
SPIN: Hierarchical Segmentation with Subpart
Granularity in Natural Images

Josh Myers-Dean1, Jarek Reynolds1, Brian Price2, Yifei Fan2, and
Danna Gurari1,3

1 University of Colorado Boulder, 2 Adobe, 3 University of Texas at Austin

Abstract. Hierarchical segmentation entails creating segmentations at
varying levels of granularity. We introduce the first hierarchical se-
mantic segmentation dataset with subpart annotations for natural im-
ages, which we call SPIN (SubPartImageNet). We also introduce two
novel evaluation metrics to evaluate how well algorithms capture spa-
tial and semantic relationships across hierarchical levels. We bench-
mark modern models across three different tasks and analyze their
strengths and weaknesses across objects, parts, and subparts. To fa-
cilitate community-wide progress, we publicly release our dataset at
https://joshmyersdean.github.io/spin/index.html.

1 Introduction

When people discuss hierarchical image analysis tasks they are typically talking
about one of two approaches: is-a relationships [27,28], which treat categories at
different abstraction levels (e.g ., a Subaru is a car), or is-part-of relationships,
which concentrate on dividing objects into their constituent parts [13, 14, 19]
(e.g ., a door is part of a car). While the former has been widely explored,
the latter—focusing on object decomposition—has received limited attention
in computer vision research. Within segmentation research, the focus of this pa-
per, is-part-of relationships have primarily been explored only for part-whole
hierarchies, ignoring finer-grained details, such as subparts (i.e., parts of parts).

Research to subpart-level segmentation granularity is hindered by a scarcity
of data. While synthetic 3D datasets [14, 19, 35, 63] could be used to infer hi-
erarchical segmentations to subpart granularity, it is well-known that models
developed with synthetic data typically generalize poorly to natural images
(i.e., images taken by a camera) [8]. This lack of annotated natural data has
meant that the few models designed to generate subpart granularity segmen-
tations [11, 52, 60] could only be evaluated qualitatively on a small number of
examples (rather than quantitatively at scale).

Our work facilitates the development of algorithms for subpart granularity in
three key ways. First, we collect over 102,000 subpart segmentations across 203
diverse subpart categories to expand upon PartImageNet [17] and create the
SubPartImageNet (SPIN) dataset—the first to offer subpart annotations for
natural images. We release this dataset publicly to foster community progress.

https://joshmyersdean.github.io/spin/index.html
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Fig. 1: Overview of the diversity of SPIN. Panels (a) and (b) depict subparts unique
to specific object class members, such as a roll cage in a car and a shell in a turtle.
Panels (c) and (d) illustrate the variability in the number of subparts per object of
the same class, with examples of 13 and 6 subparts. Panels (e) and (f) highlight the
disparity in image area coverage by different subparts, such as a bottle label (large)
versus quadruped claws (tiny).

Examples of annotated subparts are shown in Fig. 1. Second, we introduce two
novel metrics to address a shortcoming of the prevailing evaluation methods for
hierarchical segmentation, which only assess each granularity level in isolation.
Our newly proposed metrics are intended to work alongside these traditional
metrics (e.g ., Intersection over Union) and assess how well models capture spa-
tial and semantic relationships across hierarchical levels. Our third key contri-
bution is that we benchmark modern models on SPIN across objects, parts, and
subparts, thereby presenting the first comprehensive quantitative evaluation of
subpart performance and key areas needed for future improvement.

Advancing hierarchical segmentation to subpart granularity could signifi-
cantly benefit both research and societal applications. One potential use is in
generating more detailed image descriptions, such as for augmented reality ex-
periences, answering visual questions, captioning images, or visual storytelling.
Similarly, this work could be the foundation for individuals to (1) interactively
learn how to speak about finer-grained entities for the first time (for children)
or in a new language and (2) recall forgotten words, such as when facing tempo-
rary or chronic memory injuries or disabilities. More deeply nested, hierarchical
segmentation representations can also enrich tactile visual discovery [25,42], in-
cluding for use in screen readers employed by visually impaired individuals (e.g .,
Apple’s object-based exploration feature [1]). Similarly, we believe finer-grained
information could facilitate improvements for related problems, including im-
age/video retrieval, image/video editing, automatic magnification, and robotics.

