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MOTIVATION

Language understanding must reach contact geometry

The instruction specifies a goal. The robot needs a part and a grasp.

Actionable Perception for Real-World Robotic Manipulation

Q: Could you heat some water in the teapot and make me tea? Q: Could you pour me some coffee using the white cup? Q: Please help me find a spoon. I'd like to have some soup.
A: Okay, | will grab the handle < |SEG [> of the teapot.

A: Sure, I'll grab the handle <|SEG [> of the cup. A: Here's the spoon. I'm grabbing its handle <[SEG [>.

Object-level grounding Part-level affordance Actionable perception

Which object? Which functional region? Where and how to contact?
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PROBLEM

Task definition and scope

Inputs

Image or video, language instruction,
] optional points or boxes.

Affordance Segmentation Reasoning Affordance Segmentation (easy) Reasoning Affordance Segmentation (hard)

guests. Could you find some mugs? handle <SEG> to strike the nails.

into the wall.

the power drill in this image?

[ What is the affordance map of ] [ Can you segment the affordance I'd like some soup, please give We need to prepare coffee for our Q: lwant to nail something | | A: The hammer is here, grasp its
map of the whisk?

me the spoon.

Outputs

Referring Expression Segmentation (RES) Reasoning Segmentation (ReasonSeg) Interactive Actionable Perception :
[ Please segment the middle ] l' Please segment the jumping ] [Which object could be used to connect the] [ What area is specifically designed ] [ Please give me the object ] Q / @ i :'-* / B Affo rd a n Ce m a S kl b O u n d I n g b OX a n d 4
: L .
. DoF grasp candidates.

duck in this image. boy in this image. vehicle to an electrical power source? for aircraft to take off and land? denoted by <REF>.

e N

e . sy

A perception interface for
downstream robotic execution.
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METHOD

UniRAP architecture

vya

Frames (@a/ ») SAM2 Tracking-Memory Mechanism (‘

> i , «—  Memory Bank
Visual Memory
—_— . T
Encoder Attention
* " Memory Encoder
*
Reasoning Language Prompt [: y ‘ D Unified Affordance Decoder ‘
“Please give me a tool to .
tighten screws.” M Modl o7 LoRA E _|_’ Bidirectional Cross-Attention
' LILM MLP v v v + v v v
' Referring Language Prompt |=— —% Projector IoU Token Mask Tokens Bbox Token Grasp Token
“Give me the object | @ \/—/ /—/ f'/
referred to by <REF>.” [: Mask Head Bbox Head Grasp Head
Visual Reference Prompt A = Output Text | — _ / S A / - A /

‘ “Sure, I'm securing

Visual Referring the handle <SEG>
Encoder and bringing it right | * |
A over.” 4

Qwen2.5-VL (3B) + SAM2 + a shared interface for dense interaction prediction
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METHOD

Text and visual prompts share the <SEG> interface

Language referring Visual Prompt encoding
The instruction describes the target or its intended ~
function. c=(xY,t)

d(c) = [sin(Bc), cos(Bc)]

Visual referring

Points or boxes identify the target when language Shared decoder prompt
annotations are unavailable.

hSEG = MLP(hSEG)
(M, b, g) = D(hSEG, fmem)

The shared token space enables transfer across different forms of supervision.

UniRAP

05



METHOD

Unified Affordance Decoder

Image Feat. Image PE TokeniAssembly
[B,256,48,48] Positional Encoding Obj IoU Maskx4 Bbox Grasp «* Prompt Embeds .
‘ ‘ ‘ Shared representations
Two-way Transformer
Tokens «> Image Features Cross Attention Self Attention . . .
; ¢ Two-way attention exchanges information between task
Image Output Token Outputs
Souree) (Hidden St O@ @ . EM]kD ] QG@, tokens and dense features.
scaleNe

j— Up's'éafi&'ﬁég?"if]"t' ..................... _________________ l
i [B.32,192,192] »£¥8 <« HyperNet o

x4, per token

Mask Logits ~ Stability Select  Best Mask
x4 (Noise)

Mask-guided localization

Shared: Best Mask + U led F Token O T .
e ———— The mask initializes the box and supports residual box

[1 Upscaled Feat. FEfI neme nt .
[B,32,192,192] . Residual MLP
FiLM —* Mask Pool —
Bbox Token ' [B.4]
(B, 256] I

P A——— (Grasp Hoad -~ Do | Contact prediction

Upscaled Feat.
[B,32,192,192]

