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This document supplements the main paper with additional
information concerning:

A. Dataset Creation (supplements Section 3.1)
• Video Source
• Annotation Collection
• Ground Truth Generation

B. Dataset Analysis (supplements Section 3.2)
• Baseline Datasets for Comparison
• Dataset Composition
• Segmentation Properties

C. Model Benchmarking (supplements Section 4)
• Fine-Grained Analysis

A. Dataset Creation

Video Source. As noted in the main paper, two in-house
annotators specified for each of the 552 videos the start and
end frames when objects of interest where visible. We em-
ployed the Intersection Over Union (IoU) similarity score
to gauge similarity among the annotator-flagged start and
stop frames. For the intersection, we calculated the du-
ration between the maximum value of the two annotated
start times and the minimum value of the two annotated end
times. For the union, we calculated the duration between
the minimum value of the two annotated start times and the
maximum value of the two annotated end times. We used
an IoU threshold of 0.99 to determine whether the start and
end frame annotations match.

Annotation Collection. We hired crowdworkers on Ama-
zon Mechanical Turk to annotate our objects and parts with
an annotation interface that we built. The interface collects
a series of clicked points to create connected polygons on
independent video frames. The interface supports annotat-
ing multiple polygons to capture when (1) there are multiple
instances of a part (e.g., multiple account numbers) and (2)
occlusions that break a part’s appearance into multiple, dis-
connected pieces. Workers were given a comprehensive in-
struction set including instructions on how to segment each

object class along with its parts.

To facilitate collection of high-quality annotations, we
employed several quality control checks. We monitored on-
going quality by reviewing outliers regarding worker’s fre-
quency of indicating object and part non-presence, average
time to complete a full annotation task, and the level of de-
tail they provided in their segmentations (e.g., high preva-
lence of triangles). We conducted manual spot-checks at the
conclusion of each phased task rollout.

Ground Truth Generation. We used redundant annota-
tions to establish ground truth for objects.

We observed annotation agreement regarding the pres-
ence of an object for 96.5% of frames (present in 9,804
frames and absent in 971 frames), with 93% of the remain-
ing 361 frames showing the object. Consequently, 91%
(10,165) of the 11,165 annotated frames showed a target
object. Of these, 98% (9980) were similar while 2% (185)
had IoU scores less than 0.75 or lacked a redundant anno-
tation necessary to calculate an IoU similarity score. For
those lacking annotation agreement, the in-house annota-
tors reviewed both annotations side by side and then chose
one of the two annotations to keep for ground truth for 95%
(175) of instances and resegmented the other 4% (10) where
an object was missing or misidentified.

We observed annotation agreement that parts were not
present for 43% (19,201) of 44,600 instances where crowd-
workers were prompted about a part’s presence. Of the parts
deemed present, 67.8% (17,217) had high segmentation
similarity and the remaining 32.2% (8,182) went through
further manual review. An in-house annotator reviewed
both part-level annotations and then selected the correct op-
tion when available or created a new segmentation when
neither were suitable. Of the 8,182 part-level annotations,
one part-level annotation was selected for 53.2% (4,357) in-
stances and new segmentations were created for the rest.
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Figure 1. BIV-Priv-HIT object annotation frequency distribution of objects across all 10,165 object annotations
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Figure 2. BIV-Priv-HIT part annotation frequency distribution of part categories across all object 10,165 annotations.

B. Dataset Analysis

Baseline Datasets for Comparison. Only one other
dataset could feasibly support hierarchically tracking ob-
jects and parts, Meta’s SA-V [2], since it provides both
object and part masklets. However, it is non-trivial to de-
termine the hierarchical object-part relations automatically.
Specifically, inference is necessary because part and ob-
ject masklets are treated the same, yet this is non-trivial to
achieve for numerous reasons including that unrelated oc-
cluding entities can lead one to incorrectly deem an entity
to be a part (e.g., a watch on a person’s wrist).

