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Fig. 1: Illustration of this paper’s core insight: Using explicit memory in the form of an online 3D Gaussian splat to condition image and
video segmentation models for improved video segmentation consistency.

Abstract—Remembering where object segments were predicted
in the past is useful for improving the accuracy and consistency
of class-agnostic video segmentation algorithms. Existing video
segmentation algorithms typically use either no object-level
memory (e.g. FastSAM) or they use implicit memories in the
form of recurrent neural network features (e.g. SAM2). In this
paper, we augment both types of segmentation models using
an explicit 3D memory and show that the resulting models
have more accurate and consistent predictions. For this, we
develop an online 3D Gaussian Splatting (3DGS) technique
to store predicted object-level segments generated throughout
the duration of a video. Based on this 3DGS representation,
a set of fusion techniques are developed, named FastSAM-
Splat and SAM2-Splat, that use the explicit 3DGS memory to
improve their respective foundation models’ predictions. Ablation
experiments are used to validate the proposed techniques’ design
and hyperparameter settings. Results from both real-world and
simulated benchmarking experiments show that models which
use explicit 3D memories result in more accurate and consistent
predictions than those which use no memory or only implicit
neural network memories.

Project Page: https://topipari.com/projects/FastSAM-Splat

Index Terms—Object Detection, Segmentation and Categoriza-
tion; RGB-D Perception

I. INTRODUCTION
BJECT-level semantic mapping is a crucial challenge
in deploying autonomous robots in domestic human
environments [1]. In order to construct useful maps in these
settings, robots must detect and segment objects from any cat-
egory, including those that were unknown before deployment.
This challenge is compounded by the substantial variability
of real-world environments, where occlusion, low illumina-
tion, duplicated, and dynamic objects are common [2]. Even
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the robot’s own embodiment—its camera placement, sensor
modality, motion profile, etc.—is a source of variability that
limits the generalization of state-of-the-art segmentation al-
gorithms in the open-world [3]. To address these challenges,
recent research has focused on the potential for class-agnostic
vision foundation models, such as SAM [4] and FastSAM [5]
to contribute to semantic mapping. While foundation models
like these have shown excellent performance in class-agnostic
image segmentation, their predictions are not temporally con-
sistent [6]. Meanwhile, advances in mapping systems like
Clio [7] have identified the consistency of image-level seg-
ments as a key enabler of open-world semantic maps. This
observation motivates the use of video segmentation in place
of static image segmentation algorithms for robotic mapping,
where the consistency of object segments is critical [8]. An
expanding body of work has proposed techniques to ensure
these models predict consistent segments across space [9]-
[12]. Building on this emerging area of research, this paper
aims to explore the following question: Can estimated image-
level segments be combined efficiently over time to enhance
the consistency of downstream video segments (Fig. 1)?

In particular, we set out to improve the temporal con-
sistency and accuracy of state-of-the-art class-agnostic video
segmentation. Unlike traditional segmentation approaches that
are trained to segment objects from a predefined closed-set
of categories, class-agnostic methods enable robots to track
objects from categories not seen during training. The recent
SAM?2 [6] video segmentation model achieved state-of-the-art
performance on this task without using an explicit 3D memory
of its past predictions. We hypothesize that models like SAM?2
would benefit from access to a dense 3D memory of past
predictions (i.e. a robot’s object map). The present study sets
out to evaluate this hypothesis by developing class-agnostic
video segmentation models which use explicit 3D memories
to inform their predictions.

This paper proposes an approach that uses a robot’s es-
timated semantic map to improve foundation segmentation
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model predictions in video segmentation. Specifically we de-
velop two models, referred to as FastSAM-Splat and SAM2-
Splat, which build upon the FastSAM and SAM2 foundation
models respectively, by integrating explicit spatial memory
in the form of a 3DGS. The proposed approach is inspired
by recent online 3DGS techniques [13]-[15], which construct
high-fidelity, explicit maps of a robot’s environment in real-
time using videos as input. Our proposed model builds a 3DGS
memory alongside its video segmentation, allowing the 3DGS
to store a spatial history of past predictions. At each step in
the process, the 3DGS map can then be used to refine the
foundation model’s prediction either with a segment-matching
algorithm (FastSAM-Splat) or a re-prompting strategy (SAM2-
Splat).

This paper makes the following contributions:

1) FastSAM-Splat: An extension of FastSAM—which orig-
inally lacks temporal memory—that integrates a 3DGS
memory to improve segmentation consistency.

