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Video understanding

Very rapid progress recently with VideoLLMs
Video Captioning works surprisingly well
Many benchmarks start to saturate, too easy?

Definition of video understanding?



Dense Video Captioning: Vid2Seq

Single target sequence consists of Text + Time tokens
combining localization + captioning

Large-scale pretraining from narrated untrimmed videos

0.50s =» 8.53s: The man is fastening the dog.

utput dense
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Visual token

Time token event caplions iy su. 5 4020 The man is saying hello.
Text token Visual and speech embeddings [x/, y/] Output event sequence =
x,’—x"—x!,—x} y,'-){f—y,’—yf—y,’—)g’—y{—yf-yq‘—y;’ 1 17> The man is fastening ... <98 The man s saying hello. [EOS]
i e ) t tt t t t t t t t ¢ i s o o t t t tt t
) [ Language Modeling Head A’ J
b )
_g Temporal Encoder f* 5 Transformer Text Encoder g’ - Transformer Text Decoder At
(=] —g .
E t t 1 t 2 R t 1t P T A 2 O A S R TR T O M
—_— xJ A: xi,, X;‘ % yf J’:’s yj .)8 yf J’f .)"7‘ J’}‘f yf J’f 8 ::'\' ‘7'\1s Z‘; ::-‘ :} :: zf-a z\{-l :I‘-..: :\!sl;‘ls‘ zf.-l :f
g t i t 1 % t t t 1= t t t t t DU I t t+ t +tt t ¢
= Spatial Encoder f* B Encoder Token Embedder g° 33 Decoder Token Embedder A*
[_4
rerrrrr e rrrrrrorrrrr
6 10> Please stay calm! <86 92> Hey my friend! [BOS] 1 The man is 98 The man is saying hello.

Transcribed speech sequence 1,
S pess 4 Y Text + Time Tokens

Text + Time Tokenization stay.calm man is hey
I I'me Tokenization N L
3.02s = 4.99s: Please stay calm! 5:=3.02s t 2 B | \ 4 4““[ —(s
i N i 49.70

42.87s = 45.97s: Hey my friend! ERENEIEEE
LA TIT

HH
ration T = 49.70s quantized in N = 100 bins

; ) ]
Input transcribed speech Video timeline, du

[Vid2Seq, A. Yang, A. Nagrani, P. Seo, A. Miech, J. Pont-Tuset, I. Laptev, J. Sivic, C. Schmid, CVPR 2023]



State of the art on dense video captioning

Dense Video Captioning on YouCook?2

Leaderboard Dataset

View | CIDEr v | by  Date v | for All models e

Other models - Models with highest CIDEr

Filter:




Open problems

« More difficult benchmarks and reasoning based approaches
- Minerva dataset for VQA with reasoning traces (ICCV’25)
- Spatiotemporal Hints for Video Understanding (CVPR’26)

* Video grounding for detailed, verifiable and scalable description
—> Grounded video caption generation (GROVE)
- Temporal chain of thought (TCOT)



Grounded video caption generation

* QOur approach
— Large-scale pretraining
— Spatio-temporal grounded caption generation
— iGround dataset with training and test set

a woman is stirring something in a wok by using a spatula

[Large-scale pretraining for grounded video caption generation, E. Kazakos, C. Schmid, J. Sivic, ICCV, 2025]



Large-scale generation of grounded captions

Stag_e 1 Frame_—wise grounded Stage 1: Frame-
caption generation wise grounded
_ GLaMM caption generation

— Alternative: Open vocabulary
detection (OWL-VIT)

A woman in an
orange shirt drinking
a green beverage

A woman in an orange
shirt is holding a glass
of green liquid




Large-scale generation of grounded captions

Stage 1: Frame-wise grounded
caption generation Stage 2: Video-

level caption
aggregation

Stage 2: Video-level caption Extract SVO
t' A woman in an SUbje‘,:t.: lwomapl’
genera 10N orange shirt drinking o;;;t?f: %Zr\lglrr;%é.’
— Extract Subject-Verb-Object " Peveraoe adp.-objects: (in', shirt) Foonen
is drinking

(SVO) tripletS : LLM —|a beverage
— LLM (Llama-2) to combine A woman in an orange ‘ g SR

shirt is holding a glass
object: 'glass’,

th_em into video level caption  of green liquid e W
with tags

— Alternative: applying LLM
directly on captions




Large-scale generation of grounded captions

Stage 1: Frame-wise grounded
caption generation

Stage 2: Video-level caption

generation |
A woman
. is drinking ]
Stage 3: Temporal consistent a beverage -l
bounding box annotation from a glass |

— Text classification with LLM
— Alternative: tracking s




HowToGround1M dataset

Randomly sample 1M video clips from HowTo100M
videos using start/end timestamps from HowToCaption [1]

Downsample videos to 5fps

Automatic annotation for 1M video clips with 80.1M
bounding boxes in 43.6 frames

[Annot. i\ﬁﬂitip!e -Multi-object Num. %Num.
Dataset type frames grounding videos }ginstances
\VidSTG [43] Manual v X 36.2K ?'S.BM
(HC-STVG [34] Manual |V X 10.1K  [1.5M
éﬁg;iyityﬁgt-Entities [45] Manual X v 37.4K  93.6K
gHoanGroundIM (Ours) Automatic |V v 1M 80.1M
JiGround (Ours) Manual v, v 2K 236.9K

Comparison of HowToGround1M and iGround with SOTA video grounding datasets



IGround dataset

Manually annotated, no overlap with HowToGround1M
dataset

Annotation by multiple rater with precise annotation
guidelines

Train/val/test: 2000/500/1000

Temporally dense annotations, multiple objects per
frame



GROunded Video caption gEneration (GROVE)

Multimodal
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1 encoder for captioning + 1 for grounding

