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MoTunBaumga
MeTofabl MOCTPOEHUA MYNbTUMOAANIbHbIX KapT
[TnoTHble (Dense) meToabl

PaspeXxeHHble (Sparse) metoabl

Ba3oBble MOAENN CeErMeHTaUnn N30bpaKeHnm ¢ OTKPbITbIM
crioBapeMm 3arnpocoB (open vocabulary)

Hawwun nccnenoBaHua u NMPUNOXEHNA

Hal'lpaBJ'IeHI/IFI OanbHEWLWIEro Pa3BUNTUA



MoTuBauus




byayuiee noctpoeHunsa 3D-KapT: NPOCTPaHCTBEHHbIE
3anpockl U OTBETHI NO Tpexmeprnvl kapTam

o TekcToBbI# 3anpoc K 3D KapTe.
Mpumep: “MecTo gna cungenus (Sit)”

go in between
¥ the sound of

glass breaking

and this image

« MynbTuMopganbHbii 3anpoc K 3D kapTe.
MNpumep: “Jlokauma Mexgy MecToMm, rae
Obl1 CMbIWEH 3BYK pa3buTtoro ctekna, u
MEeCTOM, NoKasaHHOM Ha ¢oTorpadpuun”

Peng, Songyou, et al. Openscene: 3d scene understanding with open vocabularies. CVPR 2023. (Google Research, ETH Zurich, MPI for Intelligent Systems, Waymo LLC, Simon Fraser University)
Huang, Chenguang, et al. Audio visual language maps for robot navigation. arXiv preprint arXiv:2303.07522, 2023. (Freiburg University, Google Research, University of Technology Nuremberg) 3



UTOo genaTb C TbicA4YaMmM KaTeEropum oObLEKTOB,

KOTOpble HaJ0 CErMeHTUpoBaTh?

Zhou, B., Zhao, H., Puig, X., Xiao, T., Fidler, S., Barriuso, A., & Torralba, A. Semantic understanding of scenes through the ade20k dataset. ICCV, 127(3), 302-321. (2019)

(University of Hong Kong, Massachusetts Institute of Technology, Peking University, University of Toronto)

= ceiling * Sink = kitchen island
» wall L taucer = glass (wine)
o wall * 50ap dispenser = glass (wine)
= window (arch) * spice rack = coasters
L pano (grese) = coffee maker = bowl
figurine « knife set * bow!
* door frame « knife set « trash can
= double door * range = dog dish
L dooe L button panel = dog dish
L handle L cal = chair
« lray L cal L back
« figurine L aa L w0a! (fabric)
« refrigerator (crop) L sal L og
= cabinet L screen tme L g
L door L stove L log
L xov -~ chair
L door bumer L back
L ) L burner L soat (fabric)
L goor burmer L 1og
L wnon L oven L 10g
e jar L door L g
= cabinet L hange = chair
door = loaster L back
L wov = blender L soat (tabric)
= cabinet = pot L g
doot « box L log
IS « worktop L g
door  cabinet L 1og
L xnod L arawer = side table (crop)
« cabinet L knodb . rug
L goor . jar = sola (crop)
b o = sait cellar = cushion
« microwave * worktop e cushion
L oo * paper towels = cushion
b s = dishwasher « floor (tile)
L tacn (door release) ® Cabinet » carpel
= outlet = cabinet = bowl
. pot « bottle rack = light switch
« napkin rack = picture (map)

[MonynAapHbIn Habop AaHHbIX
ADE20K copepxut 27,574
N306pa>KeHnin BHYTPU N BHE
nomelleHunn ¢ 707,868
obbeKTamMu, NpmHagnexatwmmm
K 3,688 kaTeropusam(knaccam)

YTO penaTb, ecnm Mbl XOTUM
CEerMeHTmnpoBaTb OOBEKT,
OMNCaHHbIA Ha eCTECTBEHHOM
A3blKe?

Mpn noaroToBke CO6CTBEHHbIX
HabopoB fAaHHbIX Mbl XOTUM
pasMeyaTb OObEeKTbI Ha
N306paxKeHnsax B HECKOJIbKO
KJIMKOB MbILLIM



MeToabl nocTpoe
MYNbTUMOAAlNbHbIX KE




Kakne metoabl ObiBaoT?

MeTopbl NMOCTPOECHUA MYJIbTUMOAAJIbHbIX KapT

MnoTHbie (Dense) PaspeXXeHHble (Sparse)

— TouyeuHble (Point-based) —— MeToabl Ha OCHOBE 0ObEKTOB
(Object-based)

— BokcenbHble (Voxel-based) — MeToAabl Ha OCHOBE UepapXUn o6 bLEKTOB
(Object-based with hierarchy)

—— MeTopabl Ha ocHoBe NeRF (NeRF- —— MeTopabl Ha ocHoBe rpagoB
based) 06beKToB co cBA3sAMU (Object-
. based with relations,
___ MerToabl Ha ocHoBe SDF (signed knowledge graphs)

distance field) (SDF-based)



[TnoTHble (Dense




[locTaHOBKa 3agayu

PCLguery = A((RGB; ... RGBy), |D;...Dy], (Pose...Posey), Query), Query = (Text, [ Image]).

I: Map=M((RGB;...RGBy),[D;...Dyl,(Pose;...Posey)) = (Embedding,. .. Embeddingg),

where N — image sequence length, K — number of map points.

