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My favorite character,
Ik-myung (= "anonymous")

Eliciting Spatial Skills from Open-Weight VLMs

A zero-shot, per-task recipe for RoboSpatial-Home

Eunsu Baek (Team: Anonymous)  Seoul National University

Eliciting a spatial recipe from two open-weight VLMs — a reasoner & a pointing specialist



WHY I’M HERE

I Before we start — I’m not a spatial-reasoning researcher :)

| research “Adaptive Sensing”

Improve robustness by adapting how the agent senses — rather than My Solution - Sensing better than study harder!
depending on large-scale training.

Now exploring its extension to robotics / embodied agents.
“ Adaptive Sensing for DNNs “

High Quality
Camera Sensor
Control

Joined this challenge to learn, hands-on:

Put glasses on your models!

e which spatial problems matter Tralinitig b Akl youiissd]

e how models fail

e what transfers

“Training is not all you need!” — the same bet, applied to VLMs.

RoboSpatial-Home Challenge =~ WHY I’M HERE



STRATEGY

I No training — elicit what the models already know

The constraint The bet

Limited compute — no room to fine-tune a large VLM on Strong open VLMs already hold more spatial skill than they

spatial data. show — elicit it with inference-time choices instead of
training.

Keep the models fixed. Tune the inference, per task — and let the model’s own reasoning tell us what to

choose.

Result: 83.1 overall & 2nd place - zero-shot, open-weight leaderboard

RoboSpatial-Home Challenge ~ Concept



THE BENCHMARK

° ° - One scene, three questions —
I Three spatial tasks, three different skills

Task: Place the gray bowl in front of the car.

() Object-centric

(3 Ego-centric

Y/ / , e N\
. , ntex
Spatial context ./ Contextis
i pointing - <2 points
Point to the vacant Space 7 Localize a point in the correct region.
in front of the car.
78.7
. J
‘ i . 4 oge ( w
Spatial compatibility Compatibility
Can the gray bowl fit in - fit yes/no
front of the car? Does the object fitin that space?
79.1
- Y,

Configuration
directional yes/no

Spatial configuration
Is the gray bowl in
front of the car?

Does a directional relation hold?

91.5 «

figure: Song et al., RoboSpatial — CVPR 2025



STRATEGY

I Two base models - one design space

Base models Consideration axes (chosen per task)

Qwen3-VL-32B-Thinking - reasoner (D Model — which VLM answers the task

Emits <think> traces - directional & fit reasoning @ Reasoning — <think> on / off

— Configuration, Compatibility @ Decoding — greedy vs sampling
(%) Frame prompt — name a reference frame
@ Parser — trust the reasoning over the final token

RoboBrain2.5-8B-MT - pointing specialist (6) Two-model union — combine complementary models

Trained for point localization
— Context (€ Qwen in a 2-point union)

Same knob, opposite effect: greedy wins Config, sampling wins

Compat.

RoboSpatial-Home Challenge ~ Concept



STRATEGY

I The recipe each task lands on

Configuration Qwen3-VL-32B-Thinking - object-frame - greedy - reasoning - parser 91.5 91.9
Compatibility Qwen3-VL-32B-Thinking - no-frame - sampling - reasoning - parser 79.1 74.1
Context RoboBrain2.5-8B (greedy) @ Qwen (sampling, object) = 2-point union 78.7 72.3
Overall zero-shot - no training 83.1 79.4

Micro = plain accuracy. Macro = balanced over Yes/No (VQA) - mean over 6 relations (pointing) — guards the 83% Yes-prior.

RoboSpatial-Home Challenge =~ Summary



TASK 1

Configuration

Base model: Qwen3-VL-32B-Thinking - reasoner

Q(#8): Is the monltoho sofa?

GT: Yes

RoboSpatial-Home Challenge

Configuration

Challenge — the default over-rejects

“Is the monitor behind the sofa?”
DEFAULT reasoning

“The monitor is on the desk to the right of the
sofa. So the monitor is not behind the sofa —
it’s to the side. Answer: no.”

> No X correct: Yes

Literal matching — answers about the obvious
relation (right), never checks the queried axis
(behind).

Q(#101): Is the mlcrowav@tha
counter?

GT:

with no frame instruction, valid cases get rejected

Yes

91.5%

“Is the microwave above the counter?”

DEFAULT reasoning

“The microwave is sitting on the countertop, so it’s
not above the counter — it’s on the counter.
Therefore no.”

> No X correct: Yes

Over-strict — treats “above” as needing a gap, so
“resting on top of” fails on a technicality.



TASK 1 - CANDIDATES

I Candidates — which reference frame?