Adapters for spatio-temporal modelling

LLM predicts caption and noun phrases locations
Temporal objectness predicts if object is present in a frame



Experimental results

METEOR CIDER APS0 Recall

Automatic annotation 13.8
GROVE - PT (Ours) 14.3
GROVE - FT (Ours) 21.0

GROVE - PT+FT (Ours) 214

40.0
50.6
77.7
83.5

21.1
33.6
15.8
40.0

* Automatic annotation improves the results
* Pretraining improves performance

20.4
24.3
18.1
28.7



Experimental results
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Pre-training dataset size

Performance increases with increase in pre-training dataset size

Behaviour is consistent during both pre-training (PT) as well as
fine-tuning after pre-training (PT+FT)



Comparison to state of the art

Referring expressions localization

Method MgJoU
STVGBert [36] 47.3
TubeDETR [43] 59.0
STCAT [14] 61.7
DenseVOC [51] 61.9
GROVE FT (Ours) 61.3

GROVE PT+FT (Ours)  63.7

Results on VIDSTG test

set, declarative sentences

Spatio-temporal grounding

Method FT mgey
PG-V-L (13B) [25] X 35.1
GLaMM [31]

+ SAM2 [32] X 38.6
GROVE X 43.0

VideoGLaMM[26] v 39.7

GROVE

s 555

Results on VIDSTG test
set, interrogative sentences

MEthOd Flaﬂ I::i'all per_sent I:]'Icn: Flioc per_sent
GVD 07.10 [17.30  [23.80 [59.20
GROVE FT (Ours) 09.51 [21.15 30.96 [68.79
GROVE PT+FT (Ours)  (13.57 [24.23 43.07 [76.99




Qualitative results

a person’s hands are folding a paper craft



Qualitative results

a person is adding something from a container to a bow!l using a spoon



Qualitative results

o

a person is cutting the meat into pieces by using a knife



Overview

« Grounded video caption generation (GROVE)

 Temporal chain of thought (TCOT)



Temporal Chain of Thought
Long Video Understanding by Thinking in Frames

e Decompose a Video QA problem into
o Finding relevant frames in the video

o Answer the question
e Use the same VLM in both stages

[ Dynamic Context Aggregation (ours)

N -
-
B »
— .
L .
X

Justification:
Frames 181-197: she is separating the
flowers, this indicates that she wants to

To divide
> VLM: —» them by
Answerer species

Input: video + question

\

Justification:

In frame 100, she is taking the
flowers out of the vase and
preparing to arrange them...

o —
VLM: Context
aggregation

4

7

VLM: To replace
> Answerer > them X

(

Why does the vlogger take the
flowers out of the bottle?

Standard inference (baseline)

[Temporal Chain of Thought: Long Video Understanding by Thinking in Frames. Arnab, Iscen, Caron, Fathi, Schmid. Neurips 2025.]



Temporal Chain of Thought (TCoT)

Partition video into / smaller windows. IIIDDDIII

: . !
Process each window independently. | Create sicing windows |
|
If total number of selected frames is above the ... DDD
context limit, rerun within selected frames. | VLMSe.ea.on s s S |
lm
You will be given a question about a video and five 1
possible answer options. Undahmn Over limit
|
Frames: {framel}, ..., {frame N} \ Sample k frames
Question: {question} )
Possible answer choices: {answer choices} | VLM Selection, §

Return the frame 1ids which <can answer the

given question. .iD

Please use the following JSON format for your

output:
““frame_ids’’: [List of integer frame IDs],
‘‘justification’’: Justification about your output

}




Temporal Chain of Thought (TCoT)

Video length is decoupled from model’s
context limit.
We need to only fit a single window within

the context of the VLM.

\ Create sliding windows /

|

I!I

)

|

VLM Selection, S ‘

|

VLM Selection, S ‘

)
Check
. size
v )
Under limit Over limit
!
\ Sample k frames /
l

|

VLM Selection, S ‘

T



Long Video Example

® The TCoT approach can find relevant segments from long video, and then
reason about it.

e Example from LVBench: [YouTube]

CHANEL

Question: What is the main reason the vlogger goes out agaln where she also buys beauty products" (A) To go to the gym (B) To eat salmon (C) To buy food containers (D) To go to school
Baseline answer: To buy food containers X
Our answer: To go to school
Our frame selection S: [96, 97,98, 99,100, 101, 616, 617, 618, 619, 620, 621, 622, 623, 624, 625, 626, 627, 628, 629, 630, 631, 632, 633, 634, 635, 636, 637, 638, 639, 937, 965, 966, 967, 970, 971, 972, 973, 974, 975, 976, 977, 978, 1044, 1045, 1046, 1047,
1048, 1049, 1050, 1051, 1052, 1053, 1054, 1055, 1056, 1092, 1093, 1094, 1095, 1096, 1112, 1113, 1114, 1115, 1116, 1117, 1118)
Our VLM selection justifications:
Frames 96-101: The text overlay states “Did some laundry before going to the gym.”.
14639 The frames show the viogger unpacking groceries and beauty pi roducts
Frame 937 : The frame shows a text overlay that says “IT'S 11:40 | DID NOT HAVE THE TIME TO CHANGE CUZ | HAD TO RAN BACK TO SCHOOL" This indicates that the viogger had to rush back to school, implying that she
went out earlier for a reason other than school, and then returned to go to school.
Frames 970-971: The frames show the viogger in a beauty products section of the mall...

Our answerer justification: The vlogger goes to school for an hour and 30 minutes, then goes shopping. At the store, she buys beauty products. Therefore, the main reason she goes out again is to go to school.




Experimental Setup

® Gemini 1.5 Flash as primary VLM

e Two primary datasets:

o Egoschema

Videos are fairly short, all 3 minutes
Questions require looking at almost entire video

Egocentric videos from Ego4D.

o LVBench

Videos are long, average 68 minutes.
Questions require looking at multiple segments
of the video.