2 Related Works

Datasets with Hierarchically Segmented Objects. Several datasets pro-
vide segmentations showing how objects are hierarchically decomposed into their
recursively nested parts. A few do so without semantic labels specifying the cat-
egories of segmented content, including the pioneering Berkeley dataset pub-
lished in 2001 [36] and the large-scale SA-1B dataset released in 2023 [22]. Our
work, in contrast, focuses on hierarchically segmenting objects with category
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labels. Already, numerous datasets semantically decompose objects and their
parts in natural images [7, 14, 15, 17, 21, 31, 45, 50, 56, 61, 67–69] and synthetic
images [5,19,20,35,39]. One dataset, (i.e., ADE20K [69]) even provides subpart
annotations for 10% of its objects, however its lack of exhaustive annotations for
objects and their associated parts [52] impedes it benefit for evaluating predic-
tion models. Extending prior work, we introduce the first exhaustively labelled
hierarchical semantic segmentation dataset with subpart annotations for natural
images by extending one of the largest part-based datasets [17].

Hierarchical Semantic Segmentation Evaluation. Most evaluation proto-
cols for hierarchical segmentation algorithms assess each hierarchy level inde-
pendently, such as by reporting for object and part categories separately their
Intersection over Union scores [9, 23, 31, 32, 37, 40, 52, 55, 57, 58, 61, 65], Average
Precision scores [45,51], and Panoptic Quality scores [14,29,30,52,60]. The one
exception is Hierarchical Panoptic Quality [52] which recursively measures the
extent to which a predicted hierarchy is complete (e.g., a wheel is a part of a
car). Complementing prior work, we introduce evaluation metrics for assessing
how well a model captures spatial and semantic hierarchical relationships, such
as if a part is perfectly contained in it’s whole.

Hierarchical Semantic Segmentation Algorithms. Thus far, the focus of
methods that predict all entities in a hierarchical decomposition largely has
centered on predicting just objects and parts [16, 51, 58], aligning with exist-
ing datasets which only recently increasingly have added part segmentations
to object segmentations. Only a few works, HIPIE [60], VDT [11], Semantic-
SAM [26], and ViRReq [52]1, examined predicting more layers of a hierarchy to
also include subparts. However, these works relied on qualitative assessments for
subpart predictions due to a lack of annotated datasets supporting quantitative
assessments. Complementing prior work, we quantitatively evaluate HIPIE and
over 20 model variants to show their performance on our new dataset challenge
across all three layers of the hierarchy (i.e., object, parts, and subparts).

3 SPIN Dataset

We now introduce and characterize our new subpart semantic segmentation
dataset that we call SPIN, which is short for SubPart ImageNet.

3.1 Dataset Creation

Data Source. Our dataset extends an existing dataset that provides both
object and associated part annotations: PartImageNet [17]. It includes 24,080
natural images across 158 ImageNet categories (112 non-rigid and 38 rigid,
e.g . animals and vehicles respectively). The authors of PartImageNet used the
1 No code is publicly available for VDT, and ViRReq does not offer complete code. At

the time of writing, Semantic-SAM has not released their semantic prediction code.
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WordNet [38] taxonomy to establish these categories and their 11 parent super-
categories. The authors then identified 40 part categories pertinent to the super-
categories and annotated these in all images. Every image in PartImageNet con-
tain one semantically segmented object, and we used only those with at least one
segmented part. Due to our limited annotation budget, we capped each super-
category at 1,200 images. This resulted in the following amounts per super-
category: 311 - Aeroplane, 483 - Bottle, 559 - Boat, 634 - Bicycle, and 1,200 each
for Biped, Bird, Car, Fish, Quadruped, Reptile, and Snake.

Subpart Category Selection. We identified 206 subpart categories to seg-
ment for 34 PartImageNet part categories that we identified as being decom-
posable into subparts. Of these, 168 subpart categories generalize across many
part categories and 38 categories pertain to only a few. For example, in our
dataset, mouths generalize while shells don’t, with most reptiles having heads
with mouths but only one type of reptile having a body with a shell (i.e., tur-
tles). We show examples of specific subparts in Fig. 1(a-b). A histogram showing
how many subparts are assigned to each of the 34 part categories is shown in
Fig. 2, and a full list is provided in the supplementary materials.

We created our subpart taxonomy through a multi-step process. We iden-
tified the general subpart categories by prompting GPT-4 [2] to list expected
subparts for every object-part category in PartImageNet,2 and then three au-
thors edited the list to exclude non-visible subparts (e.g ., a skull). We identified
specific subpart categories through manual inspection of at least 15 images per
object category, excluding any categories that had ambiguous subpart decom-
positions; for example, it’s not obvious to a lay person what boundaries to use
when decomposing a tail into a tip, shaft, and base.