2) SAM2-Splat: A 3DGS-based re-prompting strategy to
improve SAM2—which originally uses only implicit
memories—by incorporating explicit 3D memories to
reduce inconsistent predictions.

3) Experimental results showing models which use explicit
3D memories produce more consistent video segments
than those with no or only implicit memories.

II. RELATED WORK

Video segmentation tasks typically fall into one of two
types: semantic or class-agnostic segmentation. In video se-
mantic segmentation, algorithms predict pixel-level segments
for each object in a video along with a classification of which
categories the objects belong while video instance segmenta-
tion requires models distinguish between multiple objects of
the same category [16]. Many approaches for semantic video
segmentation specialize to specific categories of interest [17]—
[22]. For instance, Video K-Net [18] learns a specialized kernel
for each class and each instance. Similarly, PAOT [21] and
Tube-Link [22] are transformer-based architectures that asso-
ciate segments throughout the video based on which category
the segments belong to. Class-agnostic video segmentation
tasks on the other hand, require that objects be segmented and
tracked regardless of their semantic class [23]. When only a
few specific objects are of interest, video object segmentation
is considered [24]-[28], whereas class-agnostic video instance
segmentation sets out to segment and track every object of
every class [3]. Within class-agnostic video segmentation,
Siam et al. proposed using motion cues in the form of optical
flow to separate object segments [23]. The present paper builds
on these ideas to consider whether motion and depth cues can
improve video segmentation in open-world robotic settings.

Open-world segmentation tasks consider the scenario in
which robots must segment categories of objects that were un-
known during training. Many approaches have been proposed
for open-world image segmentation [4], [5], [29]-[33] and in-
terest in open-world video segmentation has been growing [3],
[6], [21], [23], [28], [34]-[37]. For distinguishing foreground
and background objects in zero-shot settings, object motion
through optical flow has been used [23], [28], [35]. Wang

et al. [38], [39] and Li et al. [40] propose using language
features in open-world video segmentation. SegGPT [34] pro-
posed using an image-level foundation model and in-context
coloring for open-world video segmentation. More recently,
Ravi et al. [6] extended the image-level Segment Anything
Model (SAM [4]) with recurrent neural network features to
improve video segmentation efficiency and consistency. Simi-
larly, GLEE [41] proposed using bipartite feature matching to
extend an image-level foundation model to video segmentation
tasks. We are inspired by the open-world generalization of
these foundation segmentation models but observe that they
do not use explicit memory to reduce segment inconsistencies.
Ding et al. [37] observed that SAM2 suffers from “error
accumulation” on long videos, particularly when objects are
occluded and re-appear, and proposed a temporal memory
tree for video object segmentation. In contrast, we set out
to segment and track every object and focus on robotic use
cases, where embodiment (i.e. depth and camera pose) may
be used to form memories. For these settings, FastSPAM [3]
was proposed to extend the image-level FastSAM [5] model
to class-agnostic video segmentation by tracking a set of
sparse object centroids for recursive self-prompting. Building
on these ideas, this paper considers the potential for a dense
3D memory of object segments to be used to condition
segment predictions and further improve video segmentation
consistency.

3D Gaussian Splatting is a powerful representation for
dense 3D scene reconstruction and fast novel-view synthe-
sis [42]. While the original 3DGS representation was limited
to reconstructing scene geometry and appearance, a growing
body of work has focused on encoding image-level segments
in 3DGS reconstructions [11], [43]-[48]. Gaussian group-
ing [44] and Gaga [11] assign learnable identity embeddings
to each Gaussian and decode instance segments with a scene-
level neural network. CoSSegGaussians [45] assigns pre-
trained foundation model features to the Gaussians and trains
a decoder to generate instance segments. LangSplat [46] uses
pre-trained language features for each Gaussian; however,
these are limited to category-level segmentation. SAGA [48]
and EgoLifter [47] use contrastive learning to model semantic
similarity between Gaussians, while FlashSplat [43] uses linear
programming to assign segment identities, assuming a fixed
3DGS reconstruction as input. A related line of work has
explored segmenting 3D scenes using neural radiance fields
(NeRF) rather than 3DGS [10], [49]-[51]. These are generally
more computationally expensive than 3DGS-based methods
due to their use of per-pixel ray-marching [14]. Both 3DGS
and NeRF-based segmentation methods rely on global re-
construction, making them unsuitable for video segmentation,
where new objects must be integrated incrementally over time.
In contrast, recent work on simultaneous localization and
mapping has demonstrated how 3DGS models can be con-
structed incrementally from video input [13]-[15]. However,
these incremental 3DGS reconstruction approaches do not en-
code object segments. This paper proposes augmenting online
3DGS reconstruction with instance-level segments to form an
explicit 3D memory which can improve the consistency of
predicted video segments.
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Fig. 2: Illustration of the FastSAM-Splat model. Image-level ‘Predicted image segments’ refers to an image-level segment output from the

foundation image segmentation model (FastSAM).