Videos from YouTube

Observe the video in terms of characters'
actions and interactions. How do these
shifts contribute to the overall narrative?

)

The video displays a profound sense of conflict
and tension arising between the characters

The man is showing C the issues that need
fixing in the apartment in a professional manner

Both the characters display an increasingly

£ :,'m)s urgent need to solve an issue in the apartment

C and the man admire and interact with several
abjects in the apartment that look beautiful.

Actions and interactions are casual and
t=180s relaxed, reflecting a comfortable environment.

Question Type: Temporal Grounding Question Type: Key Information
Q/‘Be_nch Question: How does the goalkeeper prevent Liverpool's shot Retrieval
from scoring at 81:38 in the video? ‘Question: How long does the eatire match last?
A. He uses his right hand to deflect the ball out of bounds A.90:10
B, He kicks the ball away B.97:30
C. He blocks the ball with his head C.94:34
D. He catches the ball and throws it D.95:28

FULL MATCH | Arsenal v Liverpool | Third
Round | Emirates FA Cup 2023-24

() 1:40:20

01:2‘5:25

= H
o hi AN

01:39:54

Question Type: Reasoning
Question: Why did Player number 4 in white push down Player number 17 in Question Type: Entity Recognition
purple during the match? Question: After the opposing team scored an own goal,

A. Player number 4 in white was attempting to maneuver past Player number how docs the Liverpool players celebrate?
17 in purple during an offensive play. A. They high-five the referee

B. Player number 4 in white was retaliating for an earlier foul by Player B. They hug cach other
number 17 in purple. C. They wave to the crowd

C. Player number 4 in white was making a defensive play to prevent D. They do a victory dance

Player number 17 in purple from successfully dribbling past him.
D. 1t was an accidental collision as both players were ing for the ball.




Temporal Chain of Thought Analysis

® Baseline is standard inference with Gemini 1.5 Flash
® Improvements of various TCoT methods similar on Egoschema where videos

are short and fit in ¥32K context window

Egoschema LVBench

Baseline inference 72.6 50.3
Single-step 74.8 48.3
Hierarchical 74.0 53.3
Dynamic-segment 75.2 61.7

® Improvement of Dynamic-Segment CoT is substantial, because it can consider

the whole video.



Generalises to other VLMs too

® TCoT generalises to Qwen-2.5 and GPT-40-mini
e We compare with using both equal context limit (32K) or baseline inference

with as many frames as it can support.

Baseline inference Our inference
Equal context Max. frames (TCoT)
Qwen-2.5-VL-7B [6] 36.0 46.1 49.1
GPT-40-mini [1] 43.4 48.0 53.5

Gemini 1.5 Flash [48] 50.3 58.9 61.7




Adaptivity in Frame Selection

e \We select a different proportion of frames depending on the question type.

® \We can compare to labelled “time references” on LVBench.

s 30- E (Ours)

g [ZZ]1 Annotated time references

5] i
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£ 5 77 A 7. / i
Key information Temporal Entity Event Reasoning Summarisation

retrieval grounding recognition understanding



Adaptivity in Frame Selection

e Select most of the frames in Egoschema, much fewer on LVBench

e Dataset constructed so that questions should require looking at least 55% of

the video.
1 LVBench =
= [ Egoschema
o 201
o
g | m=
2154
2
s 10-/
| N W
O = I 1 1 = 1 Tt ¥
0 20 40 60 80 100

Initial proportion of frames selected (%)



Other Frame Selection Strategies

. . Selection strate Egoschema LVBench
® General idea of selecting = 5
1 Uniform sampling 72.6 50.3
relevant context is beneficial. Feature similarity
) 2 Question — captions 73.8 52.1
e Ranking based on feature 3 Question — frames 73.4 54.4
similarity outperformed by usin VLM-Based
y outp y using 4 Select from “concise” captions 74.0 58.3
) 5  Select from “long” captions 72.8 60.4
VLM itself to select relevant 6  Select directly from frames (Ours) 752 61.7
7 Oracle with annotated time references - 67.4

context.

e Selecting from pixels better than

captions



State-of-the-Art Comparisons — Egoschema / Next-QA

Egoschema NeXT-QA

Method LLM / VLM Subset Full set  Accuracy
LangRepo [24] Mixtral 66.2 41.2 60.9
MoreVQA [37] PalLM-2 - 51.7 69.2
Video Agent [55] GPT-4 60.2 54.1 71.3
Video Agent [55]7 Gemini 1.5 Flash  65.6 - -
LLoVi [66] GPT-4 61.2 922 73.8
GPT-4V [3, 7] GPT-4V 63.5 55.6 -
LVNet [39] GPT-40 68.2 61.1 72.9
MotionEpic [15] Vicuna - - 76.0
VideoTree [56] GPT-4 66.2 61.1 75.6
LongVU [42] Qwen2-7B - 67.6 -
Gemini 1.5 Flash  Gemini 1.5 Flash ~ 72.9 67.8 80.0

TCoT (ours) Gemini 1.5 Flash  75.2 69.1 81.0




State-of-the-Art Comparisons - LVBench

LVBench
Model Context Total Accuracy
VideoAgent [15] — — 37.6
InternVL-2.5-78B [11] — - 43.6
Qwen-2.5-VL-7B [6] 128K 128K 46.1
GPT-40-mini [1] 22K 22K 48.0
Gemini 1.5 Flash [54] 32K 32K 50.3
Gemini 1.5 Flash [54] 700K 700K 58.9
TCoT (Qwen-2.5-VL-7B) 128K 320K 49.1
TCoT (GPT-40-mini) 22K 86K 53.5