II : PCLQyery = Q(Map, Query) = (X1... Xk, Y1... Yk, Z1. .. Zy, Score;. .. Scorek).
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(visualize with T-SNE)

Peng, Songyou, et al. "Openscene: 3d scene understanding with open vocabularies." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. (Google
Research, ETH Zurich, MPI for Intelligent Systems, Waymo LLC, Simon Fraser University) 8



OpenSUN3D Workshop Challenge on 3D
Open-Vocabulary Scene Understanding (ICCV2023)

o TASK: Given an open-vocabulary, text-based query, the aim is to localize and segment the object instances
that fit best with the given prompt, which might describe object properties such as semantics, material type,
affordances and situational context.

e INPUT: An RGB-D sequence and the 3D reconstruction of a given scene, camera parameters, and a text-
based input query.

o« OUTPUT: Instance segmentation of the point cloud that corresponds to the vertices of the provided 3D mesh
reconstruction, segmenting the objects that fit best with the given prompt.

4 N 4 N\ 4 N
Input

OpenSUN3D
Challenge

Model

Scene 3D reconstruction RGB-D Sequence
with camera poses

Query: “table”




Point-based

Language-Grounded Indoor 3D Semantic
Segmentation in the Wild

Language-grounded 3D Semantic Segmentation
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Rozenberszki, D., Litany, O., & Dai, A. (2022, October). Language-grounded indoor 3d semantic segmentation in the wild. In ECCV (pp. 125-141). (Technical University of Munich, NVIDIA)



Point-based

OpenMask3D: Open-Vocabulary 3D Instance
Segmentation

(1) Input (4) Open-Vocabulary 3D Instance
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Takmaz, A., Fedele, E., Sumner, R. W., Pollefeys, M., Tombari, F., & Engelmann, F. (2023). OpenMask3D: Open-Vocabulary 3D Instance Segmentation. arXiv preprint arXiv:2306.13631.
11

(ETH Zurich, ETH Al Center, Google Zurich )



Point-based

OpenScene: 3d scene understanding with open
vocabularies

Produce text-image-3D co-embeddings

Multi-view Feature Fusion | 2D-3D Ensemble

“brown chair”
“end table”
“floor rug”

[ '—' 1 Acbirary st cueris
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—!*C—) Inference
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Input 3D Geometry

(© Cosine Similarity
Feature Pooling

Peng, Songyou, et al. "Openscene: 3d scene understanding with open vocabularies." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.
(Google Research, ETH Zurich, MPI for Intelligent Systems, Waymo LLC, Simon Fraser University) 12



Point-based

PLA: Language-Driven Open-Vocabulary 3D Scene

Understanding

| Tramable modde .. image-bridged Point-language Association Module (Fig.3) -
Fixed module . Caption
Bma?: Head » Ly Leap +— embedding
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Point
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Language Supervision {t"}

Ding, Runyu, et al. "PLA: Language-Driven Open-Vocabulary 3D Scene Understanding." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2023. (The University of Hong Kong, ByteDance)
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NeRF-based

LERF: Language Embedded Radiance Fields

LERF Rendering : Multiscale CLIP Preprocessing

Q &) Q —> R,G,B
Network == Density
= DINO Features

scale
)—> @ =P CLIP Features
[
Volume* Render

Language
Loss

Multiscale CLIP Features Image Patches Training Image

2D CLIP 2D CLIP LERF _ 2D CLIP

“stuffed bear”

Kerr, J., Kim, C. M., Goldberg, K., Kanazawa, A., & Tancik, M. (2023). Lerf: Language embedded radiance fields. In Proceedings of the IEEE/CVF International Conference
on Computer Vision (pp. 19729-19739). (UC Berkeley) 14



NeRF-based

3D-0OVS: Weakly Supervised 3D Open-vocabulary
Segmentation

Open-vocabulary
Text Descriptions

a GPU card with fans

Multi-view Images

A

a wooden ukulele Q "
a Hatsune Miku statue

a black Nike shoe ¢ ' @

background

DINO NeRF CcLIp

Region 1 Region 2

Relevancy
T o
o o
o3

Spatial Location

Relevancy

3D Representation

Region 1 Region 2
e 0 class
label
L N/ N Ta

Tp

Spatial Location

Mitigating CLIP features’ ambiguities with normalized relevancy maps.

Liu, K., Zhan, F., Zhang, J., Xu, M., Yu, Y., Saddik, A. E., ... & Lu, S. (2023). Weakly Supervised 3D Open-vocabulary Segmentation.

arXiv preprint arXiv:2305.14093. NeurlPS 2023
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Rendered Novel Views ProjeCt
’ - n - o
Segmer{tation Maps
Methods bed sofa lawn room bench table

mloU mAP | mloU mAP | mloU mAP | mloU mAP | mloU mAP | mloU mAP
LSeg [¢] 56.0 87.6 | 045 16.5 17.5 775 19.2  46.1 060 427 | 07.6 29.9
2D ODISE [16] 526 865 | 483 354 | 398 825 | 525 597 | 24.1 39.0 | 39.7 34.5
OV-Seg [19] 798 404 66.1 696 | 81.2 921 714 49,1 88.9 892 | 80.6 65.3
FFD [4] 56.6 869 | 03.7 095 | 429 826 | 251 514 | 06.1 428 | 079 30.1
Sem(ODISE) [45] | 503 865 | 27.7 222 | 242 805 | 295 615 | 256 564 18.4 30.8
3D | Sem(OV-Seg) [45] | 89.3  96.7 | 663 89.0 | 876 954 | 538 819 | 942 985 83.8 94.6
LERF [2] 73.5 869 | 27.0 438 | 73.7 935 | 46.6 79.8 | 532 7977 | 334 41.0
3D-0VS 895 967 | 740 916 | 882 973 | 928 989 | 893 963 | 88.8 965