Subpart Annotation Task Design. We created a task interface for collecting
all subpart annotations. It presents each image-object pair alongside one of the
object’s nested parts, outlined with an overlaid polygon. For each part, the task

2 We prompted GPT-4 with "Please list the canonical subparts of a <object>-<part>.
Only include subparts that are clearly visible and recognizable to a layperson."
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Fig. 2: Histogram the number of unique subpart category labels for each of the 34 part
categories. (Aero=Aeroplane; Quad=Quadruped)
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#Images #Object Cat #Part Cat #Sub-Part Cat

10,387 11 (10,387) 40 (29,818) 203 (106,324)
Table 1: SPIN Composition: Each column lists category counts alongside the total
number of annotated entities within those categories. (Cat=Categories)

interface has multiple steps. First, users are asked, “Can you locate the <object>-
<part> enclosed in a polygon?" If the target content is present, annotators are
then asked for each possible subpart, “Can you locate any <subpart> on the
<object>-<part>?" If the response is yes, annotators segment the subpart. The
interface supports segmentation by collecting a series of clicked points to create
a connected polygon. It also supports annotating multiple polygons in three
scenarios: (1) multiple instances of a subpart (e.g ., two eyes), (2) subparts with
holes (e.g ., coiled snakes), and (3) occlusions breaking a subpart into multiple,
disconnected pieces.

Annotation Collection. We hired 18 highly trusted annotators from Ama-
zon Mechanical Turk (AMT) who we had vetted through repeated employment
for previous segmentation tasks. During data collection, we ensured high anno-
tation quality through five methods: an onboarding qualification test, detailed
instructions, live “office hours" during annotation periods, phased task roll-out
for worker feedback, and continuous inspection of submitted results.

Dataset Splits. Our dataset adheres to the PartImageNet training, validation,
and testing splits of 85%, 5%, and 10% of the data, respectively. This results in
8,828 training, 519 validation, and 1,040 test images in our SPIN dataset.

3.2 Dataset Analysis

We now characterize SPIN’s overall composition as well as its subparts.

Overall Dataset Composition. We characterize SPIN with respect to the
following seven factors: number of images, number of object categories, total
number of annotated objects, number of part categories, total number of an-
notated parts, number of subpart categories, and total number of annotated
subparts. Results are shown in Table 1. As shown, our contribution of 203 en-
tity categories is over a five-order-of-magnitude increase compared to the 40
categories added for PartImageNet [17], while providing nearly an order of mag-
nitude more annotations (i.e. 106,324 semantic annotations versus 11,960 part
segmentations in PartImageNet).

Subpart Statistics. We next compute the mean number of subparts per part
and characterize the typical appearance of subparts with respect to five metrics:
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Fig. 3: Boxplots showing the distribution of subpart image occupation (left) and
boundary complexities per part, per object (right). The blue lines represent medians,
bottoms and tops of each box represent the 25th and 75th percentile values respec-
tively, and whiskers represent the most extreme data points not considered outliers.
Overall, SPIN’s subparts take up a relatively small number of pixels per image, while
featuring a range of geometric complexity. (Aero=Aeroplane; Quad=Quadruped)

– Boundary complexity: ratio of a subpart’s area to the length of its perime-
ter (i.e., isoperimetric quotient). Values range from 0 (highly jagged bound-
ary) to 1 (circular).

– Extent: the ratio of the area of a contour to the area of its bounding box.
Values are in (0,1], where values approaching 0 mean that a contour occupies
little area in it’s bounding box (e.g ., a thin diagonal line) and 1 means that
a contour is perfectly contained (e.g ., a square).

– Image coverage: fraction of image pixels occupied by the subpart.
– Object coverage: fraction of parent object pixels occupied by the subpart.
– Part coverage: fraction of parent part pixels occupied by the subpart.

For all six factors, we report both the overall mean as well as the mean with
respect to each object category. Results are shown in Fig. 3.

Objects tend to have 2 to 5 subparts per part (i.e. Fig. 3a; 25th to 75th
percentile values), with a total of 4 to 15 subparts. There is diversity across object
categories with aeroplanes typically having small variability with only 1 to 2
subparts per part (i.e. 25th to 75th percentile range) while car typically exhibits
great variability with 2 to 8 subparts per part (i.e. 25th to 75th percentile range),
as exemplified in Fig. 1(c-d). We attribute the large range of subpart per part
counts to two factors: the intrinsic diversity in cars and the viewing angle. For
example, a go-cart viewed from the front will have no windshield, no windows,
and two tires, while a bus viewed from a front-right angle will have a windshield,
tires, and windows. Such object-specific patterns around the expected prevalence
of subparts could be predictive cues for models decomposing detected objects
into their recursively nested subparts.