TCoT (Gemini 1.5 Flash) 32K 672K 61.7




State-of-the-Art Comparisons — Open-EQA

Open-EQA
Model Context Total LLM Match
Claude 3 [4, 39] 6K 6K 36.3
GPT-4V [3, 39] 4.2K 4.2K 55.3
Gemini 1.5 Flash 774K 774K 68.0

TCoT (Gemini 1.5 Flash) 32K  76.4K 69.2




Qualitative examples

Frame ID

2660 i—p

Time

Question: Why is the refrigerator at the viogger's hotel full? (A) Hotel offers a meal prep service (B) Hotel provides a complimentary minibar (C) The vlogger has lots of leftover food (D) The
vlogger shares the refrigerator with other guests
Baseline answer: The viogger has lots of leftover food X
Our answer: The vlogger shares the refrigerator with other guests
Our frame selection S': [1575, 1576, 1577, 1578, 1580, 1581, 1582, 1583]
Our VLM selection justifications:
Frames 1575-1578: The frames show a notice indicating that the refrlgerator is for shared use among guests.
es * The frames show the refrigerator is full of various food items, suggesting that multiple guests are using it and storing their food.
Our answerer ]ustiflcatlon' The video shows a refrigerator in the viogger's hostel. The refrigerator is full of various food items. There is a notice indicating that the refrigerator is for shared use among guests.




Conclusion

Grounded video caption works well
Excellent results for scalable video understanding
Further improve multihop reasoning

Metrics for video captioning need improvement



Video-guided policies for robotic manipulation

Robot executes human instruction
“go to the fridge and get a drink”

Requires
— Understanding language
— Modeling the visual environment
— Planning and executing the task




History Aware Multimodal Transformer (HAMT)
for Vision-and-Language Navigation

« Train autonomous agent to follow natural language
iInstructions to navigate in in-door environments

Go to the bathroom in the bedroom with orange |
stripe. Make sure the faucet is not leaking :

—_—

« Design of a fully transformer based model

[HAMT, S. Chen, PL. Guhur, C. Schmid, I. Laptev, Neurips’'21]



History Aware Multimodal transformer (HAMT)

« Long-horizon history modeling for learning temporal
dependency of observations and actions

Action
Prediction

\

Cross-modal Transformer Encoder

.

( ) )
Language [ Hierarchical Vision ][ Vision

Transformer Transformer Transformer
\_ )

i) (- SR

couch... [sew step t
Text Hlstory Observation

J

view 1 view

[HAMT, S. Chen, PL. Guhur, C. Schmid, I. Laptev, Neurips’'21]



Hierarchical history encoding

VIT for single view image encoding
Panoramic transformer for view encoding
Temporal transformer for sequence encoding

history ) h h
)
embedding N i (;‘) Y1 i V2
Temporal Transformer

panorama 3 x s
embedding i q) A

Panoramic Transformer Panoramic Transformer Panoramic Transformer
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[HAMT, S. Chen, PL. Guhur, C. Schmid, I. Laptev, Neurips’'21]



Vision-Language-Action Models (VLAS)

« Robot manipulation following language instructions
* VLAs: map observations directly to low-level actions

L1 [ ]] 1 o [

s1gLIF 18¢ 100M “Pick up the industry Tokenize
object and place in
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Lokl oL okens \. J
(57 O S R Joint i
/ ViT \ / ViT \/ ViT \ "fold sh).rt' i » ncode
1
Q. noise EEF Poses
g . {

1, : A Vision-Language-Action Flow Model for General Gr00t N1: An open foundation model for
Robot Control. (Physical Intelligence, 2024) generalist humanoid robots. (Nvidia, 2025)
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o
DEEEEE

/_H
000000 =
o
3 ®
3



Overview

« LLM-guided 3D policy for robotic manipulation

* A critic for robotics - Guardian



LLM-guided 3D policy for robotic manipulation

« Approach with an LLM-guided 3D policy for manipulation
— an LLM for task planning
— an VLM for object localization
— a 3D point cloud based policy for trajectory planning

* Need for better benchmarks
— RLBench-18Task framework [1] traln test on very similar setups

é*w’ < f:%
::iﬁ r@

=> We introduce GEMBench to evaluate generalization

[1] Perceiver-Actor: A Multi-Task Transformer for Robotic Manipulation, CoRL 2022. Shridhar et al.



GEMBench Benchmark

Training tasks

Press Pick Push Screw Close Open Stack/Put
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https://www.di.ens.fr/willow/research/gembench/

[Generalizable Robotic Manipulation: A Benchmark & LLM-guided 3D Policy, R. Garcia, S. Chen, C. Schmid, ICRA'25]



GEMBench — level 3

Level 3: Novel articulated objects

Novel Category
-

Gt & T vf‘f,f’
“close the grill”

“close laptop lid” Novel Action/Object

“close bottom drawer”

[Generalizable Robotic Manipulation: A Benchmark & LLM-guided 3D Policy, R. Garcia, S. Chen, C. Schmid, ICRA'25]



3D-Lotus++ for long horizon planning

1) Task decomposition with an LLM into action primitives
— LLaMa3-8B + prompt with task requirements & few-shot examples

-

Task planning \ Object grounding mm Robot [ Object Motion control
c
Camera1 Camera 2 Camera K o
Instruction: "grip the handle Larde Lanauade Model . ' L ; B Obstacle o ,ﬂ 1
and push the door open” =3 9 (LgLM)g - T EER o ) |
g Bl = & 8
il WTLUN - J A o :
= \ g E '
_§ Plan generation: E Y ’
c rasp(object="door handle”
a 0 grasp{ob) _ ) Vision Language Models =
o @ rotate_grasped_object() r (OWIVIT v2 + SAM) 3D-LOTUS

e push_fomard(object=handv

[Generalizable Robotic Manipulation: A Benchmark & LLM-guided 3D Policy, R. Garcia, S. Chen, C. Schmid, ICRA'25]