Dataset Composition. The object category frequency
distribution across the BIV-Priv-HIT dataset is shown in
Figure 1. When observing the object category frequency
distribution, the condom and pregnancy test boxes have the
lowest object counts. This is because, in the original dataset,
they are both categorized under the same label, ‘condom’
and ‘pregnancy test.’ In contrast, we observe that docu-
ments and similar objects feature the most part annotations
per object. For example, bank statements, business cards,
doctor’s prescriptions, and similar objects feature the most
part annotations per object. To ensure semantic labeling
precision and increase granularity, we separated images fea-
turing only the box versus the object and vice versa. In
addition, we had comparable frame sampling across object
labels, with every object label featuring between 650 and
800 human annotations per object.

We observe a similar trend in cumulative part annota-
tions per object as in object annotations per object illus-
trated in Figure 2. We observe that condom boxes and

pregnancy test boxes have the lowest number of part an-
notations per object because these labels also have the low-
est number of object annotations. We also note that con-
dom packets, medical records, and pregnancy tests have the
highest occurrences of single-part annotations. This is be-
cause the condom packet and pregnancy test only have two
parts, where one part (branding) is predominantly more vis-
ible than the other (sensitive text) in nearly all viewing sce-
narios. The medical record has four parts; however, the pa-
tient data part label features the highest visibility across di-
verse viewing scenarios, as it occupies the most significant
amount of area relative to the object compared to its other
parts (diagnoses, prognoses, and physician info). The most
common frequency of part annotations across all objects is
between 1 and 4 part annotations per object. Lastly, we
found that Bank statements, MIR reports, and Transcripts
are the only objects featuring 6 potential parts; however,
only bank statements and MIR reports have instances where
all six parts were annotated, and transcripts do not. Tat-
too sleeves and local newspapers most often show no part
annotations, which we attribute to a lack of parts for tat-
too sleeves and no visibility of the private content for local
newspapers.

Segmentation Properties. Statistics characterizing typi-
cal appearances of BIV-Priv-HIT’s objects and parts are
shown in Figure 3. In BIV-Priv-HIT, we observe that most
objects feature boundary complexities between 0.65 and
0.75 (Figure 3a), while most parts feature boundary com-
plexities between 0.35 and 0.60 (Figure 3e). The pregnancy
test object features the most jagged and diverse boundary
complexity, with 75% of its boundary complexities rang-
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Ban
k 

St
at
em

en
t

Bill
 o
r  

Rec
eip

t

Bus
in
es
s 

Car
d
Con

do
m
  

Box
Con

do
m
  

Pa
ck
et

Cre
di
t o

r  

Deb
it 

Car
d

Doc
to
r’s

  

Pr
es
cr
ip
tio

n

Le
tte

r w
ith

  

Add
re
ss Lo

ca
l  

New
sp

ap
er

M
ed

ica
l 

Rec
or
d M

IR
 

Rep
or
t

Pi
ll 
 

Bot
tle

Pr
eg

na
nc

y 

Te
st

Pr
eg

na
nc

y 
 

Te
st 

Box

Tr
an

sc
rip

ts

Ta
tto

o 
 

Sl
ee
ve

Ove
ra
ll

(k) Part Center Bias

(j) Part Solidity

(i) Part Eccentricity

(h) Part Convexity

(g) Part Boundary Complexity(a) Object Boundary Complexity
0.00
0.25
0.50
0.75
1.00

(b) Object Convexity
0.00
0.25
0.50
0.75
1.00

(c) Object Eccentricity
0.00
0.25
0.50
0.75
1.00

(d) Object Solidity
0.00
0.25
0.50
0.75
1.00

(e) Object Center Bias
0.00
0.25
0.50
0.75
1.00

(f) Part-Object Coverage

0.00
0.25
0.50
0.75
1.00

Ban
k 

St
at
em

en
t

Bill
 o
r  

Rec
eip

t

Bus
in
es
s 

Car
d
Con

do
m
  

Box
Con

do
m
  

Pa
ck
et

Cre
di
t o

r  

Deb
it 

Car
d

Doc
to
r’s

  

Pr
es
cr
ip
tio

n

Le
tte

r w
ith

  