SDF-based

Open-Fusion: Real-time Open-Vocabulary 3D
Mapping and Queryable Scene Representation

r~Real-time Semantic TSDF 3D Scene Reconstruction (Zemporal Feature Maiching) N Open-Vocabulary Query

and Scene Understanding

RGB 1L, semantic Fature E,
switch Extraction

4
o O C,

QUANTITATIVE COMPARISON OF OPEN-SET SEMANTIC SEGMENTATION
\‘\ AND 3D SCENE REPRESENTATION TIME BETWEEN OPEN-FUSION AND

J —>  Feature Update
Open-vocab Scene Query

—> Open-V(;cab query EXISTING METHODS ON THE SCANNET DATASET.
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H T e = . Feature Extraction ﬁ 4| ConceptFusion 1.5 0.15 0.63 0.58
. S (| i g Open-Fusion 50 4.5 0.62 0.59
! . —>  Feature Rendering
+— ’ . o o—e Feature Matching

e ——— e P RS S J \____/‘_‘\ o, e,
@)@
Map Method Representation Foundation Model Feature Level | Real-time ' | Scene-specific | Sem-Query - e !‘3;' ;ia .=-'fp= K P °
Cow [8] point CLIF [3] + GradCAM [9] point X SE] T st h rOIeCt
D NLMap [10] point VLD [11] + CLIP [3] bbax - X O(P) gt anin
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Yamazaki, Kashu, et al. "Open-Fusion: Real-time Open-Vocabulary 3D Mapping and Queryable Scene Representation." arXiv preprint arXiv:2310.03923 (2023). 16



Voxel-based

VLMaps: Visual language maps for robot navigation

* Tap-dawn
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Segmentation Masks

¥
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Huang, Chenguang, et al. "Visual language maps for robot navigation." 2023 |IEEE International Conference on Robotics and Automation (ICRA). IEEE, 2023. (Freiburg University, Google Research,

University of Technology Nuremberg)
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Point-based

AVLMaps: Audio visual language maps for robot

navigation

depth

pose K

.
-.-1 o
audio  pemmipe

Input Data

| Visual Localization |
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i/Object Localizatior?‘g
\ Module )
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Reasoning

"go to the sound
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near the bed”

"go to the counter

CLIP Audio-language inzhe dtchen

Features Features

AVLMap Cross-Modal Query Target Heatmap

Huang, Chenguang, et al. "Audio visual language maps for robot navigation." arXiv preprint arXiv:2303.07522, 2023.
(Freiburg University, Google Research, University of Technology Nuremberg)
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Point-based

ConceptFusion: Open-set multimodal 3d mapping

Construct pixel- ~ Y ] o o
aligned features q e BEE el

- ' : Global i W Region-level Pixel-Aligned
[ Image (X) ] [ Masks (7;) ] [ Crops (b;) ] Embedding £° Embedding £* Embedding £
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Jatavallabhula, Krishna Murthy, et al. "Conceptfusion: Open-set multimodal 3d mapping." arXiv preprint arXiv:2302.07241, 2023. (MIT, Universite de Montreal, University of Toronto,
IIT Hyderabad, CMU, Amazon, Matician, DEVCOM Army Research Laboratory)
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PaspexeHHble (SE




[locTaHOBKa 3agayu

I: Map = M((RGB; ...RGBY), (D; ... Dy), (Pose; ... Posey)) = G(0,E),

I1: OQuery = Q(Map, Query).

0; = (Xie, Yic Yic, Embedding;, PCL;, Caption;, Tag;).

—_— e e e e e e e e e e e e e e e = - —

~, —_——_ e e e e e e e e e e — — — ——
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Object-based

Unsupervised 3D Perception with 2D Vision-Language
Distillation for Autonomous Driving s

Input: A sequence of images across 7" frames for each of

Training the K cameras {I¥}; a sequence of LiDAR point locations
BG Categories Camera Images Point Cloud Sequence Point Cloud Sequence {P¢} i S
for Exclusion sl ‘ Requires: Cosine similarity threshold for background cat-
— ¥ Wy, Lo A Open-Vocab. 3D Object Detector egories €”9; minimum scene flow magnitude €%/ maximum
. EZ. . e i ratio of background points within a box %9; a set of a prior
il ) . .
Buitding . M “l_ S amN r v £+ background categories C"9; a pre-trained open-vocabulary
— e Camera Images d if*-‘l!'f [ iﬂﬂ' model with image encoder £¢ and text encoder £*¢,
- — - Poiintwise Fanturas  Boose.! Trackiats Output: Ampdal ?3D bounding boxes {B;} and their track
E Doy Pointwise Scene IDs {T}; point-wise open-vocabulary features {F}"}.
VL Features Flow - Function:
NN .
v v v ] ) 1: fort = 1to T do
BG Categories for Exclusion :
[ Box Proposal Generation ]4— = ?d I 2: {VE} « &ma({1F}) > 2D VL features
¥ “oan m Unsupervised Multi-modal 3: F?! « Unprojection({VF}, P;) > 3D VL features
Building . .
[ Tracking ] o Auto Labeling 4: if t # T then
; ! 5: F;/ « NSFP++(P, P, ) > Scene flow
[ Amodal Box Generation ]4— Inference 6: else
Point Cloud 7: F;/ « —NSFP++(P;, P, ;)
i ﬁ?ﬁ_.[ Open-Vocab. 3D Object Detector } 8: fori = g]} to Ny do of
9 (M); = 1([|(F}7)sl| > e°)

b hes ps T, 0
AR (6 T ]

wl tet g
Pointwise Features Tru'ik . 10: (Mi?y}q- < ]1({12%:"{! I((F'Ff;!f)?i||f£‘“(;]:]|| = ﬁbg)
Open-Vocabulary = f}a” 1 Pt"_Fff '{_‘ -Pt [M:f] Fff[h{:f]m ; )
Queries 12: B} « InitialBoxProposal(P;, F;/, M,; rb9)
l 4 13: {T;} + Tracking({B?**})
(<

ruck . .
;edzn l Se;;“:;l':nﬁd J 14: {B;} + AmodalBoxGeneration({B}**}. {T;}, {P;)}
Cyclist 9 15: return {B,}, {T;}. {F}'}