3D-Lotus++ for long horizon planning

1) Task decomposition with an LLM into action primitives
2) Obiject grounding with an VLM

— Open vocabulary object detector OwlViTv2 + SAM for segmentation

Task planning f Object grounding BE Robot HE Object \ Motion control
) o Camera1 Camera 2 Camera K Bm Obstacle .,
Instruction: "grip the handle Larde Landuatie Model . PR ' L ; ,ﬂ |
and push the door open" ’ 9 (LgLM)g I = g b ) g
1 B Tt &
B FINN 5 ' :

" [

Plan generation:
0 grasp(object="door handle") {

|
)

Trajectory prediction

*

=)

J

open door

e rotate_grasped_object() =

e push_forward(object=handle) \

(OWIVIT v2 + SAM)

Vision Language Models ] =

3D-LOTUS ]

[Generalizable Robotic Manipulation: A Benchmark & LLM-guided 3D Policy, R. Garcia, S. Chen, C. Schmid, ICRA'25]



Instruction: "grip the handle
and push the door open" ’

open door

3D-Lotus++ for long horizon planning

1) Task decomposition with an LLM into action primitives
2) Obiject grounding with an VLM
3) Novel efficient 3D robot manipulation policy, 3D-Lotus

Task planning

\ 4

Plan generation:

o grasp(object="door handle")
e rotate_grasped_object()

e push_forward(object=handle)

Object grounding

Camera1 Camera 2 Camera K

Large Language Model . A ' oy
(LLM) ] 1@'{3‘\ I' - -

3

Vision Language Models
(OWIVIT v2 + SAM)

|

FRobot Il Object

Bl Obstacle

2

te

i
)

Motion control\

Trajectory prediction

*

g =)

3D-LOTUS ]

\ 0 grasp(object="door handle”) /

[Generalizable Robotic Manipulation: A Benchmark & LLM-guided 3D Policy, R. Garcia, S. Chen, C. Schmid, ICRA'25]



3D-Lotus: 3D robot manipulation policy

« Language-conditioned 3D point cloud transformer

open /
close

rotation bins
heatmap

position bins
heatmap

: T
| J
P O Qe e

(D Point tokens () Text tokens

+

+

+

Local Self Attn

Point tokens

Word sequence

» Use of point cloud transformer
v3 (PTV3) [5] as encoder

» Addition of language instruction

[5] Point Transformer V3: Simpler, Faster, Stronger. CVPR 2024. Wu et al.



SOTA comparison of 3D-Lotus on GemBench

Method L1 L2 L3 L4
(Hiveformer [17] 603115 26.0s14 350117 0000\
PolarNet [2] Fd. %0 37.1£14 38.5417 0.1+02
3D diffuser actor [35] 919193 434153 37.045 5 0.0+0.0
RVT-2 [37] 89.1108 51.0493 36.042 0.0+00
\3D-LOTUS 94.3;1_4 49‘9&-2 38.1;1.1 0.3w
3D-LOTUS++ 68.710_6 64.5:&0_9 41-5:|:l.8 17-4ﬂ:0.4

Comparison on 4 levels of GemBench (avg. SR)

Most SOT models fail to generalize



SOTA comparison of 3D-Lotus++ on GemBench

Method L1 L2 L3 L4

Hiveformer [17] 60.3i1_5 26.1:|:1.4 35.1;&1,7 0.0j:()_()
PolarNet [2] Fd. %0 37.1£14 38.5417 0.1+02
3D diffuser actor [35] 919408 434458 37.049>5 0.0-0.0
RVT-2 [37] 89.1408 51.0423 36.0427 0.040.0
3D-LOTUS 943, ,, 49.9.,, 38.0:;;  0.3i03
3D-LOTUS++ 68.710_6 64.5:&()_9 415:&:1.8 17-4ﬂ:0.4

Comparison on 4 levels of GemBench (avg. SR)

3D-Lotus++ with an additional planning module
generalizes to novel objects, actions and long-
horizon tasks



Ablation of 3D-Lotus++ modules

Method L1 L2 L3 L4
3D-LOTUS 94314 49915, 3814 0.3103
3D-LOTUS++ 68.7:&0.6 64.510_9 41.5:|:1_g 17.4:|:()_4

Task Object
Planning  Grounding Ll E 3 S
GT GT 92.6:&()‘7 80.1:5:0.5 47.8:|:1_4 31.5:&1‘1
GT VLM 710417 663109 460115 1945
LLM VLM 68. 7106 645109 415418 174104

Significant gain with GT task planning & object grounding



3D-LOTUS++: GEMBench success cases

Generalization to new shapes Generalization to new object instances

“pick up the red moon and lift it up to the target” “close the fridge door”



3D-LOTUS++: GEMBench success cases

Long-horizon task generalization

“pick the white cube and put it on the green marker,
then stack the teal block on top of the white,
finally stack the blue block on top of the stacked cubes”



3D-LOTUS++: GEMBench failure cases

Confuse green cube with green marker Open action in microwave very different from training data
(object grounding failure) (trajectory prediction failure)

“Pick the orange block and put it on the green marker, ‘openthe microwave door”
then stack the gray block on top of the orange,
then stack the lime on top of the gray,
finally stack the rose block on top of the stacked cubes”



