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Abstract

Promptable image segmentation models have emerged as an
evolution of image segmentation models with fixed classes.
This approach allows for great flexibility during usage, en-
abling the user to prompt the model using a broad set of text
prompts. However, it is unknown how robust these models
are to generalizations of concepts, or “hypernyms”. For
example, if a model is prompted with “orange cat”, “cat”,
and “animal”, will the mask for the more specific concept
be contained within masks for more general concepts? Has
the model learned a consistent concept hierarchy, where
each concept entails a broader concept? To evaluate this,
we introduce CGEBench, a modified version of SaCo-Gold
for evaluating concept generalization of open-vocabulary
image segmentation models. We evaluate SAM-3, a state-
of-the-art image segmentation model, on CGEBench and
show that it exhibits inconsistencies when generalizing to
more abstract concepts, with concepts of increasing general-
ity being labeled increasingly less consistently on average.
After filtering to high-confidence prompt hierarchies, mean
IoGT decreases from 0.98 at pbase to 0.85, 0.80, and 0.74 at
p1, p2, and p3, while cumulative agreement drops to 0.56
by p3. Exact-zero IoGT becomes more common at higher
abstraction levels, rising from 13.2% at p1 to 22.7% at p3,
although partial-overlap cases remain the majority. These
results position concept generalization of future promptable
image segmentation models as an important area for bench-
marking and improvement. The dataset is available at hug-
gingface.co/datasets/avrecum/cgebench.

1. Introduction

Open-vocabulary segmentation requires models to map free-
form concepts to precise pixel-level masks. Early deep
models operated over fixed class taxonomies. Mask R-
CNN [10] and DeepLab [4] performed well on COCO [15]
and ADE20K [31], but remained limited to categories seen
during training. Panoptic segmentation [11] unified instance

and semantic segmentation, but not the closed-vocabulary
limitation.

Large-scale vision-language pretraining, including
CLIP [21], enabled open-vocabulary segmentation.
OpenSeg [8] aligned per-pixel features with CLIP em-
beddings using image-level supervision. Later methods
extended this direction: OVSeg [14], FC-CLIP [29],
and ODISE [27]. CLIPSeg [19], GroupViT [26], and
LSeg [13] further connected language supervision and dense
segmentation. These methods expanded label vocabularies,
but usually predicted among candidate labels rather than
handling fully free-form prompts.

SAM [12] introduced promptable segmentation from
points, boxes, and masks. It showed strong zero-shot trans-
fer on SA-1B but remained class-agnostic. SAM 2 [22]
extended this design to video. Related systems such as
SegGPT [25], SEEM [32], and Grounded SAM [17, 23] im-
proved semantic grounding, often via multi-stage pipelines.

SAM-3 [3] introduces Promptable Concept Segmentation
(PCS), combining text and exemplar prompts for detection,
segmentation, and tracking. The accompanying SA-Co Gold
set contains about 207K concepts, about 50× of LVIS [9]. In
the reported PCS setting, SAM-3 achieves about 2× higher
accuracy than prior systems.

Current evaluations ask whether a model segments a
given concept, but not whether predictions remain consistent
across abstraction levels. If a model segments “Labrador
retriever,” does it produce a containing mask for “dog,” “ca-
nine,” and “animal”? We call this property concept general-
ization consistency. We introduce CGEBench, derived from
SA-Co Gold, to evaluate this property in open-vocabulary
segmentation and analyze how SAM-3 behaves across se-
mantic hierarchies.

1.1. Related Work
Semantic hierarchies in vision-language models. Prior
work studies whether vision-language models capture tax-
onomy. SHiNe [16] reports variation across semantic granu-
larity and proposes hierarchy-aware classifiers. MERU [5]
uses hyperbolic embeddings for visual-semantic entailment.
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Figure 1. Select failures of concept generalization in SAM-3. Ground truth is labeled in light green, SAM-3 generated mask in purple. IoGT
represents the intersection of the ground truth and the generated mask divided by ground truth area.

CHiLS [20] and Hierarchy-CLIP [7] incorporate WordNet
structure into CLIP-style classification. HIPIE [24] ad-
dresses multi-granularity segmentation. Baryshnikov and
Ryabinin [2] evaluate hypernymy in text-to-image models.
Xu et al. [28] study cross-modal taxonomic generalization.
While these works focus on classification/detection behavior,
they do not test spatial mask consistency across abstraction
levels.