Najibi, Mahyar, et al. "Unsupervised 3D Perception with 2D Vision-Language Distillation for Autonomous Driving." Proceedings of the IEEE/CVF International Conference on Computer
Vision. 2023. 22




Object-based with relations (knowledge graphs)

ConceptGraphs: Open-Vocabulary 3D Scene
Graphs for Perception and Planning

Input RGB-D sequence Incrementally Built 30 Map Object Set (Nodes) Segmentation / Grounding
s ) P {5 """""""" ‘ ‘ “Find somewhere comfy to yt’]
Final Object Map . @ O O -
@ (€]

—

gy -8

» = \ ‘e~

2 o e - e rl """"""" = Robot Navigation
= o, | e . ! 1 Query: ) o s
e A i ~ ) O Object 1 & a stocl with position... \ \
e o— o © Object 2 is a carpet with postion . ) |
What is the relationship between 1 and 27 B ’ "
Open-vocab Object [ n | N 2
Detection/Segmentation Features SRS N ik [ um ] g
‘ ‘ ' N

Object Fusion

/ Initialization

o

Features
Gu, Qiao, et al. "ConceptGraphs: Open-Vocabulary 3D Scene Graphs for Perception and Planning." arXiv preprint arXiv:2309.16650, 2023 (MIT, Universite de Montreal, University of
Toronto, IIIT Hyderabad, JHU APL, JHU, UMass Amherst, DEVCOM Army Research Laboratory). 23

LLM Response

Robot Manipulation
©Obect 1 ks on the 209 of @ Object 2. '

3D Scene Graph (Nodes + Edges Downstream tasks

Open-vocab masks Newly Detected Objects



Object-based with relations

VL-SAT: Visual-Linguistic Semantics Assisted Training for 3D Semantic

Scene Graph Prec
Dataset used: 3DSSG,

Cloned Predicate

Oracle Model

eature Ini I E‘ . 5
(scenes from 3RSCAN) iagataen | — I @ foEee— ® QR Crtoced Predcats ﬁ% Biscec togis
- 1553 scenes Ty | -y i;& | R
1) e N - M
- 160 cat. objects “ s gg B Py : o e
- 26 cat. predicates 7A _“-F'—.* 8 “Features | < S — Obiect Logits
p ?Project&Select ‘- §_- Feawres | ) ><T
:. 3 Mimic
Target: P ] 3D Object Logits
- build an accurate 3D  Hi o | spones (RN E—
scene graph, i.e.: Encoder j | 30 Node Features | Festies S neoe
- ClaSS!fy Ob]e.CtS . 3D Segmented Objects E?";e 3D Edge Features ' 3D Predicate 3% rm::‘cate A sesniiof s soladioee
- classify reIa’Flonsh|ps Prediate | Encoder - Footres assifier by a coffe table.”
betweenobjects = N o 3D Predicate Logits
3D Model Language Model

Wang, Z., Cheng, B., Zhao, L., Xu, D., Tang, Y., & Sheng, L. (2023). VL-SAT:
Visual-Linguistic Semantics Assisted Training for 3D Semantic Scene Graph
Prediction in Point Cloud. In Proceedings of the IEEE/CVF Conference on
Computer

https://github.com/wz7in/CVPR2023-VLSAT
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https://github.com/wz7in/CVPR2023-VLSAT
https://github.com/wz7in/CVPR2023-VLSAT
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Object-based with relations

Context-Aware Entity Grounding with Open-Vocabulary BDu%th?nrg;% Graphs

s )

(D P,: Position Input }_ [t‘: object ][tf : agent ][t": region ][t"f'“: abstractIti"‘ v: spatial ]

Gy
(D L,: User Input }— [ gl ] [ I;k :>
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find Tom’s bottle t=03 v=01
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Encoders: QO Sentence-BERT (O GloVe (O Spatial Encoder (O CLIP Text Encoder

Chang, H., Boyalakuntla, K., Lu, S., Cai, S., Jing,

E., Keskar, S,, ... & Boularias, A. (2023). Context- i
aware entity grounding with open-vocabulary 3d htps://qithub.com/changhaonan/ovsg

scene graphs. arXiv preprint arXiv:2309.15940.
grap prep @ NIRI



https://github.com/changhaonan/ovsg

Object-based with relations

3D Variable Scene Graphs

Current Scene

Input: 3D Semantic Scene Graph

Armoire
/|New
/ |Open

‘ Coffee Table
Brown

Stained
For Placing

https://qgithub.com/ethz-asl/3d vsg

2

Semantic &

Geometry
. Embedding |

' DeltaVSG

Dropout

RelLU

| MP-GCN Conv |

| MP-GCN Conv |

Output: 3D Variable Scene Graph

. . Armoire

State Variability: 0.79

’ O Instance Variabilify: 0.23

Be O

O Qoffee Table

State Variability: 0.17

O Instance Variability: 0.82

Scene in the Future

Looper, S., Rodriguez-Puigvert, J., Siegwart, R., Cadena, C., & Schmid, L. (2023, May). 3d vsg: Long-term semantic scene change prediction
through 3d variable scene graphs. In 2023 IEEE International Conference on Robotics and Automation (ICRA) (pp. 8179-8186). IEEE.