SPIN 7

In terms of shape, most subparts’ contours occupy the majority of their
bounding box (i.e., Fig. 3b, median extent value ∼0.7) with moderate boundary
complexity (i.e., Fig. 3c, median boundary complexity values around 0.5). Still,
we observe high variability for both metrics that we again attribute to the intrin-
sic diversity in each object category as well as the viewing angle. For example, a
bottle cap or a bicycle tire viewed from the side will be an ellipse versus a nearly
perfect circle when viewed from the top (i.e., occupying more of it’s bounding
box). Altogether, these findings highlight that our dataset encourages the design
of models that can account for a large range of subpart shapes.

Regarding the relative area occupied by each subpart, we find that all sub-
parts occupy small portions of the parent parts, parent objects, and entire image.
For example, across every object category, subparts occupy less than 6% of the
image for at least 75% of subpart instances (Fig. 3d). Additionally, the subparts
tend to occupy less than 20% of their parent parts (Fig. 3e; Overall) and less
than 5% of their parent objects (Fig. 3f; Overall). When adopting size thresholds
introduced for the MSCOCO dataset [33], where 322 and 962 are thresholds de-
termining whether an object is small, medium, or large, we find 54.10% (57,525)
of SPIN’s subpart annotations qualify as small, 38.08% (40,488) as medium, and
only 7.82% (8,311) as large. Most subparts are already considered small accord-
ing to mainstream research despite that we annotated subparts for a dataset
known to typically contain a single, large prominent object in the image. Con-
sequently, embedded in our problem is the well-known challenge of small entity
detection [53], which will only grow as subparts are explored for more complex
scenes where less prominent objects must also be hierarchically decomposed.

When comparing subparts belonging to the rigid object categories (i.e.,
human-made) versus non-rigid object categories (i.e., animals), we found no
clear distinction. For instance, the mean number of subparts per part (Fig. 3a) is
the smallest amount with least variability in aeroplanes and the greatest amount
with greatest variability in cars. While prior work has emphasized distinguishing
between these two extremes [17], our analysis suggests that rigid and non-rigid
objects appear quite similar at the subpart level.

4 Evaluating Hierarchical Consistency

We facilitate assessing how well relationships across varying levels of granular-
ity are captured for hierarchical segmentation by introducing two metrics that
account for spatial and semantic relationships respectively.

We first introduce the Spatial Consistency Score (SpCS), which focuses
on structural hierarchical alignment rather than semantic alignment. It indicates
the proportion of a child’s segmentation (e.g ., subparts) that is contained in its
super-region’s segmentation (e.g ., part, object), with values ranging from 0 (no
containment) to 1 (perfect containment). It leverages binarized segmentations
distinguishing the foreground entity from the background. Formally, it is com-
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puted as the average containment ratio across all pairs as follows:

SpCS =
1

|R|
∑

(child,parent)∈R

|child ∩ parent|
|child|︸ ︷︷ ︸

containment ratio

(1)

where R denotes the set of prediction pairs with a ground truth parent-child
relationship within a hierarchical structure.3 |R| denotes the total number of
parent-child pairs, |child ∩ parent| is the number of pixels in the intersection of
the child segmentation with the parent, |child| is the number of pixels in the
child segmentation.

We next introduce the Semantic Consistency Score (SeCS), which fo-
cuses on semantic alignment by measuring how well predictions at different
levels (subpart, part, object) logically correspond. For example, an eye (sub-
part) should correspond to a head (part) and, by extension, to a quadruped
(object), rather than illogical associations like a windshield (subpart) with a
head (part) or a bottle (object). Let FGS , FGP , and FGO be the sets of non-
background predictions in subpart, part, and object predictions, respectively.
Define X = FGS ∩ FGP ∩ FGO as the intersection of these predictions, rep-
resenting pixels with consistent foreground labels across levels. For each pixel
x ∈ X, with predicted categories C(Sx), C(Px), and C(Ox) for subparts (Sx),
parts (Px), and objects (Ox), respectively, category entailment is evaluated using
1[C(Sx), C(Px)] and 1[C(Px), C(Ox)], where 1 is an indicator function returning
1 if the hierarchical entailment is correct, using ground truth relations, otherwise
0. We compute the entailment measure M(x) as:

M(x) =

{
1 if 1[C(Sx), C(Px)] ∧ 1[C(Px), C(Ox)],

0 otherwise,
(2)

where ∧ is the logical and operator. SeCS is the mean of M(x) across all x ∈ X.
Values range from 0 (no semantic coherence) to 1 (perfect semantic coherence).

5 Algorithm Benchmarking

We now assess modern models’ ability to account for hierarchical decompositions
to the subpart granularity.

