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This is a chair.
It sets at a table
by another chair.

3D Visual Grounding Data Requires:
* Each annotation uniquely corresponds to one
object in the scene.
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4 Annotations ~

However, the annotation process of 3DVG is

difficult and requires sustained focus.
Annotators need to extract clues from sparse 3D
point clouds and disjointed 2D frames.
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This leads to a sharp increase in the risk of
annotation errors.
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Motivation

aior 20N The sample has obvious logical paradoxes or

observational ambiguities.
Multiple objects clearly fit the description ...

6.3%

So how serious is the data problem
in 3DVG now?

34.8%

The sample has logical paradoxes or
observational ambiguities to some extent.
Toxic in the rigorous evaluation ...

45.1%

S
7 B The sample i i
: ple is credible.
Complexit
énjp Txal ’ 3001 Sam p I es s D There is only one object in the scene that
== 4-15 2 meets the description ...
== 16+ ScanRefer-Justice S

* As the complexity of the scene Normal _—
increases, the incidence of —F
annotation errors made by . — g
annotators gradually rises. -7
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» High-confidence annotations for — “™
some complex scenes are even
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Refer-Judge
e

Find the Only Object

malches the description! " € This is a white lamp.
g u It is on a brown table.

£ This is a brown armchair.

Ting Data?
Solid Data?
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{ Toxic samples arise from two sources: | » |{ Fopagis modelitraining :
| : :

1 » Logical paradoxes ! I | . o
| > Referential ambiguities I | Affects algorithm evaluation |
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» Hypergraph-of-Thoughts » Jury: multi-faceted evaluations for scene-level data
> Agentic framework > Judge: self-consistency evaluation and corroborative refinement
> Deliberation-based structured analysis , » No task-specific fine-tuning or external perception
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Score: 0

Rationale: The logic score ... I ‘E’ Message set |
indicates serious paradox, path |
and the observation ... show

0 Rationale set
ambiguity as well ... @ : => dc’j IS(ZZ;IeeSZi I
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Refer-Judge

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

: The Refer task aims to find one specific object : D T
: from a given Description. : BSCrgRon
: ldentify logical paradox in the description ..

: . . _ : [ Prompt ]
: The description needs analysis is: This is a chair. It |:
. sets at a table by another chair. D

Score: 0 @ @ @

Rationale: Since the next to relation is symmetrical, if
chair A is next to chair B, then the chair B is also next to
chair A. Impossible to uniquely identify the target chair.

N,

Score & Rationale




Refer-Judge
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e 1 ~ Conszstency Juror | jgge oo e oo ’

.......................................................... Lﬁ Using the filtered Description Group, |:
! The sentences in Description Group depict the : D judging the logical uniformity of the ;
: same object. Judging the logical uniformity of the |: Description .. ])c
descrlptlon, fllter out Credlble descrlptlons » Pf ..................................... @ ................ .
e . : o] fllt91°1ng Score: 10 m
: IDescripYeIIGonpL, N : Rationale: > D!, D}and D, all @

: |1, Itherellsf: c:a.lr that is under a table. it is the A , Rf involve the relationship between

: bottom left chair ; _y

i J D 2, chair and table, the description:

: 2: The chair is the last chair on the left end of the - D, and D,: Score 2 This Is a chalr. It sets at aptable

: : : ; Agree on the left localization i

. table. Itis to the left of the chair next to it, & is trustworthy.

3: The chair is the one closest to the door, - D’ and D.: Score2 | > Consider the left of the chair next
4: The chair is the north western most one from Agree on the relation with | toitin D, the description:
ithe table closest to the door} the door @] It sets by another chair a/so valid.
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Score: 9 Ai Ri
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Rationale:
Related objects ... are
present. The relationship
accurately matches the

description ... @)
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Judging whether only one object in .
: the image matches the description ... Ef

Judging how accurate the Description Pe Rationale:
I‘ matches the Image ... ‘ The image contains ...
: The description is: This is a chair.

It sets at a table by another chair. \m

fulfilling both ... in the
description.
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Score: 0

Rationale: Multiple chairs are found next to another

chair at the table. Fail to

identify a unique chair ... @
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Refer-Judge
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Self-consistency evaluation

Judgment Set Corroborative Refinement Complete Views
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Refer-Judge

’ District Judge

e N
The **JSON MESSAGE** needs analysis is: "{ ‘4 R
"JUDGE MESSAGES": { i
"Distinguishability™: [ [9: 2], [5:0]],
::melglL,l,lt\l(": 8,3,5,5 4, 3], e Evaluate the final score
osical™: L, based on four perspective:
"Consistency": 8 }, AR e "Logical" PErSP
"RATIONALE MESSAGES": { 0 "Consiste,ncy"
"Existence": [Rationale: ==+, *** ], - AR, "Distinguishability”, FINAL @
"Uniqueness": [Rationale: ===, ===, ===, ===] 0 "Ambiguity” ... sz‘s SCORE
"Logic": "Rationale: ===, ™ — 9
"Consistency": Rationale: === "} }". Aa, Ra
. Ly )

Reasoning path Final
< Rrampt [ Score & Rationale]
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Model Agreement T Precision{ Recall?T F11 RMSE| MAE |
GPT-40 82.77 82.95 85.77  84.33 2.69 1.71
GPT-4.1-mini 81.81 82.64 83.66 83.14 2.82 1.94
Grok-3 8§1.14 81.03 84.66 82.81 3.07 1.84
Gemini-2.5 Pro 77.01 78.353 78.39 78.53 3.15 2.20
LLAMA-3.2-11B 67.88 67.67 76.83 71.96 3.71 2.73
Human Performance 84.87 90.43 82.92 86.51 - -

» Refer-Judge achieves human-level judgment capability, slightly lagging with
human experts.