III. APPROACH
A. Preliminaries

Problem Definition: The objective of class-agnostic video
instance segmentation is to detect, segment and track every
visible object instance within a video, regardless of the objects’
semantic class. Given a video sequence with 7" image frames,
I5T = {I',...,IT}, we set out to predict one segment
tube for each object. A predicted segment tube is defined
as a sequence of per-frame instance masks, represented as
M., = {m!,...,mT},, € {0,1}*WxT where z; represents
a unique identifier for a single object. Ground truth segment
tubes are defined similarly, based on annotations for each
frame in the video. In addition to the input RGB images, we
assume models have access to an observed depth image and
camera pose for each frame.

3DGS Representation: We adopt a 3DGS representation
to model a robot’s dense 3D memories as a collection of
anisotropic Gaussians. Each Gaussian primitive is parame-
terized by its 3D position (1 € R3), orientation (¢ € R?),
scale (s € R?), opacity (0 € [0,1]), and color (¢ € R3).
In order to store semantic memories, we extend this 3DGS
parameterization [42] by associating each Gaussian with a
segment ID feature vector, f'® € RPr, which encodes the
Gaussian’s segment identity in a continuous feature space.
Based on this representation and given a calibrated camera
pose, the 3DGS splatting process enables each Gaussian to
be projected onto the camera’s image space and rasterized
using depth-order blending to render an output image [42].
Following the same rendering process, our 3DGS can also be
rendered into a segment ID feature map F'° € RH*XWxDw,

Online 3DGS Construction: To use the 3DGS as a memory
in video segmentation, it must be constructed incrementally as
the video proceeds (online). While the original 3DGS [42]
is constructed entirely offline, our approach for incremen-
tal construction is based on the Gaussian initialization and
densification logic proposed in SplaTAM [13], with added
segment ID features for modeling semantic segments. At the
first frame of a video, each pixel is back-projected into 3D
using the depth image and camera pose, and a new Gaussian
is initialized at each of these 3D points. These Gaussians
are assigned the corresponding image color, an opacity of 1,
and an isotropic scale to match the size of each pixel [13]
given by s = [?, ?, ?] where D is a pixel’s depth and f is
the camera focal length. The Gaussians’ segment ID features
are initialized based on the output of a segmentation model
(e.g. FastSAM or SAM?2): each detected segment is assigned

a unique vector from a predefined codebook, which is used as
the initial segment ID feature for any Gaussians that project
into the segment mask. In subsequent frames, new Gaussians
are created for pixels that either (1) are not covered by existing
Gaussians after projecting the 3DGS into the image, or (2)
have a large depth disparity (> 0.15m) between the observed
and rendered 3DGS depth maps.

Segment ID Codebook: Each segment is represented by
a real-valued vector chosen from a predefined codebook
C ={eci,...,cn} C RPP where N is the maximum number
of object segments and Dy is the embedding space dimension.
We set out to build this codebook such that the IDs are
well separated to ensure that distinct object segments are
not merged during the 3DGS optimization. We formulate this
segment ID codebook generation as an optimization prob-
lem and choose a contrastive loss as the objective function.
The chosen vectors represent segment ID using the vector
direction, and model confidence using vector magnitude. Each
vector is randomly initialized then optimized with stochastic
gradient descent using the following contrastive objective to
maximize inter-vector distance:

llei — ¢ ||)

All codebook vectors are normalized to have unit norm.
Since the 3DGS stores both RGB and segment ID fea-
tures, it can be rendered into both an RGB image, I, as
well as a segment ID feature map F'® ¢ RHXWxDn,
To convert this feature map into a discrete segment map
M™ ¢ {1,...,N}*W_we compute the inner product of
each pixel’s feature vector with all codebook vectors and select
the argument of the codebook vector which has the largest
inner product and whose similarity exceeds a threshold:

L=—

min min
1<i<N \1<j<N, j#i

ey

My y = arg maX{d(C1, Faljl?y)? ) d(CN7 Fﬂl@]?y)} (2)
where d(ci,FEy) = <Ci,F£,)y> * 1ie;, F0,)>0.5 )

In effect, this operation applies the codebook vectors as a 2d-
convolutional filter over the input feature map and filters low-
confidence or low-similarity pixels.