Segmentation evaluation metrics. Standard metrics such
as mIoU and Panoptic Quality [11] do not model semantic
proximity. SG-IoU [18] addresses this by reducing penalties
for semantically close confusions (e.g., “table” vs “coffee
table”). Our containment-based evaluation is complemen-
tary: it tests whether inclusion relations are preserved across
a concept hierarchy.

2. CGEBench: Evaluating Concept Generaliza-
tion in Promptable Segmentation Models

Our goal is to evaluate whether image segmentation mod-
els have learned a consistent visual hierarchy, where more
general prompts result in masks that entirely contain more
specific prompts. We call this ability ”concept generaliza-
tion”.

We define the task of concept generalization as reliably
labeling concept prompts that are superclasses of other,

more specific prompts. That is, if an object is an instance
of concept X , it must also be an instance of concept Y
whenever Y is a superclass of X . For our dataset, we create
a modified version of the SaCo-Gold benchmark [1, 6]
which, in addition to Image-NP pairs in SaCo-Gold includes
increasingly general text prompts which entail the specific
prompt provided by SaCo-Gold. To obtain a sequence of
prompts with increasing generality, we prompt an LLM to
generate three increasingly general concepts, yielding a
sequence (pbase, p1, p2, p3), where pbase is the base prompt
from SaCo-Gold and p1, p2, p3 are progressively more
general prompts. We then apply a VLM filtering pass
to remove hierarchies whose prompts are not concrete
segmentation targets or whose generated concepts do
not match the image. We provide an overview of the
most frequently occurring concepts after this filtering step
in Table 2 of Appendix 5. The SAM-3 authors do not
publish a fixed concept hierarchy with SA-Co Gold, so
we construct and evaluate the model only on our own
prompt-generalization hierarchies. To validate data quality,
after generating and filtering, all co-authors manually
verified at least 200 randomly sampled prompt chains and
labels for correctness. We run this filtering pass over 17,802
candidate hierarchies and retain 812 high-confidence prompt
chains for the final SAM-3 evaluation. Several example
generalization prompt chains can be found in Appendix 5.
As of writing, SAM-3 is the most capable promptable



segmentation model available to us for this evaluation. We
expect similar trends on the recent SAM-3.1 checkpoint, as
SAM-3.1 primarily improves in the area of multi-object
video tracking. As a result, we do not evaluate SAM-3.1.

2.1. Ground-Truth-Normalized Intersection Score
(IoGT)

Given a prompt pk ∈ {pbase, p1, p2, p3}, let M(pk) be the
predicted binary mask and let G be the ground-truth binary
mask for the instance. We measure

s(pk) =
|M(pk) ∩G|

|G|
, (1)

where | · | denotes mask area in pixels.
This score measures how much of the ground-truth object

is covered by the mask produced from each prompt. We
use it because if one prompt denotes a subclass and another
denotes its superclass, then the superclass mask should in-
clude at least the subclass region. Therefore, for a superclass
prompt pj of pi, we expect s(pj) ≥ s(pi).

In addition, we measure cumulative intersection with the
ground truth up to hierarchy level i. Let Si =

⋂i
k=0 M(pk),

where p0 = pbase. We define

c(i) =
|Si ∩G|

|G|
=

|(
⋂i

k=0 M(pk)) ∩G|
|G|

. (2)

This metric captures agreement across levels of the
learned concept hierarchy. While IoGT evaluates each
prompt independently, c(i) reveals whether predictions re-
main mutually consistent as concepts become more general.
A sharp drop in c(i) at some level indicates that the hierar-
chy collapses: masks at that level no longer preserve shared
object support from earlier levels. Ideally, for a well-ordered
hierarchy, all masks contain the true object region and both
s(pk) and c(i) stay close to 1 at every level.

3. Experiments
We evaluate SAM-3 on CGEBench, our modified version of
SaCo-Gold [3]. Figure 2 reports mean IoGT across prompt
levels (pbase, p1, p2, p3). Mean IoGT decreases monotoni-
cally from 0.977 at pbase to 0.847, 0.799, and 0.745 at p1,
p2, and p3, respectively. The cumulative intersection score
drops more sharply, from 0.977 at pbase to 0.836, 0.712, and
0.560.

Figure 3 shows that full-overlap predictions become rare
at higher abstraction levels: 2.1%, 2.8%, and 3.1% of exam-
ples have IoGT = 1 at p1, p2, and p3. Exact-zero IoGT rises
from 13.2% at p1 to 17.7% at p2 and 22.7% at p3, while
partial-overlap cases remain the majority.