5.1 Open-Vocabulary Localization in a Zero-Shot Setting

We first evaluate models for open-vocabulary localization in zero-shot mode
across three hierarchy levels: object, part, and subpart. This approach avoids
the drawbacks of the alternative options of training models from scratch or fine-
tuning, including the computational expense and risks of overfitting to the target
task and so diminishing generalizable knowledge.
3 For a quadruped, for instance, pairs such as {(eyes, head), (chest, torso), (torso,

quadruped)} could be present in R.
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Models. We benchmark 11 model variants.
Most related to our work is HIPIE [60], which is designed for open-vocabulary

hierarchical segmentation to the subpart level. It takes as input a list of all
candidate categories that can appear and then predicts which categories are
present where in the given image. We test two variants with different backbones:
ResNet-50 [18] and ViT-H [12].

We also evaluate 10 variants of foundation models that, by design, are in-
tended for use on a variety of downstream tasks. Five produce pixel-wise seg-
mentation masks: LISA-7B [24], LISA-13B [24], GLaMM [46], and PixelLLM-
7B [48], and PixelLLM-13B [48]. The other five can only produce bounding boxes:
CoGVLM [59], Ferret-7B [64], Ferret-13B [64], Shikra [6], and Kosmos2 [43]. For
these models, we analyze their upper bound of their potential performance by
notifying the model what object category needs to be located in a given im-
age. We examine two types of requests: “Can you please locate the <object>
in the image?" for objects, and “Can you please locate the <(sub)part> of the
<object> in the image?"4 for each part and subpart. We evaluate with these
prompts a Specific category by using the original WordNet category from the
158 ImageNet categories as well as a General category by referring to the 11
super-categories. Consequently, we test each model with four prompts.

Evaluation Metrics. We use two evaluation metrics for all models: (1) Inter-
section over Union (IoU) to assess segmentation performance for objects, parts,
and subparts independently and (2) our Spatial Consistency Score (SpCS) to as-
sess structural coherence across object, part, and subpart levels. We also use our
new Semantic Consistency Score (SeCS) to assess semantic coherence between
predicted hierarchical levels for the only relevant model, HIPIE (it predicts from
a list of candidate categories rather than for the target, single category).

Localization Results (mIoU). Results are shown in Table 2.
We observe a consistent trend across all models: localization performance

is best for object segmentation, followed by increasingly worse performance for
more granular categories of parts and then subparts. The best score for localizing
objects is 86 followed by 40 for parts and 14 for subparts. The worst scores come
from the only model directly designed for hierarchical segmentation, HIPIE. It
does worse across all granularity levels than the foundation models; e.g ., for
subpart localization, 1 vs 3 from the worst-performing foundation model, Kos-
mos2. We attribute the poor performance to HIPIE’s limited training data (e.g .,
limited part vocabulary), which only included part-level categories from Pascal
Parts [7]. Moreover, HIPIE’s heuristic grouping assumes that parts are the sum
of their subparts, which is not the case in SPIN (e.g ., unlabelled “space" exists
between a cheek an eye in a head).

We explored to what extent entity size is correlated to the resulting IoU
scores by using linear regression for the better-performing foundation models.

4 For subparts, we refer to the parent object rather than the parent part, as broader
context aids in processing finer details [47].
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mIoUS mIoUP mIoUO SpCS - Avg SpCS - S2P SpCS - P2O

Method # Params. Specific General Specific General Specific General Specific General Specific General Specific General

HIPIE [60] (R-50) 200M 0.80 0.10 8.05 7.22 51.36 13.87 97.82 98.77 100 100 95.64 97.54
HIPIE [60] (ViT-H) 800M 0.90 0.92 7.21 8.23 66.77 21.69 98.04 99.25 100 98.50 96.08 96.06
PixelLLM [48] 7B 9.08 9.24 32.37 31.37 83.93 79.87 73.79 82.46 69.57 79.20 89.49 90.73
PixelLLM [48] 13B 9.53 10.13 32.04 32.96 82.90 79.96 84.86 83.06 82.13 80.87 92.60 88.90
LISA [24] 7B 9.61 9.14 27.72 27.28 86.23 83.36 79.30 77.44 74.61 72.93 92.10 89.78
LISA [24] 13B 11.52 11.55 32.29 31.36 87.78 85.45 86.28 79.98 82.87 75.70 96.02 92.41
GLaMM [46] 7B 11.03 11.00 39.41 40.00 86.29 86.31 87.12 87.75 84.21 84.96 95.72 95.38
GLaMM - FT 7B 24.25 24.56 59.37 60.76 86.42 91.08 87.13 87.95 75.93 85.16 90.23 96.04
Ferret [64] 7B 7.22 7.30 25.69 26.54 47.84 47.98 78.70 73.02 46.50 65.68 93.65 94.60
Ferret [64] 13B 6.37 6.25 23.67 23.65 47.99 47.50 81.04 77.30 48.70 70.98 94.17 95.40
CoGVLM [59] 17B 13.94 14.29 38.13 38.56 46.47 43.65 76.33 77.20 72.37 73.32 86.19 87.59
Shikra [6] 7B 8.41 8.72 26.50 27.42 45.50 29.14 68.57 67.01 63.82 66.76 81.85 67.89
Kosmos2 [43] 2.6B 3.45 3.59 19.00 19.48 48.63 48.89 82.74 81.60 78.34 77.03 96.01 95.58
SAM [22] 630M 49.61 49.61 69.23 69.23 90.06 90.06 86.42 86.42 83.85 83.85 92.30 92.30
SAM + CoGVLM 630M 19.88 19.98 50.93 50.90 77.94 75.09 66.71 67.33 80.50 80.73 60.65 61.44