B. FastSAM-Splat

Inspired by online 3DGS algorithms, we propose an explicit
memory mechanism based on the 3DGS representation to
enhance segmentation consistency across frames. To this end,
we develop FastSAM-Splat, an extension of the FastSAM
image segmentation model that uses an explicit 3DGS-based
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Fig. 3: Illustration of the SAM2-Splat model. Splat-segment is a segment stored and rendered by Gaussian splat. Predicted image segments-

output from the FastSAM/SAM2 models.

memory. FastSAM-Splat incrementally builds a 3DGS mem-
ory of the scene and embeds predicted segments into its
memory. With past segments stored, the 3DGS memory is
rendered into a segment feature map representing memories
that can be used to condition future predictions.

As illustrated in Fig. 2, FastSAM-Splat first renders the
3DGS memory into a set of 2D segments. These rendered
segments are then matched with predicted image segments
from FastSAM using the Hungarian algorithm, which solves
for a pairwise matching to maximize the sum total F-score
across all matched segment pairs. This association process
yields three categories of segments:

o Matched segments: A segment from the 3DGS which
matches to a predicted image segment from FastSAM.

o Unmatched predicted image segments: A segment pre-
dicted by FastSAM with no associated 3DGS segment.

o Unmatched splat segment: A decoded segment from the
3DGS memory that has no corresponding image segment
predicted by FastSAM.

Based on this segment association, FastSAM-Splat fuses the
3DGS segments with FastSAM’s predicted image segments to
form a final segment map used as its output prediction and
as its online objective to update the 3DGS with new segment
features. The fusion process is as follows:

o Matched segments inherit the existing codebook vector
of their associated 3DGS segment.

o Unmatched predicted image segments are randomly as-
signed an unused codebook vector.

« Unmatched splat segments retain their feature ID’s direc-
tion with linearly reduced magnitude according to:

D’ _ f " 1D
f — 1D * (||f H - Cconf)
|£™°1]

where Cgonr i a scalar constant used to decrement the 3DGS
confidence when segments are not consistently detected by
FastSAM (Cionf = 0.1 in this paper). Once each segment
is assigned a feature ID, the binary segment representations
are converted into segment feature maps. These feature maps
are aggregated into a final fused segment feature map E™ ¢
RIXWxDw  This fused feature map is decoded using the
codebook for the model’s final prediction and serves as an
optimization objective to update the 3DGS memory. The
3DGS segment features are updated using stochastic gradient
descent for Ny, = 20 steps with the following loss:

L = XnagMSE([F™[[, [[F™[]) + Xair (1 = S (FP, F'))

“4)

where MSE is mean-squared error, S¢ denotes cosine simi-
larity, F™P is the fused objective map, and F'® is the rendered
3DGS feature map. Hyperparameters Ay, and Agi; control
the relative contribution of magnitude and direction loss terms
(Amag = 50.0, Agir = 1.0 in this paper). This objective ensures
that the 3DGS memory is aligned with the current frame’s
predictions for use at the next time step.

C. SAM2-Splat

In addition to image-based models like FastSAM, we ex-
plore the potential for explicit 3D memory to improve video
segmentation models. To this end we extend SAM2 with
a 3DGS-based memory mechanism, resulting in the SAM2-
Splat model. The core insight of SAM2-Splat is to use the
3DGS memory to identify objects that SAM?2 has either
failed to track or assigned an incorrect track ID (i.e. “error
accumulation” [37]), and to then re-prompt SAM2 using the
3DGS memory as a correction.

SAM?2 requires object prompts—as points, bounding boxes,
or masks—in order to begin segmenting and tracking an
object. In this work, we use either ground truth object masks or
FastSAM detections as a source of mask prompts. On the first
frame, all detected masks are used as prompts. On subsequent
frames, non-maximum suppression is applied (Sec. IV) to
avoid tracking redundant objects. Unlike FastSAM, SAM?2
inherently predicts track IDs for each object it is tracking.
As illustrated in Fig. 3, SAM2-Splat uses these predicted
track IDs to associate SAM2’s predictions with corresponding
3DGS segments, in-place of the Hungarian matching. At each
frame, SAM2 predicts a set of tracked segments. SAM2-Splat
compares the segments from SAM2 with those rendered from
the 3DGS memory as shown in Fig. 4. This comparison sets
out to identify:

1) Segments that were expected but not tracked by SAM?2.