Relative Position +— Anchor Sampling

Foreground features support direct grasp regression and

’_l H
. Spatial . . .
FLM - P T Grasp MLP —> ) confidence estimation.
+
Grasp Token Confidence Grasp P{)ses
[B, 256] MLP [B,N,6]
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METHOD

Grasp regression in the foreground region

e EoE e Relative Position <= Anchor Sampling

& ' [B.32,192,192]
3 ' = :
' | : Spatial !
\"\ | FII;M Queries T Grasp MLP l I
E Grasp TOken Confidence . Grasp Poses E
| [B, 256] MLP [B,N,6] :
32 foreground anchors Geometry regression Candidate confidence
FPS sampling and relative (Acx, Acy, cos 26, sin 26, w) A separate head estimates
position encoding Anchor + residual refinement the quality score q.
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METHOD

Curriculum transfer training

General Pre-training = Affordance Pre-training . Visual Referring Pre-training . Actionable Affordance Fine-tuning
| (Segmentation, Bbox, Grasp)

(Segmentation) (Segmentation) (Segmentation, Bbox, Grasp)

LU

Reasoning Language Prompt | Visual Reference Prompt

9 Please use it to 9 Please grasp the object 9 Please give me the yellow
hammer nails. at the reference points <REF>. banana next to the green pear.

Referring Language Prompt
() Please segment the cat.

& e . ! & . . Sure, the segmentation mask
{fg} Sure, it’s <SEG> . Hi.’a} I'll grab its handle <SEG>.JE@ Okay, it’s <SEG>. ”‘E is <SEG> . ’
Training Data Distribution UnilRAP: Reasoning-Aware Actionable "erception

4

K .
>0 General Pre-training

167K o

Affordance Pre-training
461K

Visual Referring Pre-
training Reasoning Language Prompt

253K i p

53 Actionable Affordance Q Please give me that tool to cook.
Fine-tuning ‘% Okay, I'll grab the handle <SEG> of the black shovel. '
UniRAP

Coarse to fine

Generic segmentation develops
spatial features before contact
prediction.

Reduced text dependence

Visual referring prompts unlock
additional grasp supervision.

Final stage: optimize the Unified
Affordance Decoder.
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METHOD

Training objectives and implementation

Center padding to 768 x 768 avoids

Language Autoregressive cross-entropy direct-resize distortion.
Mask Focal + Dice, loU and objectness Adaptation
_ _ LoRA rank 128, a. = 256.
Bounding box L1 + generalized loU 8 frames per video instance
Grasp Huber + confidence BCE
_ _ _ Training hardware
Consistency Mask-in-box + grasp-center-in-mask 8 x AS00 (80 GB)

UniRAP 09



EXPERIMENTS

Evaluation across perception and interaction

Capability Benchmarks / setting Reported metrics
Image segmentation RefCOCO / + / g, ReasonSeg cloU, gloU

Video segmentation ReVOS validation J, F, J&F
Affordance grounding HANDAL, GraspNet, 3DOI gloU, cloU
Actionable perception RealVLG: Seen / Similar / Novel Box loU, Seg. FB, grasp gAcc
Robotic grasping Franka FR3, 13 household objects Physical grasp success (%)

Zero-shot affordance evaluation includes GraspNet Novel and 3DOI.
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RESULTS

General image segmentation remains competitive

RefCOCO / + / g: validation cloU. RefCOCOg: val(U). ReasonSeg: gloU.

Method Size RefCOCO RefCOCO+ RefCOCOg ReasonSeg
VideoLISA 3.8B 73.8 63.4 68.3 61.4
Sa2VA 4B 78.9 71.7 74.1 52.3
UniPixel 7B 80.8 75.3 76.4 60.5
UniRAP 3B 80.9 75.1 76.1 57.9

Strong referring segmentation at 3B scale. ReasonSeg remains a limitation relative to VideoLISA.
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RESULTS

Video segmentation on ReVOS

J&F on ReVOS validation

Method Size Referring Reasoning Overall

HyperSeg 3B 58.5 53.0 55.7 S S R

InstructSeg 3B 57.0 51.9 54.5

UniPixel 7B 65.8 61.5 63.7

UniRAP 3B 64.1 59.6 61.9

61.9 overall J&F Competitive with larger models while extending

to contact prediction.
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RESULTS

Affordance generalization on unseen objects

gloU, zero-shot evaluation

Method GraspNet Novel 3DOI referring 3DOI reasoning

RAGNet (7B) 45.6 37.4 38.1

UniRAP (3B) 51.6 52.1 55.7

Q: Could you please hand me a for the salad? '+ Q: Find a mug to use for drinking. Q: Please fetch a knife.
A: The bowl is here, hold its to scoop and A: The mugs are on the shelf, you can pick one up A: The knife on the table, it can be held by its

serve the salad. by its handle. handle for safe use.