Table 2: Performance of modern models with respect to localization at three gran-
ularity levels—subparts (mIoUS), parts (mIoUP ), objects (mIoUO)—and hierarchical
consistency at two levels—subparts to parts (SpCS-S2P), parts to objects (SpCS-P2O),
and their mean (SpCS - Avg). Results are shown for hierarchical semantic segmentation
models (described in Section 5.1), hierarchical object detection models (Section 5.1),
and interactive segmentation models that perform category-agnostic localization (Sec-
tion 5.2). The method families are separated by dashed lines in that order. Best per-
forming scores are shown in bold.

Due to space constraints, we provide further experimental details and results in
the supplementary materials. In summary though, our findings suggest that size
has little correlation to performance for objects but greater correlations for more
granular levels of parts and subparts. We suspect that one contributing factor is
the sensitivity of the IoU metric for entities occupying a small number of pixels,
as small errors are especially prone to yield dramatic changes in the IoU scores
for such cases.

We next explored the impact of a prompt’s category specificity on model
performance by comparing performance for when general versus specific terms
are employed. Most models perform worse when trying to locate objects cate-
gorized under general terms (e.g ., ‘quadruped’) rather than specific ones (e.g .,
‘dog’). For example, CoGVLM performs 2.82 percentage points (pp) worse with
general categories compared to specific categories. Similarly, the 13B variant
of LISA has a 2.33pp performance drop and its 7B counterpart has a 2.87pp
performance drop. The exceptions to this are GLaMM, Ferret, and Kosmos2,
whose performance are relatively stable and unaffected by the level of category
specificity. A potential reason is that these models utilize training data that ex-
plicitly use both general and specific terms. For example, GCG [46], a source
of training data for GLaMM, refers to entities with both abstract and specific
terms (e.g ., person and toddler). Overall, this variance highlights the challenge
in choosing an appropriate level of category specificity for objects. However, the
story changes when trying to locate parts and subparts, with the performance
gap between general and specific categories falling to within 1pp. An interest-
ing direction for future work is better understanding how and why an entity’s
granularity level influences models’ abilities to overcome abstraction challenges.
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We also examine how the training data of the Large Language Models (LLM)
Llama [54], since it serves as the basis for the majority of foundation models eval-
uated in our study. Specifically, we analyze the empirical frequency (i.e., total
occurrence) of uni-grams (e.g ., eye) and n-grams (e.g ., eye of the quadruped)
within the dataset using the ∞-gram API [34], which uses byte array pattern
matching to find all occurrences of a given BPE tokenized [49] n-gram. Due to
space constraints, results are provided in the supplementary materials. In sum-
mary though, we observe a decline in average uni-gram occurrence frequency
when increasing granularity (e.g ., part to subpart). An interesting direction
for future work is to remedy this imbalance, such as by designing parameter-
efficient methods to restructure the text embedding space of LLMs to recognize
hierarchical relationships, akin to MERU [10] restructuring CLIP [44]-space for
image-level is-a relationships.

Performance When Training on Our SPIN Dataset. We next examine
the potential benefit of our SPIN training data for modern models. To do so, we
fine-tuned the top-performing GLaMM algorithm [46] for all hierarchy levels in
SPIN, and we refer to this variant as GLaMM-FT. Results are shown in Table 2.

Overall, we observe a considerable performance boost. For example, when
prompting with general categories, we observe a 13.56 percentage point (pp) in-
crease (123% relative increase) for subparts, a 20.76pp increase (51.90% relative
increase) for parts, and a 4.77pp increase for objects (5.51% relative increase).
While such performance gains are promising, we still observe very low absolute
scores for subparts, indicating their challenge for modern models. We suspect
a promising direction for future work is providing cost-effective ways to further
increase the amount of available training data, such as through synthetic data
creation and 2D projections from 3D models.