The knob: prepend a one-line reference-frame instruction. We considered four settings —

91.5%

default
no frame instruction (baseline)
injects

— nothing prepended —

ego-centric
from the CAMERA’s viewpoint
injects

“Right of X = to your right in the
image.”

Object-centric
from the OBJECT’s own perspective
injects

“Right of X = to X’s own right side.”

world-centric
fixed WORLD-axis convention
injects

“Use consistent world axes, regardless
of view.”

Why this matters: the default reasons literally;

simply naming any frame pushes it into relative, spatial reasoning that re-verifies before committing.

RoboSpatial-Home Challenge ~ Configuration




TASK 1 - STRATEGY

I Strategy — name the frame 91.5%

The one line we prepend to every question Any frame wins — the choice barely matters

4 )
PROMPT FORMAT Frame prompt

[ FRAME INSTRUCTION ]

( blank Line ) no-frame (default) 81.4
[ ORIGINAL QUESTION ]

OBJECT-CENTRIC e our choice EEC e
“Interpret all spatial directions from the reference object’s own perspective — as if you

j({izi,l:,t;gz:sg:z looking outward in its natural front-facing direction. Right of X = to object-centrlc e our choice 88.1
+

“Is the monitor behind the sofa?” world-centric 89.8

+6.8 pt naming any frame is the win (81.4 - 88.1); which frame barely matters (1.7 pt spread).

RoboSpatial-Home Challenge ~ Configuration



TASK 1 - INSIGHT

I Why it works — literal - perspective reasoning

91.5%

“Is the monitor behind the sofa?”

Default > No X

“..the monitor is not behind the sofa; it’s to the side.”

+ Object frame - Yes v

“...from the sofa’s perspective, the coffee table is in front of it, so its back faces
the desk — the desk is behind the sofa. So the monitor is behind it. Yes.”

B LA o 3
Q(#8): Is the monltoho sofa?

GT: Yes

RoboSpatial-Home Challenge ~ Configuration

“Is the microwave above the counter?”

Default > No X

“..it’s not above the counter; it’s on the counter.”

+ Object frame - Yes v

“...from the microwave’s perspective, it sits on top of the counter, meaning the
counter is below it. So yes, it’s above the counter.”

Q(#101): Is the mlcrowavtha

counter?

GT: Yes



TASK 1 - ADDITIONAL CHOICES

. . ° [ 0/
Configuration Two more choices — parser & decoding 91.5%
@ Fix parser — trust reasoning over the stray final token @ Decoding: greedy — sampling re-opens over-rejection
94 - The opposite of Compatibility: sampling hurts here
final token only (before parser) B greedy (submitted) sampling
B trust reasoning (fix-parser) 100 -
= 91.9
= %09 87.0
5 g -15.3
£ > g0l . 81.0
= o
g g 70 1
© =
7 =
> S
= 50 1
o
o
40
Micro Yes-recall No-recall Macro
(raw acc) (balanced)
€go object world Sampling re-opens over-rejection — Yes-recall 90.3 - 75.0 — so micro drops —11.9 and macro —10.9. Configuration commits with greedy. - RoboSpatial-Eval, n=118
When they disagree, the reasoning is right:— 4/4 in Config (3/3 in Compat, too). Insight: sampling re-opens over-rejection — Yes-recall 90.3 - 75.0, so micro drops
Every mismatch was an over-rejection, so the fix only restores wrongly rejected -11.9. Configuration commits with greedy — the opposite of Compatibility.

answers (+3.4 pt).

RoboSpatial-Home Challenge ~ Configuration
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TASK 1 - INSIGHT

density

RoboSpatial-Home Challenge

Configuration

Naming a frame - the model reasons longer, on its own
(same 768-token budget)

—— no-frame median 252
—— ego median 350
= object median 640
—— world median 465

I\
Falu
shifts right
(252 - 640)

1200 1400 1600
reasoning trace length (characters)

0 200 400 600 800 1000

@ It reasons longer — same 768-token
budget, but the object frame pushes
reasoning length up ~2.5x (median 252 -
640 chars), on its own.

Configuration

Insight — framing makes it reason more, in spatial terms

What each frame prompt makes the model say more (vs no-frame)

OBJECT-centric WORLD-centric

EGO-centric

“got it, let's figure (this) out" “got it. let's figure (this) out*

“world®

“relative”

“got it, let' “relative”

“determine”

*determine"

“perspective’ “direction”

“abject’s” “spatial®

“direction” “refationship*

“axis*

“riew"

“understand®

frame above*

na-frame Iog-ratin of per-1k rate vs no-frame log-ratia of per-1k rate vs i
(item maant {iram mean)

(2 Each frame surfaces its own vocabulary —
ego —> “camera/viewpoint”, object >
“reference/relative”, world = “axis/world”. The model
echoes whichever frame it’s given.