@) NIRI


https://github.com/ethz-asl/3d_vsg
https://github.com/ethz-asl/3d_vsg
https://github.com/ethz-asl/3d_vsg

Object-based with hierarchy

Foundations of Spatial Perception for Robotics: Hierarchical
Representations and Real-time Systems

GTX 3080: 3.0 FPS
Xavier: N/A

(b) OneFormer r

GTX 3080: 138.9 FPS
Xavier: 7.2 FPS

GTX 3080: 45.7 FPS
Xavier: 3.3 FPS

(c) HRNet (d) Mobilenet

Hughes, N., Chang, Y., Hu, S., Talak, R., Abdulhai, R., Strader, J.,

& Carlone, L. (2023). Foundations of Spatial Perception for

Robotics: Hierarchical Representations and Real-time Systems.

arXiv preprint arXiv:2305.07154. https://github.com/mit-spark/hydra @ NIRI



https://github.com/mit-spark/hydra
https://github.com/mit-spark/hydra
https://github.com/mit-spark/hydra
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Segment Anything Model

- i <> | mask decoder
image L = } T f
encoder
/c—o:;\ prompt encoder
. image t t t
image embed%iing mask  points  box text

e Image encoder: Vision Transformer (ViT) ViT-H, ViT-L, ViT-B

e Prompt encoder: positional encoding for points and box corners,
CLIP-based text encoder and convolutional mask encoder

e Mask decoder: lightweight attention-based model

mlp

Project

kY
Lol token Pe;:_lﬂk mlp a3t -‘:g 1
‘°§I?n?g‘* o - IoU @ k‘ - . Github O

scores

output

image x2
embedding - I image to token attn. I— ] 2x d:‘:::;n
(256x64x64) | conv. ————(&)——=masks
[ trans.

[ token to image attn. ]

output tokens f
+ o

prompt tokens *—'—‘I self attn. I

(N, X256) mask decoder

Kirillov, A., Mintun, E., Ravi, N., Mao, H., Rolland, C., Gustafson, L., ... & Girshick, R. (2023). Segment anything. arXiv preprint arXiv:2304.02643. ICCV2023 (Meta Al Research, FAIR) 29



Fast query-based segmentation:

] D
FastSAM =

40ms/img

- J :
NVIDIA GeForce RTX 3090

f R \
o |- @

2099ms/img

BSDS500 R50 Evaluation vs FPS Speed 5 OCOCO Box AR@1000 Evaluation vs FPS Speed

©
&
~
N
)]

(W]

~
o
)

~
— X
\° ~
=
~ S
= b 5
= SAM SA :
re 92 - i = ViT-H E(64x64) (6972ms/img)
“HE 52 o o~
g ViT-H E(16x16) (852ms/img) FastSAM (TRT) @ —_
o YOLOv8x (12ms/img) — :
g, ] 0O 3 FastSAM (TRT)
aASty/
65.0 3x (12ms/ime

o\o 90 FastSAM & 50 X Faster YOLOvSx (12ms/img)
[} YOLOv8x (40ms/img) 1) —— ‘3 A
) 5D 62.5 A= FastSAM
— ) % YOLOv8x (40ms/img)
< =~ SA
_ 88 ) ViT-H E(32%32) (2099ms/img)
= > 60.0
S | <
Q Real-time > SAM N
X g6 > 2 © 375 ViT-B E(32%32) (1383ms/img) Real-time

aa]

10° 10! 10? waa 10° 10! 10?
Frames per Second (img/s) Frames per Second (img/s)

Zhao, X., Ding, W., An, Y., Du, Y., Yu, T., Li, M
of Chinese Academy of Sciences, Objecteye Inc., Wuhan Al Research)

FastSAM

Authors trained the existing real-time
instance segmentation method
YOLOv8-seg using only 1/50 of the SA-
1B dataset published by SAM

..... & Wang, J. (2023). Fast Segment Anything. arXiv preprint arXiv:2306.12156.(Chinese Academy of Sciences, University

30



Fast query-based segmentation: FastSAM

)

CNN
Backbone

Detect

Mask Coeff.

Detect -

Point-prompt

-

Detect

Detect Branch
—
P4
FPN .
P3
ProtoNet
O

Mask Branch

+ %+o.0137 %-0.0342

-1- Mask Coeff.

e T
o |

 mEDnn

Box-prompt

| Encoder |

Image

Text

\ Encoder |

The framework of FastSAM. It contains
two stages: All-instance Segmentation
(AIS) and Prompt-guided Selection
(PGS).

Authors use YOLOv8-seg to segment
all objects or regions in an image.

Then authors use various prompts to
identify the specific object(s) of
interest. It mainly involves the utilization
of point prompts, box prompts, and text
prompt. The text prompt is based on
CLIP

Zhao, X., Ding, W., An, Y., Du, Y., Yu, T., Li, M., ... & Wang, J. (2023). Fast Segment Anything. arXiv preprint arXiv:2306.12156.(Chinese Academy of Sciences, University
of Chinese Academy of Sciences, Objecteye Inc., Wuhan Al Research)
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Fast query-based segmentation: Grounded Mobile SAM

Grounding DINO [1]

1. Model Overall Contrastive loss  Localization loss

cat 1

Text dog § 1
desk

Features w_m&
dog \
mouse J@ 5
table 1
sets §
[ a])
Model Outputy
Keys& -
Values Cross-Modality Decoder
W Cross-Modality
t Queries
Vs L guide
N Query Selection
Text Image
Features Features
Feature Enhancer
Vanilla Text Vanilla Image
Features Features