" -y

+17.6

Q: Preheat the oven for baking. Q: Can you pass me the spatula, please? Q: I need a fork to eat. Can you find one for me? °
A: Open the oven door to place the tray inside for A: Hold the spatula by its handle to flip food. The A: The fork is here, grasp its handle to use for I o U o I n t S o n 3 D 0 I
baking. segmentation mask is <|seg|>. eating. The affordance map is <|seg|>. g

reasoning vs. RAGNet

UniRAP 13



RESULTS

Actionable perception on RealVLG

Grasp gAcc across object splits

Method Similar

RealVLG-R1 GRPO (7B) 39.1 36.2 18.9
RealVLG-R1 GSPO (7B) 32.8 30.2 18.3
UniRAP (3B) 56.7 56.7 63.3

Novel split Bbox gloU Segmentation Ff8 +44 4
[

RealVLG-R1 GSPO (7B) 88.5 52.0
Novel grasp gAcc points

UniRAP (3B) 68.4 75.8 vs. best RealVLG-R1

UniRAP 14



QUALITATIVE RESULTS

Language-conditioned actionable predictions

cap and laces. - body and no Vlslble markmgs :: sides and an open top. :l and rounded SCOOp

N

Brown sneaker with white toe 1 B right green pen with a flat ;1 Blue plastic cup with smooth /! Black ladle with a soft handle |
I
I

________________________________________ Fmmmm e ———————————————
: A blue rectangular toothpaste 1: A gold plastic tube with black :l A bronze-colored camel toy ': A black computer mouse :
I
| box with Japanese text, placed ,: lettering and a white barcode, 1 positioned between the ' located near the top-right area, |
| above a toothpaste tube. || standing upright. :: screwdriver and the strawberry. l beside the red- handled knife. '

The same output interface supports explicit object descriptions and spatial referring expressions.

UniRAP
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QUALITATIVE RESULTS

Spatiotemporal actionable perception

A gold plastic tube with black lettering and a white barcode, labeled 'PANTENE', resting on the toothpaste box.

T

Memory attention combines current features with historical target information.

UniRAP
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ABLATION

What enables accurate grasp prediction?

Variant Novel grasp gAcc )
Transfer learning

Without visual referring pre-training 26.4
Visual referring links grasp
Without actionable affordance fine-tuning 19.6 supervision to the shared
prompt space.
Without Bbox Head 24.7
Heatmap Grasp Head 13.4 Direct regression
Full UniRAP 63.3 The grasp head matters

beyond mask quality.

UniRAP 17



ROBOT EXPERIMENTS

Real-world robotic grasping

Method Success (%)
RAGNet + GraspNet 43.8
UniRAP + GraspNet 554
RealVLG-R1 (4-DoF) 62.3
UniRAP (4-DoF) 88.5

Franka FR3 + RealSense D435i

13 objects, 10 trials per object 88 ) 5 %

Average physical grasp success

UniRAP 18



ROBOT EXPERIMENTS

Referring and reasoning grasps on the robot

Referring instructions Reasoning instructions
Observation Real VLG-R1 UniRAP (Ours) Observation RealVLG-R1 UniRAP (Ours)
______ ) e e S
j Fleass 1 I want to . - e« e
, Bive | braise pork -
' me the ! i ribs. Can you
' blue '  find a suitable |
1 spoon. | s - ! kitchen [
——————— 3 =ik , utensil for me ! sesn--
, in the image? | g I e
- o ke U o SRR T . 09090 0 - - — - ———— — — — e Esws 4
______ il T N e— Em—
| Please 1 Please give me -
: ras : the blue tool |[
| grasp ' on the i
1 the 1 1
| orange | induction K
! 8 ! cooker i
1 cup. Iy !

_______

Language-conditioned contact geometry supports task-relevant grasp selection.
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CONCLUSION

Conclusions and future work

Unified representation

A shared token interface connects language and visual prompts to 63 . 3
dense interaction prediction.

Novel benchmark grasp gAcc

Transfer across tasks

Segmentation features and visual referring pre-training support 88 0
5%

learning with limited language—grasp data.

Real-world grasp success
Current scope and next step

Extend 4-DoF actionable perception toward full 6-DoF orientation

and dexterous interaction.
lif314.github.io/projects/unirap
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