 Base computer computer case, keyboard, monitor, mouse
23 Novel desk apron, door, drawer, leg, shelf, top
24 Base wardrobe door, drawer, front, leg, mirror, top
25 Base car bumper, door, headlight, hood, license plate, logo, mirror, wheel, window, wiper
26 Novel bus bumper, door, headlight, license plate, logo, mirror, wheel, window, wiper
27 Novel oven button panel, door, drawer, top
28 Base cooking stove burner, button panel, door, drawer, oven, stove
29 Base microwave button panel, door, front, side, top, window
30 Base refrigerator button panel, door, drawer, side
31 Novel kitchen island door, drawer, front, side, top
32 Base dishwasher button panel, handle, skirt
33 Base bookcase door, drawer, front, side
34 Base television receiver base, buttons, frame, keys, screen, speaker
35 Base glass base, bowl, opening, stem
36 Base pool table bed, leg, pocket
37 Novel van bumper, door, headlight, license plate, logo, mirror, taillight, wheel, window, wiper
38 Base airplane door, fuselage, landing gear, propeller, stabilizer, turbine engine, wing
39 Novel truck bumper, door, headlight, license plate, logo, mirror, wheel, windshield
40 Novel minibike license plate, mirror, seat, wheel
41 Base washer button panel, door, front, side
42 Novel bench arm, back, leg, seat
43 Base tra�c light housing, pole
44 Base light aperture, canopy, di�usor, highlight, light source, shade

mentation tasks. It is capable of generating masks across multiple granularities
including both objects and their parts in an image. As shown in Fig. 2, when
directly comparing the visualization results of SAM and PartGLEE, we observe
that SAM, being a class-agnostic segmentation model, predominantly relies on
features such as colors or boundaries of instances within the image for segmen-
tation. As a result, it faces challenges in distinguishing various components of a
certain object especially for animals. In contrast, PartGLEE exhibits the capa-
bility to comprehend the semantics of objects as well as their respective parts.
Consequently, our model is able to recognize and parse any object to obtain its
corresponding parts.

Visualization of the Generalization Capability. We evaluate the gen-
eralization ability of our model on novel objects. By establishing a hierarchi-
cal relationship between objects and parts via Q-Former, our model exhibits
strong generalization capability, which enables it to �rst recognize and then parse
these objects into their corresponding semantic parts, as illustrated in Fig. 3.
Among the evaluated categories, robot-dog, penguin, polarbear, hippocampus,
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Fig. 1: Visualization of the e�ectiveness after adopting the Restriction Loss.

dinosaur, mammoth, parrot, and otter have never been encountered in the part-
level datasets; yet, their parts are still segmented accurately, demonstrating the
robust generalization of our method to novel objects.

Parse Any Object into Parts. Fig. 4 demonstrates the capability of our
model to accurately parse each object into its corresponding parts in daily scenes.
Furthermore, by leveraging a vast amount of region-level expression data for joint
training following GLEE [27], the object decomposition ability can be generalized
to objects referred by expressions. For parts referred by any linguistic expression,
we �rst identify the corresponding object and its object query by matching with
the expression. The Q-Former parses the object query into corresponding part
queries, which then facilitate the retrieval of the relevant part, achieving the
ability to parse any object into parts with a detailed expression, shown in Fig. 5.

Fig. 2: Comparison of visualization results between SAM [8] and PartGLEE.
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Fig. 4: Visualization of parsing objects into their corresponding parts.

Fig. 3: Visualization of the generalization capability of PartGLEE.
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