Real world setup

Training set
7 task variations

20 episodes/taskvar

stack cup in pink cup

put strawberry in box
) ) hang pink mug
stack navy cup in cup put peach in box

open the top drawer put frog in the top drawer

Unseen test set
5 task variations

put plum in box, then in box

stack the (black/red) cup
on top of the (orange/black) cup

put grapes in plate,
then in pink plate

place the yellow cup inside the
red cup, then the cyan cup on top



Comparison with state of the art for “unseen” task variations

3D-LOTUS 3D-LOTUS++
stack_cup (black — orange) 0/10 8/10

stack_cup (red — yellow) 0/10 710

stack_cups (cyan— yellow —red) 0/10 710
put_fruit_in_box (banana) 0/10 9/10
put_fruit_in_box (lemon) 0/10 7/10
put_food_in_box (tuna, corn) 0/10 8/10
put_fruits_in_plates (banana) 0/10 9/10
Average 0/10 7.9/10

3D-LOTUS++ outperforms PolarNet



3D-LOTUS++: Stack cu PS (cyan - yellow - red)

"place the yellow cup inside the red cup, then the cyan cup on top"



3 D‘LOTU S++: PUt fOOd in plateS (grapes - yellow plate, banana = pink plate)




3D-LOTUS++: Failure cases

Imprecise grasping for difficult shape Confuse objects with similar color-shape

“put the grape in the yellow plate” “put the plum in the box, then put the corn in the box”



Gondola: Grounded Task Planning

« Unified textual plan generation and image segmentation

| |
push forward <p> gray cube <p> <seg> to <p> teal square <p> <seg>

e L I .

> .
t | Prompt i
‘:Q : . | o
[“ Large Language Model (LLM) LoRA ] AN Embedding Y | :
7\ i & v & E
: : sam2 | | ‘
[ Image ETbeddmg ] = : | Decoder ) >
Embedding : t :
[ “*  Image Encoder ] : V— ~N | r
r | L[ 5k sAM2 |
[ Task: use the stk o cragthe || | gmag® 1|
|| cube onto the teal target. o\l Sous | Y
\ Plan history: grasp stick ST o )
i X K views predicted masks

Generate the next action plan. |

_____________________________________________

[Gondola: Grounded Vision Language Planning for Robotic Manipulation. Chen, Garcia, Pacaud, Schmid. arXiv’26]



VLA with Multi-Scale Point-Action Interaction

* Model based on 3D point cloud input
« Multi-scale point-action interaction

“Hang the red mug
on the middle
spoke of the
wooden hanger”

'? Robot State

Actions

£

iy

Processed
point cloud

&

= (] A AFme-luned ﬁ# Fi
- * =l *® ]
e | | O OET™
Encoder D D g Ain e R e
L VLM d
e Action
| Tex k| |O Ol Decoder
Tokenizer | ([]] WIE )
& ~
SrD — —-)D D
N D L[ ] — FFN Cross-Attention —~
e D —>  Bottleneck —-*D D
p D ‘ Window D
F‘J (] —_'l Self-Attention —'[j [:|
T T
e[] |, N O
QD \_ L—‘ D, J xly

Point Action Expert ¢}

Bottleneck Window
Self-Attention

e [:] N
2
Pooling

>
—_— ' .
5"-@ (2] >

°

sl xO0m <0

O x0®
v 0@

N

L]

Za
- P,
Embeddings: |_ Point

D Action

DJoinl Point-Action

[PointACT: Vision-Language-Action Models with Multi-Scale Point-Action Interaction. Chen, Pacaud, Schmid

.RSS'26.]



VLA with Multi-Scale Point-Action Interaction

TABLE II: Success rate (%) on RLBench 10 tasks. We reproduce EO1 [52] and evaluate both EO1 and our PointACT using
100 episodes per task. The results for the other methods are directly taken from [41], where each method is evaluated over 20

episodes.

Close Close Toilet Sweep Close Phone Umbrella Frame Wine at  Water

box laptop lid  seat down  to dustpan  fridge on base out off hanger rack plants e
ManipLLM (7B) [36] 50 80 40 20 80 35 10 29 15 20 38
OpenVLA (7B) [31] 65 40 75 60 80 20 35 15 10 10 41
mo [6] (2.6B) 90 60 100 30 90 25 35 T3 5 45 35
CogACT (7B) [35] 80 85 90 65 90 50 60 35 25 25 60
HybridVLA (7B) [41] 85 95 100 90 100 50 50 70 50 50 74
EOI1 (3B) [52] 97 99 100 95 83 46 76 40 61 35 73.2
ACT3D [17] 94 62 99 80 87 53 97 31 31 11 64.5
PointACT (3B) 91 99 96 39 81 99 99 69 90 40 82.3

[PointACT: Vision-Language-Action Models with Multi-Scale Point-Action Interaction. Chen, Pacaud, Schmid. RSS’26.]



Overview

« LLM-guided 3D policy for robotic manipulation

* A critic for robotics - Guardian



A critic for robotics - Guardian

Robot execution can fail, but difficult to detect
automatically

Failure detection is necessary to re-plan
Critics have shown to successful for LLMs in general

We introduce a critic (VLM) to detect planning and
execution errors

[Guardian: Detecting Robotic Planning & Execution Errors with VLMs. P. Pacaud, R. Garcia, S. Chen, C. Schmid, arXiv]



A critic for robotics - Guardian

» A critic to detect planning and execution errors

__________________________________________

Planning Failures
> Task: put pear in drawer

‘ Proposed plan:

@ pick up pear
@ put pearin drawer

------------------------------------------

P T e e e e e e e e e e e

Execution Failures
Task: store apple in fridge

s s L Subtask:
| put bowl in

_________________________________________

- e e e o o o o o e = =

—— e o e e

GUARDIAN

U

Reasoning
VLM
fine-tuned on
robot failure
datasets

____________________

Missing subtask:
open drawer

B>

____________________

————————————————————

Subtask Execution is
Incorrect

P

____________________



Planning verification

Task: Pick up the crackers box and
place it in the cupboard, then place
the tuna can next to it, and then
move the spam can inside the
cupboard

0 grasp crackers box

e move grasped crackers E>

box to cupboard

R .'.",‘T.V': :,\»
! R A e release crackers box
e grasp tuna can

e release tuna can

move grasped spam
0 can to inside cupboard

o release spam can

Planning Verification

<think> 1. **subtask 1**: This step is logical 2. **subtask
2**: This step is logical 3. **subtask 3**: This step is
logical 4. **subtask 4**: This step is logical 5. **subtask
5**: This step is not logical because it lacks the subtask
of moving the grasped tuna can next to the crackers box
before releasing it. 6. **subtask 6**: This step is not
logical because it lacks the subtask of grasping the
spam can before moving it to the cupboard. 7.