2) Segments that were tracked but with an incorrect ID.

3) Segments that were predicted as a duplicated track.

For each of these errors, SAM2-Splat then re-prompts
SAM2 by sampling a positive and/or negative point-prompt
from the relevant region of the image. The re-prompts are

Tracked Tracked Track Expected Track

° @ Key

_ Rendered
o Spiat Segment

y— —¥

_ Predicted

_ Positive
SAM2 Re-Prompt

© SRR romst
Fig. 4: Illustration of the SAM2-Splat re-prompting strategy.
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designed to correct SAM2’s predictions for a given object. For
example, in the third column of Fig. 4, SAM2 has assigned
an incorrect track ID to its predicted blue segment. This
error can be corrected by re-prompting SAM2 with a positive
point sampled from the rendered 3DGS memory of the blue
object and a negative point sampled from the region that
SAM2 incorrectly assigned to the blue ID. After re-prompting,
SAM?2 is updated with any new object detectionsand the 3DGS
memory is updated using the same process described for
FastSAM-Splat. The final segment prediction for SAM2-Splat
is the updated segments produced by SAM2 after it is re-
prompted and incorporates new detections.

IV. EXPERIMENTS

Datasets: We conduct experiments on both the Scan-
Net [52] and MVPd [3] datasets. ScanNet includes 1,201
RGB-D videos for training and 312 videos for validation. All
videos in ScanNet are collected from real-world environments
where a domestic robot would be expected to operate. The
312 validation videos are used for testing in this paper.
We follow AnyView [53] and Memory-Based Adapters [54]
to downsample the videos from ScanNet into the ScanNet-
MYV subset. Videos in ScanNet-MV are downsampled to a
resolution of 240x320 and at 1/20th the original frame rate.

In addition to ScanNet, we use the MVPd dataset as a large-
scale benchmark designed for class-agnostic video segmenta-
tion. This dataset provides 16,200 videos for training and 1,741
videos for testing. Each video in MVPd has RGB-D camera
data at 480x640 resolution simulated from 180 scenes with
ground truth camera pose and depth. Notably, MVPd videos
vary between 300 and 600 frames and contain annotations
for more than 94 objects per video, on average. Thus MVPd
provides a rigorous benchmark covering a very large number
of objects per video in a domestic robot setting.

Metrics: For experiments using MVPd, the Video Segmen-
tation Quality (VSQ) metric [3] is used to evaluate all models.
VSQ is designed for the class-agnostic video segmentation
task and sets out to measure the overlap between predicted and
ground truth segment tubes. More specifically, VSQF measures
the overlap between each ground truth and predicted segment
tube of length k£ frames as follows:

5 ToU (u,u
VSQk _ Z(u,u)ETP ( )

= 5
TP| + LFP| + 1|FN| ©)

where the Hungarian algorithm is used to match each predicted
tube to at most one ground truth tube to determine the true
positives (TP), false positives (FP) and false negatives (FN).
The aggregate VSQ score is the average VSQ” over a set of
window sizes, K. This paper uses K = {1,5,10,15} and
VSQF is calculated using a window stride of 15 frames.

For benchmarking experiments on ScanNet-MV, we use
both VSQ and the Segmentation and Tracking Quality (STQ)
metric [55]. STQ is computed as the geometric mean between
an association quality (AQ) component and a segmentation
quality (SQ) component. AQ measures the accuracy and con-
sistency of a model’s track assignment predictions while SQ
measures the semantic segmentation accuracy of a models pre-
dictions. Importantly, in the class-agnostic setting SQ reduces

to the IoU between all predicted and labeled pixels. While both
VSQ and STQ set out to measure segment accuracy and con-
sistency, only VSQ penalizes models that incorrectly predict
overlapping segments while only STQ measures segmentation
consistency across the entire video.

Implementation Details: FastSAM is trained on a single
RTX A6000 GPU using a batch size of 16 images until
convergence. All other hyperparameters of FastSAM are left
unchanged. For all experiments using SAM?2, the SAM2.1
Hiera-B+ model is used. To avoid prompting SAM2 with
redundant objects detected by YOLOvVS, we use non-maximum
suppression which ignores any YOLOv8 detections that have
an IoU above 0.1 with any of SAM2’s segments.