Hierarchical Consistency Results. SpCS results are shown in Table 2. Sim-
ilar trends are observed for part-object and subpart-part relationships. Part-
object pairs consistently exhibit high SpCS-P2O scores, indicating models tend
to correctly predict parts within their corresponding whole objects. This pro-
vides evidence that models’ have some understanding of spatial containment
among part-object relationships. A potential reason for this is that models are
indirectly trained on part-whole relationships, because they are already taught
that an object is a part of a scene. The aforementioned trend is slightly worse
when examining consistency between subparts and parts (i.e., SpCS-S2P), with
scores varying from 46.50 (i.e., Ferret 7B) to 84.21 (i.e., GLaMM) when em-
ploying general terms for objects and from 65.68 (i.e., Ferret 7B) to 84.96 (i.e.,
GLaMM) when employing more specific categories for objects. This variability,
coupled with low mIoU scores for subparts, reveals that models often predict
subparts outside their intended part boundaries, underscoring poor performance
in properly contextualizing subparts within an object.
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5.2 Interactive Segmentation for Vocabulary-Free Localization

We next assess to what extent models can localize entities at all hierarchy levels
in our dataset if they are notified where to look in an image. This sets an upper
bound of what is possible. To do so, we benchmark the state-of-the-art interactive
segmentation model, SAM [22], which takes as input a coarse marking on an
image specifying where to create the segmentation. We use bounding boxes as our
coarse image markings, because they are shown to outperform alternatives [41]
when using SAM. We explore the upper bound performance for this model by
using the ground truth object, part, and subpart segmentations to generate the
bounding boxes (i.e., by using [xmin, ymin, xmax, ymax] for each entity’s pixels).
Results are shown in Table 2.

Despite the idealized guidance from the bounding box prompts, SAM’s per-
formance is still imperfect. As granularity increases, localization performance
consistently decreases by about 20pp when going down a granularity level (e.g .,
objects to parts), revealing that SAM struggles more as segmentation requests
become more fine-grained. Still, our findings demonstrate SAM’s potential for
yielding considerably higher quality hierarchical segmentations than observed
from existing localization models benchmarked in the previous section. Com-
pared to the top-performing zero-shot segmentation-based model (i.e., GLaMM),
SAM achieves a boost of 38.61pp for subparts, 20.23pp for parts, and 3.75pp for
objects, alongside similar SpCS scores.

We also evaluate a fully-automated system with SAM, by incorporating
bounding box predictions from the top-performing bounding box producing
model, CoGVLM. Results are shown in Table 2. We similarly observe that it
outperforms the leading zero-shot segmentation method, GLaMM, in segmenting
subparts and parts (9.24 percentage point (pp) boost for subparts and 10.87pp
for parts). We attribute these performance gains to SAM’s ability to leverage
a location prior (e.g ., bounding box), whereas models like GLaMM rely solely
on language priors. In contrast, this approach performs worse than the leading
zero-shot segmentation method, GLaMM, for objects, with a 11.22pp decrease.
We attribute this performance drop to CoGVLM’s inferior performance in con-
sistently and accurately detecting bounding boxes.

5.3 Recognizing Hierarchical Semantics in a Zero-Shot Setting

We finally evaluate the ability of models to recognize hierarchical semantic labels
for objects in images (i.e., without localization). We assess this in an idealized
scenario in which we notify models what to look for as well as where to look in
the image. This sets an upper bound of what may be possible with such models
as they are explicitly told where to look.

Models. We evaluate eight off-the-shelf model variants: CoGVLM [59], Ferret-
7B [64], Ferret-13B [64], Shikra [6], Osprey [66], Kosmos2 [43], ViP-Llava-7B [4],
and ViP-Llava-13B [4]. All prompts to the models resemble the following basic re-
quest: "Is there a <object> in the <region>?" for objects and "Is there
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Method # Params. Prompt mACCS mACCSS mACCP mACCPS mACCO mACCOS

Shikra [6] 7B Bbox 66.12 61.28 79.67 74.56 77.04 82.05
Ferret [64] 7B Bbox 59.01 57.19 59.95 66.17 86.78 89.21
Ferret [64] 13B Bbox 50.31 69.42 61.72 67.84 88.93 89.02
CoGVLM [59] 17B CoT 42.16 45.54 81.75 83.31 87.15 83.67
Kosmos2 [43] 2.6B SG 79.12 64.32 74.23 68.53 84.55 78.78
Osprey [66] 7B Mask 77.43 55.95 86.30 81.20 96.43 84.85
ViP-Llava [4] 7B Mask 53.57 58.52 64.13 64.96 71.62 65.25
ViP-Llava [4] 13B Mask 94.78 97.43 99.90 99.80 98.33 95.06