**subtask 7**: This step is logical only after ensuring the
spam can is grasped and moved to the cupboard.
**Analysis:** The plan is missing subtasks for moving
the tuna can next to the crackers box and for grasping
the spam can before moving it to the cupboard. </think>
<answer> False </answer>

<category> missing subtasks: one or several subtasks
are missing </category>



Execution verification

Subtask 1: grasp crackers box

front

left

right  wrist

)

| ‘=Y > }

a
w

[ 3

=

Execution Verification

<think> 1. **Start Image Description:** The scene
shows a wooden tabletop with various items including a
chocolate jello box, strawberry jello box, soup can, tuna
can, spam can, sugar box, coffee can, mustard bottle,
and crackers box, with the robot arm positioned above
the table. 2. **End Image Description:** The scene
remains similar with the same items on the table, but the
robot gripper is now closed around the crackers box,
indicating it has grasped the object. 3. **Analysis:** The
robot gripper successfully moved to the crackers box
and is holding it, demonstrating the successful
completion of the subtask. </think>

<answer> True </answer>

<category> success </category>



Guardian — training data

« Training data for planning

wrong object wrong object wrong missing contradictory
manipulated state or placement order subtask subtasks
Perturbations o grasp green moon o grasp blue cube 0 grasp blue cube o-gﬁasp-bleeeebe o grasp blue cube
. e move grasped obj. e move grasped obj. e release 9 move grasped obj. e release
into wrong to cube slot next to yellow star L to cube slot dobi
move grasped o move grasped o
pla ns o release e release e to cub% sl 0‘% ) e release o to cubge sl 0% )
| N N e release
i 1TF . A —
Task: “pick up the cube and put it in the sorter” Task: “move red spoon to stove’s upper right”
Successful = rasp blue cube o rasp red spoon
3] g > 9
i =il © P
orlgmal = move grasped object © e move grasped object
demos = | to cube slot 3 to stove’s upper right
(o)
release T Y release
L © & B o

\
r

Start from successful plans + generate wrong ones
— For RL Bench (simulator) and BrideDataV2 (real robot data)



Guardian — training data

* Training data for execution

Successful
original
demos

Perturbations

into wrong
executions

Task: “pick up the cube and put it in the sorter”

Task: “move red spoon to stove's upper right”

." = ‘i

5 rasp blue cube o - rasp red spoon
5| @ o S @ orespredsp
2 move grasped object @ e move grasped object
= | to cube slot % : to stove’s upper right
D
release S v release
] o EHS ©
Online perturbations Offline perturbations
no gripper  wrong object wrong object imprecise task-execution semantic mismatch: revert action (no progress)
‘?Sse = sta:cw&_eTl pla_gtaﬂment mf{iﬁ_r'uputa_'g?_?:l el modify task to refer to s
. o oy ) . A LA wrong obj. / state / placement
.'.‘l ™ ) lr: \"H-L "
L

e.g. new task: “put red spoon

on top of the blue towel”

— Start from successful executions + generate incorrect ones

— For RL Bench (simulator - online) and BrideDataV2 (real robot
data - offline by changing text instruction)




Dataset statistics

Training Validation Test
Dataset Env. Exec Plan Exec Plan Exec Plan
ailCoT (Ours)
RLBench-Fail Sim 12358 5808 1000 500 1000 500
BridgeDataV2-Fail  Real 7830 4880 1000 500 1000 500

Real-World Robot Failure Detection Benchmarks

URS-Fail (Ours) Real - - - - 140 140
RoboFail [7] Real - - - - 153 30
RoboVQA [27] Real - - - - 357 -

« Large-scale synthetic dataset FailCoT with RLBench + BridgeData
- Balanced execution and planning failures



Dataset statistics

Training Validation Test
Dataset Env. Exec Plan Exec Plan Exec Plan
ailCoT (Ours) A
RLBench-Fail Sim 12358 5808 1000 500 1000 500
BridgeDataV2-Fail  Real 7830 4880 1000 500 1000 500

Real-World R Failure D ion_Benchmarks

URS-Fail (Ours) Real - - - - 140 140
RoboFail [7] Real - - - - 153 30
RoboVQA [27] Real - - - - 357 -

« Large-scale synthetic dataset FailCoT with RLBench + BridgeData
- Balanced execution and planning failures

 URS5-Fail with balanced real-world failures



25

N
o

Occurrence (%)
5 &

Guardian — data distribution

Real Planning Failures 24.7
77z Synthetic Planning Failures 2%1
Real Execution Failures 19.8
77z Synthetic Execution Failures _16 2
11.5
L IR % 90 9977
1.7 gml 7.3 779 / 7.8
6.0
7 4.9 4.9 ? 7
/ ' / 3.7
% / / r27 / 2.5
| v W,
9 '0"‘ 6\‘ ‘O\ (8]
O o . Fve e o o ™ e ° 0 5 Ve
(O1 e @57 W3 P (000 WOl BT (o0 Tes®  oo®
@0&0\9 6;0 ¢ e ;\e\q \«:‘gﬁ, WO ot (0% ¢



Guardian — mod

el + training data

* InternVL3-8B model with Lora adapters

— Input multiple views for start and end images, text prompt

— Output: true/false + category

label

s <think> .. </think> <answer> False </answer> Fine- d
@ Guardlan [ <category> wrong object manipulated </category> ] A mnestune
1\ ;'iq'é Frozen
s ~
% Large Language Model @wen2578) (A  LoRA ]
i o2 Visual Encoder J ke Text Tokenizer
L (InternViT-300M-448px-V2.5) T

— . Ve
033 oo 3 4 N
S e L e Q

“—. ==

. .