For experiments on ScanNet-MV, we crop a 5-pixel border
out of each image due to missing RGB values along the image
boundary that result from aligning the RGB and depth images.
The resulting input resolution of images on ScanNet-MV is
230x310. For experiments on MVPd, the FastSAM-Splat and
SAM2-Splat models use resized images at 240x320 resolution
to reduce their memory consumption.

A. Real-world Benchmark

This experiment is designed to understand the effectiveness
of the proposed models on a real-world dataset in which
depth and camera pose represent the distribution a robot will
expect in deployment. More specifically, we set out to test two
hypotheses: 1) using explicit 3D memory will improve the
consistency of both image and video segmentation models,
and 2) the improvement will be more pronounced in the
image segmentation model—which does not use any form
of temporal memory—than the video segmentation model,
which uses implicit neural network memories. For this test,
we use the ScanNet-MV dataset, FastSAM as the baseline
image segmentation model, and two variants of SAM?2 as the
baseline video segmentation model. One version of SAM?2
uses YOLOVS as a detector with non-maximum suppression
(Sec. IV) and another version prompts SAM?2 for each object
on the frame they become visible using ground truth segments,
following the original usage [6].

Results from this experiment are in Tab. I and Fig. 5,
showing FastSAM-Splat, which uses a dense 3DGS memory,
achieves an improvement of +5.82% VSQ and +10.22% STQ
over the FastSAM baseline, which does not use any temporal
memories. Moreover, the dense 3D memory used by the
SAM2-Splat model leads to an improvement of +2.73% VSQ
and +1.58% STQ over SAM2 which uses YOLOvVS detections
and +4.00% VSQ and +5.36% STQ over the SAM2 baseline

VSQF with k-Frame Window

Method Backbone =T =56 -1 -5 VSQ STQ AQ SQ

FastSAM YOLOv8 4698  39.19 34.28 31.21 37.92 2817 19.74  40.19
FastSPAM YOLOv8  50.56  42.78 37.33 34.03  41.18 3033 21.86 42.09
SAM2 YOLOV8 4553  41.41 39.28 37.89  41.03 3343 2747 40.68
SAM2 GT 59.32  52.68 49.86 47.81 5242 3383 3596 31.82
FastSAM-Splat  YOLOv8  48.07  44.15 41.98 4075 4374 3839 32.83 44.89
SAM2-Splat YOLOV8  47.70  44.16 42.14 41.02 4376 3501 30.68 39.94
SAM2-Splat GT 62.85  56.43 54.03 5235 5642 39.19 4199 36.58

TABLE I: Comparing FastSAM, FastSPAM, and SAM2 with the
proposed FastSAM-Splat and SAM2-Splat models on the ScanNet-
MV dataset for class-agnostic video instance segmentation.
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Fig. 5: Quahtatlve companson of the FastSAM and FastSAM-Splat
models showing FastSAM-Splat has fewer segment inconsistencies.
False negative inconsistencies highlighted in yellow outline.

FastSAM- Spl at FastSAM

which uses ground truth detections. These results confirm our
first hypothesis that image and video segmentation models,
which both lack an explicit memory representation, result
in improved segmentation consistency once given access to
an explicit 3DGS memory.

Next, we tested the second hypothesis that including the
explicit 3D memory would result in a more substantial
improvement for the image segmentation baseline than the
video segmentation baseline. This hypothesis stems from our
observation that FastSAM uses no memories while SAM?2
uses recurrent neural network features as an implicit memory.
Comparing the improvement in VSQ and STQ that results
from providing the 3DGS memory to FastSAM with the
improvement that results from providing the memory to SAM?2
shows that FastSAM-Splat led to larger improvements, even
when controlling for the source of detections used by SAM?2.
In the case of YOLOVS detections, FastSAM-Splat led to a
larger improvement of +3.09% VSQ and +8.64%STQ, while
in the case of ground truth detections FastSAM-Splat again
led to a larger improvement by +1.82% VSQ and +4.86%
STQ (Fig. 6). These results confirm our second hypothesis
and suggest that incorporating an explicit 3D memory
during the training process for both image and video
segmentation models could lead to further improvements
in segmentation consistency and accuracy.