Text
Backbone

f

mouse

cat . person . - )
A cat sets on a table . )

Input Text

Input Image

3. A Decoder Layer

A Cross-Modality
Decoder Layer

Updated

Cross-Modality
f Query
t

Image Features

’ a

QKV

1
f Cross-Modality Query

2. A Feature Enhancer Layer

Updated Text
Features

Updated Image
Features

ﬁ

7
4
g
3
3

2
]
e
(=]
2
g
;
]
3
[=2
o
3

i

Q

Deformable
Self-Attention

QKV

Text
Features SOUOUEEERE

Image
Features

image

[1] Liu, S., Zeng, Z., Ren, T., Li, F., Zhang, H., Yang, J., ... & Zhang, L. (2023). Grounding dino: Marrying dino with grounded pre-
training for open-set object detection. arXiv preprint arXiv:2303.05499. (Tsinghua University, IDEA, The Hong Kong University of
Science and Technology, The Chinese University of Hong Kong (Shenzhen), Microsoft Research, Redmond)

[2] Zhang, C., Han, D., Qiao, Y., Kim, J. U., Bae, S. H,, Lee, S., & Hong, C. S. (2023). Faster Segment Anything: Towards Lightweight

SAM for Mobile Applications. arXiv preprint arXiv:2306.14289. (Kyung Hee University)

Mobile SAM [2]

ViT-H image
image encoder embedding
(632M)
distillation
TinyViT image
image encoder embedding
(5.78M)

Table 6: Comparison between FastSAM and Mo-
bileSAM.

FastSAM  MobileSAM  Ratio

68M 9.66M 7
40ms 10ms 4

Size
Speed

Table 7: mIoU comparison. With the assumption
that the predicted mask from the original SAM
is ground-truth, a higher mloU indicates a better
performance.

100 200 300 400 500
FastSAM 0.27 033 037 041 041
MobileSAM  0.73 0.71 0.74 0.73 0.73

Finetuning (optional)

prompt-guided

_____ _ Kk
mask decoder E> mas

icopy |

| |
prompt-guided | 7

......

mask decoder

Project

. Github )



SEEM: Segment Everything Everywhere All at Once

Panoptic Instance  Semantic Point Box Scribble Cross Style Text+Visual

Text: largest bear
Person in blue.

w1

' No Prompt & | - Visual Prompts @ | '\ Text Prompt / | | Ref Prompt & AN Composition |

e Authors design a new prompting scheme that can encode various user intents into prompts
in a joint visual-semantic space, enabling strong flexibility for various segmentation tasks
and generalization capability to unseen prompts or their combinations.

e Authors build SEEM, a universal and interactive segmentation interface that integrates the
newly designed prompting mechanism into a lightweight decoder for all segmentation
tasks, leading to a model possessing properties of versatility, compositionality,
interactivity, and semantic awareness

Project

Github O

Zou, X., Yang, J., Zhang, H., Li, F., Li, L., Gao, J., & Lee, Y. J. (2023). Segment everything everywhere all at once. arXiv preprint arXiv:2304.06718. NeurlPS2023
(University of Wisconsin-Madison, Microsoft Research, HKUST)
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SEEM-Decoder

SEEM Decoder |
% Self Attention

Learnable Queries Image Features Text Prompt Memory Prompt Visual Prompt g ‘_,_..-———_-_—j\—— ——

Class Embeddings Mask Embeddings Cross Attention

000 00-0 00-0 00-0 @E-E

A H

Joint Image-Text Representation Space

f t T ,"” i '#
Text Encoder Image Encoder » Visual Sampler » Mask Pool >
f ¥ -

Class/Sentence

(a) Model Architecture

e SEEM encodes image, text, and human inputs into joint visual-semantic space as queries,
features, and prompts, and then decodes queries to class and mask embeddings.

e With the benefit of SEEM decoder, the machine loop enables memorizing history mask
information, and the human loop provides new corrections to the next round.

e For the vision backbone, authors use FocalT, DaViT-d3 (B), and DaViT-d5 (L). For the
language encoder, they adopt a UniCL or Florence text encoder. For interactive
segmentation, after one click on the image to generate the predicted mask, the next click
is placed at the center of the area with the largest segmentation error

Zou, X., Yang, J., Zhang, H., Li, F., Li, L., Gao, J., & Lee, Y. J. (2023). Segment everything everywhere all at once. arXiv preprint arXiv:2304.06718. NeurlPS2023
(University of Wisconsin-Madison, Microsoft Research, HKUST)

...................................................................................................................................

O ’& | ] . e Interpolate
sy .. Image Features

Machine Human
Loop Loop
W SEEM-DECOdEI" u

N
O0-00-0m-0

Memory Text Visual
Prompt Prompt Prompt
- ¥ [

; oY

(b) Human-Model Interaction

Project

Github O
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SEEI\/I Segment Everything Everywhere All at

Frame 6

e Zero-shot video object segmentation using the first frame plus one stroke. From top to bottom, the videos are “parkour
and “horsejump-low” from DAVIS, and video 101 from YouCook?2.

e SEEM precisely segments referred objects even with significant appearance changes caused by blurring or intensive
deformations.

Zou, X., Yang, J., Zhang, H., Li, F., Li, L., Gao, J., & Lee, Y. J. (2023). Segment everything everywhere all at once. arXiv preprint arXiv:2304.06718. NeurlPS2023
(University of Wisconsin-Madison, Microsoft Research, HKUST) 35
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http://www.youtube.com/watch?v=MVYlPBJ7pT8

Point-based

Integration with Robotic Operation System (ROS)

1st stage: map reconstruction The proposed method has 2 stages:
e Create a map;
o Create a query on the map.