Together, these trends suggest that hierarchy consistency
degrades as concept abstraction increases.
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Figure 2. Mean IoGT and cumulative intersection score across
generalization levels. Mean IoGT decreases from 0.98 at pbase to
0.74 at p3, while cumulative agreement drops from 0.98 to 0.56.
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Figure 3. IoGT score distribution by level. Full-overlap predic-
tions become rare after pbase, while exact-zero IoGT increases from
13.2% at p1 to 22.7% at p3. Partial-overlap predictions remain the
majority at higher abstraction levels.

3.1. Concept Generalization across Semantic Cate-
gories

To analyze whether failures differ across semantic cat-
egories, we embed each source prompt pbase using
Qwen/Qwen3-Embedding-4B [30]. We cluster the nor-
malized embeddings with k-means, selecting k = 28 by
cosine silhouette over candidate cluster counts. For visu-
alization, we plot the largest 20 clusters after omitting the
children/people cluster, and label clusters using semantic
summaries of representative source prompts.

We define failure as 1− IoGT and show failure rates
across semantic categories in Figure 4.

Failure rates vary substantially by semantic cate-
gory. At p3, the highest-failure large clusters include
floors/surfaces (74.0%), roads/paths (57.7%), flowers/florals
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Figure 4. Failure heatmap across semantic categories and generalization levels. We plot 1− IoGT in percent as the failure rate of concept
generalization for a particular prompt level. Clusters sorted by cluster size in descending order from left to right.
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Figure 5. Distribution of the number of SAM-3 mask outputs per
prompt level. The share of groups with four or more mask outputs
increases from 22.2% at pbase to 28.8% at p3, while single-mask
outputs remain about half of examples.

(56.3%), foods/produce (41.4%), and gems/glass/blue sym-
bols (41.0%). In contrast, several clusters remain compara-
tively stable, including women/body parts (0.9%), footwear
(3.1%), hair styles (3.3%), and musical instruments (9.7%).
These differences suggest that concept generalization failure
is not uniform across semantic domains.

Overall, however, lack of concept generalization appears
to be a consistent trend in current promptable image
segmentation models.

4. Discussion and Future Work
Our experiments on CGEBench show a clear containment
drop as concepts become increasingly abstract. Part of this
degradation can come from inherently harder containment
decisions at higher abstraction levels, but the dominant pat-

tern is a generalization failure: full-overlap predictions be-
come rare at higher abstraction levels, exact-zero failures
increase, and most retained examples fall into partial-overlap
behavior. To reduce annotation noise as a confounder, all
co-authors manually checked at least 200 sampled prompt
chains and labels. This supports our core argument that,
for open-vocabulary segmentation, robust concept general-
ization should not depend on one specific hierarchy design.
Beyond evaluation, CGEBench is also useful as a training
signal to improve model robustness to semantic abstraction.

A natural next step is to specialize CGEBench with bench-
mark variants that stress different generalization axes, such
as spatially conditioned prompts (e.g., “left”, “right”, “be-
hind”), attribute-based prefixes, and other compositional
prompt alterations. These extensions can help isolate where
generalization breaks and guide model and training improve-
ments.

Further improvements to open-vocabulary semantic seg-
mentation models informed by the results of CGEBench
could include hierarchically consistent datasets that reflect
containment relationships. Additional experiments could in-
clude replacing the text encoder in SAM-3 with a more pow-
erful one, which could potentially provide more general text
representations helpful for more reliably recognizing con-
cepts across semantic hierarchies.
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5. Generalizations

Table 1. Example generalization chains from CGEBench.

Pbase P1 P2 P3

black high heel high heel shoe footwear
large clear diamond large diamond diamond gemstone
wood guitar guitar string instrument musical instrument
red rose rose flower plant
association football ball soccer ball sports ball ball

Table 2. Most frequently occurring concepts at each prompt level.

Pbase P1 P2 P3

Concept n Concept n Concept n Concept n

1 woman’s hair 13 female hair 13 shoe 32 footwear 45
2 association football ball 12 soccer ball 12 percussion instrument 20 plant 41
3 young girl 9 long wavy hair 10 person 18 hair 39
4 baseball shoes 8 sneaker 10 hat 16 headwear 30
5 running shoe 6 drum 9 human hair 13 musical instrument 29
6 golfer 6 athlete 8 sports ball 13 human 25
7 association football goal 5 diamond 8 gemstone 13 fruit 22
8 long wavy brown hair 5 sports shoes 8 child 12 person 17
9 long dark brown hair 5 girl 8 flower 11 ball 16

10 dirt path 5 baseball cap 7 postage stamp 10 drink 16
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