Add
re
ss Lo

ca
l  

New
sp

ap
er

M
ed

ica
l 

Rec
or
d M

IR
 

Rep
or
t

Pi
ll 
 

Bot
tle

Pr
eg

na
nc

y 

Te
st

Pr
eg

na
nc

y 
 

Te
st 

Box

Tr
an

sc
rip

ts

Ta
tto

o 
 

Sl
ee
ve

Ove
ra
ll

Figure 3. Boxplots showing the distribution of boundary complexity, convexity, and eccentricity at the object and part level. Part-object
coverage and part-image coverage are also shown. The blue lines represent medians, bottoms and tops of each box represent the 25th and
75th percentile values respectively, and whiskers represent the most extreme data points not considered outliers.

ing from 0.25 to 0.42. We attribute this finding to preg-
nancy tests being the most geometrically complex objects
out of all the object categories in the dataset. Moreover,
the pregnancy test is the only object in the dataset that is
not a square or rectangle and continuously presents com-
plex boundaries regardless of the viewing angle. At the part
level, the parts of the Business Card object feature the most
jagged boundary complexities, with 75% of values ranging
from 0.29 to 0.44. We attribute this finding to the inherent
jagged edges caused by the occurrence of ‘headings’ and
‘information.’ For example, business cards typically fea-
ture a heading such as ‘Job Title’ or ‘Email’ followed by the
information, which is the actual job title or email address.
In many cases, the information is longer than the heading,
so when annotating the part where we directed annotators to
include the heading, the information naturally lends itself to
creating multiple jagged edges due to including the heading
and information in a single part annotation.

Regarding solidity (Figure 3d), nearly all objects and
their respective parts are solid or ‘filled’ (solidity values
closer to 1), illustrating that nearly all objects and their parts
are their own convex hulls, and exhibit minimal indenta-
tions in their perimeters. At the object level, we observe
that nearly all objects feature solidity values ranging from
0.96 to 1.0, meaning that nearly all of the object’s pixels
also fall within its convex hull. The two notable exceptions

to this observation are the pregnancy test. We attribute this
finding to the pregnancy test being the most geometrically
complex among the objects in the dataset, with the object’s
structure featuring several concavities. Similarly, the tattoo
sleeve follows the shape of the arm from the elbow down to
the wrist, lending itself to an inherently indented perimeter
shape. We see slight variations in other objects but attribute
these variations to viewing angles, occlusions, and other ar-
tifacts that can potentially alter the object’s relative convex-
ity, for example, viewing a document nearly straight on as
opposed to from the top-down.

We see a similar phenomenon at the part level (Figure
3j); however, the objects with the more diverse solidity at
the part level are the condom packet and the pill bottle. In
the case of all the objects, we observe a similar trend to the
object level: nearly all parts are ‘solid’ with solidity values
ranging from 0.95 to 1.0. Regarding the condom packet and
the pill bottle, the exceptions to this trend, we attribute the
increased convexity to the fact that these two objects feature
a significant presence of text. In the case of the condom
packet, the sensitive text is also placed among the brand-
ing, causing annotators to create more concavities in their
annotations to segment sensitive text accurately. We see a
similar trend in the pill bottle object due to parts such as
addresses, personal information, and prescription data, all
of which are shapes that require more significant concavi-



ties in their segmentation to accurately demarcate from the
other parts.

Regarding center bias (Figure 3e), values close to 0.5
indicate a balanced distribution of objects within the frame,
suggesting that objects are neither heavily centralized nor
significantly off-center. The dataset’s median center bias
value is approximately 0.4997, and all objects feature a nar-
row center bias range between 0.49 and 0.5, indicating a
precise and slight central tendency at the object level. At
the part level (Figure 3k), we see the same median value of
0.4997, albeit the spreads and whiskers are slightly wider
than the object level, indicating more variability in the po-
sitioning of parts within objects.

Regarding convexity (Figure 3b), we see similar trends
to solidity at the object level, with convexity values ranging
from 0.94 to 0.99. This finding suggests that the shapes are
relatively smooth at the object level and lack significant in-
dentations or concavities. We see almost an identical trend
at the part level (Figure 3h), with convexity values typi-
cally ranging from 0.94 to 0.97. The only exception to this
finding is the condom packet, which consists of two parts:
sensitive text and branding. We find both of these parts to
present many concavities due to the shapes required to seg-
ment sensitive text and branding accurately. For example,
two of the condom packet brands found in the dataset are
KY and Trojan; when segmenting the branding for these
two condom packets, the KY logo and the Trojan helmet
brand are shapes with many concavities and jagged edges.
As a result, we observed that the parts of the condom packet
had the broadest range of convexity values, ranging from
0.8 to 0.95.