Map reconstruction
method

Camera
6DoF Pose

2nd stage: text query on the map

Nvidia Isaac Sim Scene Real scene with Husky+UR5S

D.Yudin, S. Ladanova. Multimodal map reconstruction and application. 2023 38



Point-based

Multimodal map reconstruction

Color image

SAM on a grid of query points

Depth image

[ Camera 6DoF Pose

D.Yudin, S. Ladanova. Multimodal map reconstruction and application. 2023

Map on previous frames

-

pointclouds

'; Segmented object

J

Local
Features- |
G S 1

1 [

lr ) 1
T ey
B 8 | Embedding o ,
Nemm- fusion e
Y -
]

Global
Features

|:r"‘|
| el |
3 D

" T Pointcloud with embedding
of Object 1 (e.g. "table"

. | Pointcloud with embedding

of Object L (e.g. "cup")

Accumulated
multimodal map
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Point-based

Executing a map query

Map (points with embeddings) Cosine similarity

(" )
pointcloud of "toy cat) ( | ] 0.45
pointcloud of "table" (T 1] 0.21
pointcloud of "cup” <l 0.32 —)[pointcloud of "toy cat"]
EERE | ) - ey 031
pointcloud of "cube HEREEN
| G J N J
Query
Text query embedding

" " CLIP-based e —
[ toy =l H encoder H ‘—I |

D.Yudin, S. Ladanova. Multimodal map reconstruction and application. 2023
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Validation of pre-trained models
Query: a table

SAM MobileSAM
CLIP(ViT-H) CLIP(ViT-H)
SAM MobileSAM

CLIP(ConvNext) CLIP(ConvNext)

D.Yudin, S. Ladanova. Multimodal map reconstruction and application. 2023 M



Validation of pre-trained models

Query: a chair

SAM MobileSAM
CLIP(ViT-H) CLIP(ViT-H)
SAM MobileSAM

CLIP(ConvNext) CLIP(ConvNext)

D.Yudin, S. Ladanova. Multimodal map reconstruction and application. 2023 42



Validation of pre-trained models

Query: a toy cat

SAM
CLIP(ViT-H)

SAM
CLIP(ConvNext)

D.Yudin, S. Ladanova. Multimodal map reconstruction and application. 2023

MobileSAM
CLIP(ViT-H)

MobileSAM
CLIP(ConvNext)

43



Validation of pre-trained models

Query: a red cube

SAM MobileSAM
CLIP(ViT-H) CLIP(ViT-H)
SAM MobileSAM

CLIP(ConvNext) CLIP(ConvNext)

D.Yudin, S. Ladanova. Multimodal map reconstruction and application. 2023 44



Validation of pre-trained models

Query: a cup

SAM MobileSAM
CLIP(ViT-H) CLIP(ViT-H)
SAM MobileSAM

CLIP(ConvNext) CLIP(ConvNext)

D.Yudin, S. Ladanova. Multimodal map reconstruction and application. 2023 45



Filtering the background on an object's point cloud
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CLIP(ConvNext) w/o filtering CLIP(ConvNext) + filtering
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Point-based

Performance of Multimodal Mapping
Implementation for ROS

SAM CLIP Model

Model*** SAM, s **

SAM ViT-H* ViT-H-14 4.18
LAION 2B*

MobileSAM ViT-H-14 2.52 (-39.7%)
LAION 2B

SAM ViT-H ConvNext Base 4.18 (-0%)
LAION 2B

MobileSAM ConvNext Base 2.51 (-39.9%)

LAION 2B

* This configuration is used in Conceptfusion
** On NVIDIA GeForce RTX 2080 Ti
*** We used SAM and MobileSAM with 32x32 seeding points

D.Yudin, S. Ladanova. Multimodal map reconstruction and application. 2023

2.45

1.92(-21.6%)

0.73(-70.2%)

0.59(-75.9%)

Time per frame in Time per frame in CLIP  Time in CLIP on Memory
on creating map, s **

query, s **
0.022 10’391
0.022(-0%) 8'611(-17.1%)

0.013(-40.9%) 7'226(-30.4%)

0.013(-40.9%) 5'461(-47.4%)

(Reconstruct), MiB

Memory
(Query), MiB
4’916
4'916(-0%)

1694(-65.5%)

1694(-65.5%)

47



Object-based with relations

GPT4 -> Mistral (with
Research of ConceptGraphs two stage query)

F———======= 1
Input RGB-D sequence Incrementally Built 30 Map ! Object Set (Nodes) | Seegmemanon { Gmuf\t‘lmaj
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Features e I UM I 'I s
3 I . I ol
Observation-object Association ORpect Rsion SEN M- Robot ation
% ’ / Initialization | | @otect 15 on the topof @ Objecr 2 ! Movipes
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I o
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Open-vocab masks Newly Detected Objects I 3D Scene Graph (Nodes + Edges) I Downstream tasks

Gu, Qiao, et al. "ConceptGraphs: Open-Vocabulary 3D Scene Graphs for Perception and Planning." arXiv preprint arXiv:2309.16650, 2023 (MIT, Universite de Montreal, University of
Toronto, IIIT Hyderabad, JHU APL, JHU, UMass Amherst, DEVCOM Army Research Laboratory). 48



Object-based with relations

Quantitative assessment of LLM performance on a subsample
of the sr3d dataset (253 requests)

LLM Method for Method for Recal @1 Recall@ 2 Recal @ 3 Number of valid answers
constructing constructing (First sentence of LLM
graph nodes graph edges answer as topl prediction)