» The Refer-Judge algorithm can generalize to multiple models.

» Better base models result in better performance.



Method Unique 1 Multiple 1 Overall 1
Acc@0.25 Acc@0.5 | Acc@0.25 Acc@0.5 | Acc@0.25 Acc@0.5

TGNN 68.61 56.80 29.84 23.18 37.37 29.70

InstanceRefer 75.772 64.66 29.41 22.99 38.40 31.08

3DVG-Transformer 81.93 60.64 39.30 28.42 47.57 34.67

SeeGround 75.7 68.9 34.0 30.0 44.1 394

3D-VisTA 81.6 75.1 43.7 39.1 50.6 45.8

ScanRefer 76.33 53.51 32.73 21.11 41.19 277.40

+ Refer-Judge 79.57 3240 54.31¢+08) | 34.15¢+1.42)  22.69+1.58) | 42.96(+1.77)  28.83(+1.43)

3DVLP 85.18 70.04 43.65 33.40 51.70 40.51

+ Refer-Judge 86.29+1.11)  72.19¢2.15) | 44.24+059)  34.88(+1.48) | 32.39+0.69)  42.11(+1.60)

ConcreteNet 82.39 75.62 41.24 36.56 48.91 43.84

+ Refer-Judge 84.14+1.75  T79.57+395) | 41.97+073)  36.16-:040) | 49.94+1.03)  44.55+0.71)

» After removing the toxic data from the ScanRefer training set, all

baseline achieving consistent improvements.



Method Thr Toxic data | Unique (purified) 1 Multiple (purified) T Overall (purified) 1
) Acc@0.25 Acc@0.5 | Acc@0.25 Acc@0.5 | Acc@0.25 Acc@0.5 | Acc@0.25 Acc@0.5

ScanRefer 20.44 13.12 76.91 50.57 34.77 21.78 43.60 27.81

+ Refer-Judge 1 17.96(-2.48)  12.84-028) | 79.52¢2.61)  55.400+4.83) | 35.73(+096)  24.27(+2.49) | 4491131 30.79+2.98)
3DVLP ~7.6% 22.69 17.36 84.65 68.27 44.58 34.38 52.97 42.17

+ Refer-Judge 22.41¢028) 1443293 | 86.7+205  70.42¢+2.15) | 46.49+191)  36.01+1.63) | S4.91+1.94) 43.22(+1.05)
ScanRefer 21.69 14.58 76.89 50.57 34.96 21.8 4391 27.94

+ Refer-Judge < 2 18.76(-293)  13.67¢091) | 79.50¢+261) 55.41+484) | 36.07¢+1.11)  24.44:264) | 45.33+1.42)  31.04+3.10)
3DVLP ~9.3% 22.91 17.75 85.97 70.02 46.44 36.02 54.86 43.01

+ Refer-Judge 22.11¢080)  15.46(220) | 86.41+044) 7227225 | 47.14070)  37.43+1.41) | 55.50+0.64)  44.85(+1.84)
ScanRefer 22.58 16.03 77.02 50.66 37.34 22.88 46.99 29.63

+ Refer-Judge <3 21.53¢1.05  13.60¢043) | 79.61+259)  55.59(+4.93) | 38.39+125 2591303 | 48.56(+1.57)  33.12(+3.49)
3DVLP ~21.1% 27.57 21 86.18 70.53 49.68 38.48 58.55 46.27

+ Refer-Judge 25.85¢-1.72)  18.83217) | 86.521+034)  72.42+1.89) | 30.84(+1.16)  40.63¢+2.15) | 59.51+0.96)  48.36(+2.09)
ScanRefer 24.23 17 77.12 50.71 38.97 23.39 49.41 30.87

+ Refer-Judge <4 23.46¢-077)  17.28+028) | 79.65+253)  55.72¢+501) | 40.51+154)  26.73+334) | 51.22+181)  34.66(+3.79)
3DVLP ~40.6% 29.32 22.91 86.3 70.71 52.34 40.42 61.63 48.7

+ Refer-Judge 28.36(-:096)  21.85¢-1.06) | 86.64+034)  T2.550+184) | 53.77+1.43)  42.69:227) | 62.76(+1.13)  50.86(+2.16)

» A more significant improvement in model performance can be observed on the purified validation set.

» The original model outperforms the purified model on toxic validation set (due to toxic prior knowledge).



Thanks for watching
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