Table 3: Accuracy metrics for object hierarchical decomposition: general (mACCS ,
mACCP , mACCO) and specific (mACCSS , mACCPS , mACCOS) categories across sub-
parts, parts, and objects. (CoT = Chain of Thought; SG = Self-Grounding)

a <(sub)part> of the <object> in the <region>?" for parts and subparts.
Regions are specified either with segmentations (ViP-Llava, Ferret, Osprey) or
bounding boxes (CoGVLM, Shikra, Kosmos2). We generate these regions di-
rectly from the ground truth annotations (e.g ., bounding boxes as described in
Section 5.2) for objects, parts, and subparts. We prompt models for each cat-
egory known to be in the region, one at a time. An answer is ‘yes’ if ‘yes’ is
present in the model’s output, and otherwise ‘no’. As done in Section 5.1, we
test both general and specific categories in the prompts.

Evaluation Metrics. We use accuracy to evaluate at each granularity level.

Results. Results are reported in Table 3.
While most models struggle overall to recognize categories in images (de-

spite being told where to look in the images), one model has nearly perfect
accuracy: ViP-Llava-13B. One hypothesis for this atypically strong performance
is the model lacks understanding and instead always answers yes when prompted
about the presence of categories. We explored this with further experiments using
adversarial examples that are instead expected to always answer “no”.5 However,
our findings from these experiments are none-conclusive. We observe the model
can answer “no”, but it also suffers in this case from a significant decrease in
accuracy for the adversarial prompts. This performance drop could be due to a
separate issue that the model struggles with negation (i.e., the reversal curse [3]).
Altogether, this evaluation represents the best-case scenario for performance; it is
likely to fall further in real-world applications due to imperfect human inputs or
model-generated segmentations, both of which we have shown to exhibit poorer
performance at finer granularity levels, as discussed in Sections 5.1 and 5.2.

We observed mixed outcomes regarding which granularity levels are most
difficult to recognize. For Ferret-13B and Osprey, an increase in granularity cor-
relates with improved accuracy; e.g ., transitioning from subparts to objects using
general category names results in a 28.62pp increase for Ferret-13B and a 19.00pp
5 Results are shown in the supplementary materials for two prompts asking “Is the

category not present” and “Is the [different category] present”.
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increase for Osprey. Conversely, for most other models, object identification con-
sistently outperforms subpart identification. The differential performance across
granularity levels may partly stem from the disparate prevalence of tokens in the
training data across different granularity levels, particularly within the Llama
dataset (as previously discussed). For parts and subparts, the mixed results ob-
served—where parts sometimes outperform subparts (e.g ., CoGVLM) and vice
versa (e.g ., Ferret-7B)—could be attributed to their relative frequency in the
training data. Future research could focus on examining how foundation models
differentiate responses based on prompt granularity and on enriching datasets
like GRIT [64] with hierarchical relationships to improve model understanding
of intra-entity relationships. Additionally, future work could explore enhancing
hierarchical-relationship understanding so success at different hierarchical levels
can facilitate finding entities at other granularity levels.

We also observed mixed outcomes when comparing the efficacy of specific ver-
sus general categories. Half the models performed better using general terms for
subparts, with a similar pattern observed in parts and objects. A potential rea-
son for this discrepancy, compared to the relatively consistent results in Sec 5.1,
is that localization models often rely on feature similarities, such as CLIP [44]
features. Even if a model does not capture every nuance of a category query,
it still attempts find a match based on overall similarity to known categories
(e.g ., mini-van vs. van) and is less likely to reject user queries [62]. Conversely,
interactive understanding models, designed to maximize accuracy, may strictly
search for precise category matches within their trained representations. Given
our task’s structure (i.e., answers are restricted to ‘yes’ or ‘no’), these models
are predisposed to outright reject the query (i.e., answer ‘no’) if an exact match
is absent, rather than proposing close or related category matches.

6 Conclusion

We introduce SPIN, the first dataset challenge for hierarchical segmentation at
the subpart granularity in natural images. Our analysis reveals SPIN’s charac-
teristics, our two new evaluation metrics enable gauging algorithmic proficiency
in capturing the spatial and semantic relationships across hierarchy levels, and
our benchmarking across three tasks demonstrates that models struggle to recog-
nize and segment subparts in SPIN, even under idealized guidance. We publicly
release SPIN to encourage further advancements in hierarchical segmentation,
sharing the dataset at https://joshmyersdean.github.io/spin/index.html.
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