Mistral-7B- GT 3D bbox + - 0.19 0.21 0.21 190

Instruct-v0.1 GT object tag

16-bit quant

Mistral-7B- GT 3D bbox + list of GT 0.34 0.35 0.36 149

Instruct-v0.1 GT object tag objects

16-bit quant relations

Mistral-7B- GT 3D bbox + Objects caption | 0.31 0.33 0.34 233

Instruct-v0.1 GT object tag without object

16-bit quant ids

Gu, Q., Kuwajerwala, A., Morin, S., Jatavallabhula, K. M., Sen, B., Agarwal, A., ... & Paull, L. (2023). )
Conceptgraphs: Open-vocabulary 3d scene graphs for perception and planning. arXiv preprint arXiv:2309.16650. @ NIRI



Object-based with relations

Quantitative assessment of LLM performance on a new sr3d subsample

(different ways to construct graph with an LLM, 526 requests)

LLM

Mixtral 8x7b

Mixtral 8x7b

Mistral-7B-
Instruct-v0.1
16-bit quant

Method for
constructing graph
nodes

two stages: first select
semantic objects,
second - use their GT
bboxes

two stages: first select
semantic objects,
second - use their GT
bboxes

two stages: first select
semantic objects,
second - use their GT
bboxes

Method for
constructing
graph edges

All relations

Recall @ 1
from all
answers

0.60

0.66

0.45

Recall @ 1
from valid
answers

0.64

0.69

0.46

Invalid
answers
rate

0.07

0.05

0.03

Number of valid
answers (from
which id can be
selected)

488

502

513
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Distilled SAM: nhanoSAM

Jetson Orin Nano (ms)  Jetson AGX Orin (ms) Accuracy (mloU)

Model Image Full Image Full

Encoder  Pipeline  Encoder Pipeline Al il Medium Large
MobileSAM TBD 146 35 39 0.728 0.658 0.759 0.804
NanoSAM
(ResNet18) TBD 27 4.2 8.1 0.706 0.624 0.738 0.7

« NanoSAM is a Segment Anything (SAM) model variant that is capable
of running in real-time on NVIDIA Jetson Orin Platforms with NVIDIA
TensorRT.

e« NanoSAM is trained by distilling the MobileSAM image encoder on

. . . . . . Segment with keypoints (online using TRTPose detections)
unlabeled images. For an introduction to knowledge distillation.

» Resnet18 image encoder, MobileSAM mask decoder.

« Training on COCO 2017 train.

NanoSAM. A distilled Segment Anything (SAM) model capable of running real-time with NVIDIA TensorRT. 2023 Nvidia)



UTO MOXHO ynyylInTbL?

[lepcneKTuUBHbIE HanpaBJIeHUS:

e lWcnonb3oBaHWEe MHOMOYPOBHEBOM CEMAHTUKM ANA NpeacTaBneHns aMbeganHroB To4eK
(06BbEKTOB) KapThl
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Query-based Segmentation with multi-level

semantics: Semantic-SAM

(a) Open-set
Segmentation

(b) Multi-level
Semantics

Person: Head

Person: Body Truck: Window Truck Head Tr‘uck Torso

(c) Multi-level
Editing

|C11ck -> BMN Car

—i Click -> Spider-Man

Semantic-SAM model supports Generic
Segmentation, Part Segmentation,
Multi-level Semantic Segmentation,
Multi-Level Image Editing

Truck Window/Truck
C N N NN
o ug-‘cw : 'ru' : u mﬂur"y \'\Au) Multiple-choice Learning Hungarian Matching
_ a0 IRl 60000
Vision tokens iI:‘ |:| |:| |:| |:| Di — ...E EL,, m—t
(10 H Semantic SAM ]
Interactive - Generic segmentation
Content Prompts D D D D D D D DD
Position Prompts .-— Duplicate —' . D D
Point Generic

Project

Github O

Li, F., Zhang, H., Sun, P., Zou, X, Liu, S., Yang, J., ... & Gao, J. (2023). Semantic-sam: Segment and recognize anything at any granularity. arXiv preprint

arXiv:2307.04767. ( HKUST, Microsoft Research, IDEA, HKU, UW-Madison, Tsinghua)
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UTO MOXHO ynyylInTbL?

[lepcneKTuUBHbIE HanpaBJIeHUS:

e Co3spaHue 6onblIEro KoNMYyecTBa gaTtaceToB U METOA0B A4 MYJIbTUMOOaJ1IbHbIX 3arpoCcoB
Nno MyJibTUMOAaJiIbHbIM KapTaM.

e YyeT wyma B 6DOF nose kamepbl U KapTax rnybunH sxogHon RGB-D nocnenoBaTtenbHOCTH;
e J¢PodeKkTMBHOE pacrnosHaBaHue pebep OTHOWEHNN B rpade 0ObEKTOB KapThbl;

e lAcnonb3oBaHWe OJHOro NN HECKOTbKNX MOSACHAOLWMX MPUMEPOB UKW JONONHUTENBbHOWN
NHPopMaL MM BO BpeMs 3anpocoB K KapTe (one/few shot);

e YyeT ABMXEHUS (OMHAMUKN) OO BEKTOB Ha KapTe;
e BpemeHHble 3anpochl K AMHaMUYEeCKUM MyNbTUMOAanbHbIM KapTaM (“MecTo, rge noan

N “"

yacTo xoaat”, “CTtyn, KoTopbl NnepeasunHynn”, “Korga npoesxann CTos, Kakme o0bbeKTbl
OblIN Ha HEM?”)
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