Concerning eccentricity, at the object level (Figure 3c),
we observe values exhibiting medians close to 0.8, a signifi-
cant finding that indicates a generally high elongation in ob-
jects across categories. The interquartile range spans from
approximately 0.62 to 0.98, further emphasizing the high
median values. Moreover, we see a trend of whiskers ex-
tending from around 0.35 to 1.0, highlighting some eccen-
tricity variation but maintaining a tendency towards higher
values (more elongated). We see the condom packet’s
whiskers extend from 0.0 to 1.0, a finding we attribute pri-
marily to the viewing angle because condom packets are
only square-like when viewed top-down. In contrast, they
can appear more elongated in nearly any other viewing sce-
nario. We also observe high median values and tight spreads
in the pill bottle, tattoo sleeve, and pregnancy test (median
values ≥ 0.9), all of which are the most elongated objects
in the dataset.

At the part level (Figure 3i), we see similar trends, albeit
with higher median values (0.75 to 0.98) and less variance
compared to the object level (whiskers primarily between
0.5 and 1.0). Again, we observe the condom packet elic-
its the most diverse eccentricity values, mainly due to the

placement of sensitive text and the unique shape of their
graphical brandings. We see a similar phenomenon in the
letter with the address and medical record objects, which we
attribute to the presence of text as these two objects consist
of the most textually dense parts compared to other objects
in the dataset. Overall, the eccentricity values at the part
level generally show less variation than the object level, as
the object’s parts tend to have more defined and consistent
shapes within their parent objects. We also provide solid-
ity and center bias statistics at the object and part levels,
detailed further in the supplementary materials.

Concerning part coverage, the relative area occupied by
the region of interest, at the image level (Figure 3l) for
nearly every object category, parts occupy less than 20%
of the image with a majority of parts occupying less than
5% of the image. Again, we attribute the more significant
inter-quartile range in the medical record object to the pa-
tient data, a part within medical records that can easily and
often occupy more than half of the object.

At the object level (Figure 3f), we observe a similar phe-
nomenon in that objects such as the bank statement, bill or
receipt, medical record, and transcripts feature the largest
interquartile ranges, a finding that we attribute to the relative
sizes of the composite parts within these objects. For exam-
ple, the transaction data part of a bank statement can and
often does occupy most of the object compared to the ac-
count holder’s name and address. Similarly, the grades part
within the transcripts takes up most of the object’s space in-
stead of the student’s name. In contrast, when examining
the pregnancy test, we see a narrow interquartile range and
a tight variance because the parts of the pregnancy test, such
as the result and sensitive text, occupy very little space on
the object itself.

We also report findings for adopting size thresholds in-
troduced for the MSCOCO dataset [1], where 322 and
962 are thresholds determining whether an object is small,
medium, or large. We find that in BIV-Priv-HIT’s object an-
notations, 0.1% (13) of objects qualify as small, 2.9% (298)
as medium, and 95% (9,854) as large. For part-level anno-
tations, we find 6% (1,323) qualify as small, 41% (8,989)
as medium, and 53% (11,725) as large.

C. Model Benchmarking

Despite the improved performance that comes from fine-
tuning, our dataset still remains challenging for current state
of the art models. Figure 4a shows that even a static object
has so much variation in the predicted masks across frames.
In Figure 4b, the model was unable to track all parts of the
wrapper over time due to a shaky recording. Figure 4d not
only has more than nine parts, but the object is under low
lighting, which appears together to be challenging for the
model, even at the object level.



Figure 4. Examples of SAM-2’s performance on frames collected from four video clips in our dataset. Shown is a full video frame with
the ground truth mask (top) followed by cropped views of the ground truths and model predictions at subsequent frames in the video in
order to make it easier to observe the model’s performance on the region of interest.
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