B. Segment ID Feature Ablation

This experiment is designed to study the impact of the
segment ID features used by FastSAM-Splat. In particular,
we are interested in how the type (i.e. integer or floating
point) and dimensionality of the segment ID feature vectors
impacts downstream video segmentation accuracy and con-
sistency. Results from this ablation are shown in Tab. II
These results show that using a single integer to represent
each segment identity (Dp = 1) results in the lowest VSQ

Method
FastSAM-Splat

Dp =1
20.00 / 15.47

Dp =4
42.29 /1 36.97

Dp =7
43.08 / 37.93

Dpp = 14
43.66 / 38.38

Dip = 28
4374 / 38.39

TABLE II: Segment ID feature ablation experiment to evaluate the
impact of feature vector dimension on VSQ/STQ measures of video
segmentation performance. Vectors of dimension 1 (Dipp = 1) use a
single integer to represent each segment while vectors of encreasing
dimension (Dip € {4,7,15,28}) use real valued vectors.

t=0 t=1120 t=1140
Fig. 6: Comparison of SAM2 and SAM2-Splat on a sequence from
ScanNet-MV showing the re-prompting mechanism reduces false
negative flickering. False negatives highlighted in yellow outline.

and STQ performance of 20.00% and 15.47% respectively.
Moving to a real-valued vector representation (Dyp = 4) that
is optimized using a contrastive loss leads to a substantial
improvement of +22.29% VSQ and +21.50% STQ. Further
increasing the dimensionality of the segment ID features
correlates with improved VSQ and STQ performance, how-
ever the performance begins to saturate beyond Dip = 14.
For example, increasing the dimension from Dipp = 4 to
Dip = 14 results in an improvement of +1.37% VSQ and
+1.41% STQ while moving from Dip = 14 to Dip = 28
results in only +0.08% VSQ and +0.01% STQ. This shows
that the optimized codebook representation outperforms
a naive integer based representation for segment IDs and
that increasing the dimensionality of segment ID features
results in improved video segmentation consistency but
saturation occurs beyond Dy, = 14.

C. SAM2-Splat Re-Prompting Ablation

Next, we performed a set of ablation experiments to val-
idate the re-prompting strategy used by SAM2-Splat and
to understand the impact of key re-prompting hyperparam-
eters on video segmentation accuracy consistency. The first
hyperparameter studied is the logic used to formulate the
re-prompting clicks. The SAM2-Splat model generates re-
prompting clicks based on inconsistencies identified between
the 3DGS memory and the predictions made by the underlying
SAM?2 model. These inconsistencies fall into three categories
(Sec. II-C): 1) Segments that were expected in the 3DGS
memory but not tracked by SAM2 (Not Tracked), 2) Segments
that were expected by the 3DGS and tracked by SAM?2
but with an incorrect ID (Incorrect Track), and 3) Segments
that were expected by the 3DGS memory but predicted as

Method Not Tracked  Incorrect Track  Duplicated Track VSQ / STQ
SAM2 41.03 / 33.43
SAM2-Splat v 41.09 / 34.19
SAM2-Splat v 41.73 / 33.15
SAM2-Splat v 43.05/33.78
SAM2-Splat v v v 43.76 / 35.01

TABLE III: Ablation experiment to understand the effectiveness of
each re-prompt category individually and together within the SAM2-
Splat (YOLOvS8) model. Models are evaluated on the class-agnostic
video instance segmentation task on the ScanNet-MV validation set
wit&\é?Q / STQ metrics.
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Method Backbone 1-click 3-click 5-click VSQF with k-Frame Window
SAM2-Splat  YOLOV8  42.95/34.03 43.86 /3499 43.76 / 35.01 Method Backbone 5= 5 k=10 k=15 pES
SAM2-Splat GT 54.80/37.29 56.10/38.72 56.42 / 39.19 Video K-Net ResNet50  49.65 49.60 3810  29.56 41.73
TABLE 1V: Ablation experiment on click-based re-prompting of Video K-Net Swin-base  50.83  50.50 3871 30.05 4252
the SAM2-Splat model. Models are evaluated on the ScanNet-MV Tube-Link ResNet50 4513 2050  16.08 1405  23.94
validation set with VSQ / STQ reported for each setting. Tube-Link Swin-large ~ 48.17  21.14  16.60 1455  25.12
OV2Seg ResNet50  39.96 3852  37.51 3671 3818
multiple duplicated tracks by SAM2 (Duplicated Track). In OV2Seg Swin-base 4022 3858 3743 3652 3819
this ablation, SAM2-Splat was evaluated on the validation set FastSAM YOLOv8 6118 5203 4438  39.09  49.17
of ScanNet-MV under varying re-prompting configurations. FastSPAM YOLOv8 ~ 60.68 5410 4848 4435  51.90
In each configuration, only a subset of the categories were FastSAM-Splat ~ YOLOv8 6091  57.68 5520 5326  56.76