L] :ﬁ_.'_§ N .
Subtask start images

Multi-view images at the start and end of the subtask.
High-level goal: Stack 2 orange blocks.

Analyze whether the robot successfully performed the subtask
grasp orange cube.

Subtask end images

Text input




Guardian - impact of the training data

Training Data | RLBench BDV2 Robo URS Robo
RLBench BDV2 -Fail -Fail -Fail -Fail -VQA

X X 0.65 0.69 0.65 073 0.75
X 0.82 0.70 0.69 0.72 0.66

X vV 0.65 0.86 0.71 0.68 0.77
0.85 088 0.78 083 0.85

« Impact of Guardian training data on the accuracy averaged
over planning and execution failures

 Combined data mix improves in all cases



Guardian — impact of training data size

0.90

0.85 2@
a ﬁ/”{ﬁ‘/@
©0.80 o
: ‘_;gfﬂ"/y
@) o
VU 0.75] o ‘ ~ -
< \%‘“‘\% ~ RLBench-Fail
©0.70- g - BridgeDataV2-Fail
2 RoboFail

0.651 UR5-Fail

o= RobOVQA
0.60

Base 12,5% 25% 50% 75% 100 %
Dataset Size (in %)

Accuracy for execution (binary classification) across benchmarks



Guardian — results

Model Trained on RoboFail [7] URS-Fail RVQA [27]
FailCoT Exec Plan Exec Plan Exec
Closed-Source VLM
GPT-40 X 0.80 0.67 0.77 0.85 0.79
GPT-40 +Sentinel-Video-QA [10] X 0.80 0.63 0.76 0.62 0.66
Robotic Failure Detection VLMs
RoboFAC-7B [18] X 0.25 0.05 0.54 0.02 0.52
AHA-13B™ [9] X 0.64 - - - -
[-Fail-Sense-3B [12] X 0.43 0.67 0.47 0.46 0.53
Cosmos-Reason2-8B [15] X 0.78 053 059 0.67 0.76
CLIP+MLP [46] 0.42 0.43 0.51 0.51 0.52
I-Fail-Sense-3B [12] - 0.76 052 0.55 0.6 0.58
Cosmos-Reason2-8B [15] 082 070 065 0.83 0.77
Guardian-8B v 0.86 0.70 0.77 0.89 0.85

Comparison on unseen real-world benchmarks. Accuracy on execution & planning



Guardian — integration into Lotus3D++

;

Planning

Task planner

|

)

¥ Planning Verification

yesw—

Subtask execution

C

Motion planner

repeat for each subtask

v

U Execution Verification

yesl

no

no

Planning example

Instruction: Generated plan
“Close the grill” @ push forward grill door

€9 [ U Retry!
New generated plan

@ orasp grill door
@ move grasped object down

@ release
& l ¥ Run policy

Success



Guardian — integration into Lotus3D++

v g
Planning Execution example
Task planner no Instruction:
7 “Push the maroon button, then push the blue button, then press the orange button and then the magenta one”
U Planning Verification —
Gt ) © push down @ push down @ push down
Subtask execution & orange button magenta button magenta button

F

Motion planner
no

repeat for each subtask

v

W Execution Verification |__ ﬁ

Success

yes l




Experimental results

Verifi Trained on EAT  Averise Open Push Push Lift Screw Slide block Lift Close Close Close
CHIET RailCoT 7 top drawer white button 4 buttons red duck maroon bulb to yellow target black block erill microwave bottom drawer
X X X 0.4540.03 0.541003 0.921001 0.09+0.03 0.384+0.05 0.50+0.04 0.07+0.03 0.854+0.02 0.1110.02 0.97+0.01 0.06+0.02
X X 0494002 0.644002 0931002 0.1240.03 0.4040.04 0.4810.01 0.15+0.03 0.86+£0.03 0.1210.02 0.98+0.00 0.1940.04
4 0.5440.03 0.75410.02 0.9640.02 0.184003 0.421003 0.5440.04 0.3110.06 0.894004 0.1810.03 1.001000 0.20+0.04

Success rate of Lotus3D++ across unseen RLBench tasks without and with
different VLM-based failure detectors. Last row = our full Guardian model



Real-world experiments

Put the tuna can into the box, then the yellow corn into the box

— Verifier T{:?ﬁf:% r;)n CoT Put food  Arrange fruits Stack cups
}r}w;'srtoat:-;tlr;:g;eDreiicsgstiiggr::d above the tuna Norm Pert Norm Pert Nor m Per t
can, which is on the table near a tray, a strawberry,

S e besarpan X X X 15720 4/20 1020 3/20  9/20 2/20
bty bt X X 12/20 10/20 9/20 920  7/20  6/20
Tre arper atempte 1 gras te o con b X 17/20 13/20 14/20 12/20 10/20 8/20
missed due to inaccurate positioning. </think>

' | 18/20 15/20 14/20 12/20 12/20 11/20

False </answer>

grasping/pushing </category>

6-DoF URS robot with 3D-Lotus++ results on three unseen task
3 RealSense cameras Pert. : human induced perturbations






Conclusion

Grounded VLMs and critics work well for robotics

Need to differentiate between planning and low-level
control

More robust & precise 3D representations are important

Improve visual / world models by real world interaction
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