used to formulate re-prompts and the resulting variants were
compared to the default model, which uses all three categories
of re-prompts, as well as the baseline SAM2, which uses
no re-prompts. The results are included in Tab. III, showing
that using only one category of re-prompt results in modest
changes to the VSQ and STQ performance of SAM2-Splat
when compared to the baseline SAM2 model. Notably, the
results show that using all three categories of re-prompts leads
to the highest performing SAM2-Splat model in terms of
both VSQ and STQ with 43.76% and 35.01% respectively.
These results show that each category of SAM2-Splat’s
re-prompts improves SAM?2 inconsistencies, and that com-
bining all re-prompting categories leads to the largest
improvement in segmentation consistency.

Another important hyperparameter when re-prompting
SAM?2 is the number of re-prompts used. To understand how
this impacts video segmentation consistency, we evaluated
SAM2-Splat on ScanNet-MV using a varying number of re-
prompts per object and report the results in Tab. IV. These
results show that for both SAM2-Splat models, using more
than 1 re-prompt leads to better segmentation consistency
as measured by VSQ and STQ. For example, the SAM2-
Splat model which uses ground truth detections improved
by 1.21/1.43% VSQ/STQ when moving from 1 to 3 re-
prompts and by 0.32/0.47% when moving from 3 to 5 re-
prompts. These results indicate that using more re-prompts
is generally better than fewer but improvement saturates
when more than 3 re-prompts per object are used.

D. Simulated Benchmark

This experiment sets out to establish the effectiveness
FastSAM-Splat on a large-scale video instance segmentation
dataset with additional baseline models. To address this ques-
tion, we evaluated FastSAM-Splat on the MVPd benchmark.
Quantitative results are included in Tab. V, showing FastSAM-
Splat achieves the highest VSQ score of 56.76% which is
+4.86% higher than the next-best model. Due to the high
memory-consumption of SAM2 and the large number of
objects in MVPd videos (up to 281), we were unable to
benchmark SAM2 and SAM2-Splat models on this dataset.
These benchmarking results provide additional evidence
that the dense 3D memory of FastSAM-Splat leads to
enhanced video segmentation accuracy and consistency.

E. Efficiency Benchmark

We evaluate the runtime and memory efficiency of each
baseline model and report the results in Tab. VI. These

TABLE V: Evaluating FastSPAM-Splat on the class-agnostic video
instance segmentation benchmark of the MVPd dataset. Models are
evaluated on the test videos held-out from training.

results show that FastSAM-Splat runs at a 2.84 FPS frame
rate, which is comparable to SAM2’s frame rate of 2.83
FPS but slower than each of the alternative baseline models.
The SAM2-Splat model was measured to run at 1.46 FPS
however we hypothesize this could be improved if the prompt-
ing API of SAM2 allowed for prompting multiple objects
in-parallel. These results show that improving segmentation
consistency with a 3DGS memory is possible but comes
with a tradeoff in terms of higher processing latency. One
limitation of both FastSAM-Splat and SAM2-Splat is their
increased memory consumption—FastSAM-Splat used 28M
parameters on average to store the explicit 3DGS memory
for videos on the ScanNet-MV benchmark while SAM?2-
Splat used 26M parameters. While the memory consumption
can be improved with only minor decreases in video
segmentation consistency by using feature ID vectors with
fewer dimensions(Sec. IV-B), these results suggest that
future work to optimize 3DGS storage would be beneficial
for video segmentation appraoches that seek to use 3DGS
as a memory mechanism.

V. CONCLUSION

This paper provides three core contributions: (1) a
FastSAM-Splat model integrating 3DGS memories with Fast-
SAM, (2) a SAM2-Splat model and re-prompting strategy to
improve SAM?2 video segmentation performance, and (3) em-
pirical benchmarking experiments validating the performance
of each model on simulated and real-world benchmarks. The
experiments demonstrate that incorporating explicit memo-
ries stored in a 3DGS enables an image-based model like
FastSAM to outperform state-of-the-art video segmentation
models. Furthermore, the explicit memory mechanism is also
shown to be useful for improving the consistency of video
segmentation models that do not use explicit 3D memories.
Based on these results, we envision future work to address
remaining limitations of the proposed models, such as its
reliance on input pose and depth observations, the lack of
global optimization for the 3DGS memory, and implementing
3DGS optimizations for improved runtime.
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