*facing"

Ararr

91.5%

Naming a frame - more reasoning, of specific kinds
(% of ¢ i ation traces st ing each behavior)

% of reasoning traces

Verification / Relative /

Perspective Planning / Self-
naming decompose correction re-check
= no-frame W ego . object = world

axis

@ More reasoning, of specific kinds — a frame
sharply raises Planning / decomposition (17 - 95%), with
more self-correction, verification, and relative-axis

reasoning.

12



TASK 1 - INSIGHT

I Insight — it isn’t true perspective-taking 91.5%

Configuration: predigtions_, agree across aII_three frames . .
112/123 (91%) identical — only 11 split 2-vs-1 Naming a frame helps — but the model isn’t really

ego object disambiguating the frames.

e ego/object /world all land at 88-90 (1.7 pt spread) — world only
marginally higher.

e The three frames’ correct-answer sets overlap heavily (the Venn) — it re-
reasons relationally, not from a specific viewpoint.

e Practical takeaway: the presence of a frame instruction is what matters,
not which one — the model was never trained to tell them apart.

world

RoboSpatial-Home Challenge ~ Configuration



TASK 1

. . L4 o L [ 0
Configuration Gain decomposition — micro and macro agree 91.5%
Micro — the two fixes stack to 91.5 Macro — the gainis real, not a Yes-prior
Config gain decomposition: default - frame - parser (total +10.2pt) The gain is all Yes-recall — and it never becomes a Yes-prior
— 94 no-frame default I final (frame + parser)
9 100 1
n 93.5  93.5
I 92 91.5 90.3
— 90
2 S 83.5
% 90 - > 81.4
E § 73/
§ 88 1 g .
& total =
— 86 1 +10.2 R
2 g
§ g4 - S ol blind-Yes bala
5
(8]
% o, 40
5 82 1 81.4% Raw Yes-recall No-recall Balanced
'-lg accuracy macro
5‘! 80 A No-recall stays 93.5 (default already over-rejects); frame+parser lifts Yes-recall 73.6-+90.3 - balanced macro 91.9 = raw 91.5 - RoboSpatial-Eval, n=118
5
o
78 - T T
default + object-frame + parser final
(no frame) (submitted) L
The whole gain is Yes-recall (73.6 = 90.3); No-recall never moves off 93.5.
81.4 default > +6.8 naming the frame - +3.4 parser - 91.5 (+10.2 total) So balanced macro 91.9 = raw 91.5 — the frame fixes over-rejection, the opposite of a

Yes-bias.

RoboSpatial-Home Challenge ~ Configuration
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TASK 2

I Raw accuracy (Micro) is gamed — look at Macro 79.1%

105 questions, 83% “Yes”. A blind “Yes” tops Micro (82.9) yet catches zero “No” — Macro 50 = chance.

blind-Yes - guess 105/0 2. 100 50.0 Yes-biased - gameable
Instruct - no reasoning 30/75 41.9 32 89 60.5 No-biased
Thinking - greedy 78 / 27 77.1 83 50 66.4 Misses % of No

v Thinking - sampling 74 / 31 79.0 82 67 74.1 Most balanced

Even our reasoner with greedy misses half of all “No” (No-recall 50). - We optimize Macro, and pick the last row: Thinking -

sampling.

RoboSpatial-Home Challenge =~ Compatibility



TASK 2 - STRATEGY

I Greedy vs sampling 79.1%

Sampling grounds the answer in the scene — greedy just asserts a fluent conclusion.

It checks occupancy and size — fixing both directions. No-recall 50 = 67, balanced (Macro) 66.4 = 74.1 // raw (micro) 77.1 - 79.0.

“Can the headphone fit right of the keyboard?” - GT No “Can the wok fit above the fridge?” - GT Yes

Greedy - Yes X — “If we move the
mouse pad, the headphones can fit.”

Greedy > No X — “The wok is
probably too big ... can’t fit.”

Q: Can the headphone fit right of the Q(#80): Can the wok fit above the
::’b“::’ Sampling > No v/ — “The mouse pad :‘:’“;s Sampling - Yes v' — “The wok is
is already there, taking that space, so about the size of one burner; the
they can’t fit.” fridge top is wider than it, so it can fit.”

RoboSpatial-Home Challenge = Compatibility



TASK 2 - INSIGHT

I Why sampling wins — it grounds, greedy asserts 79.1%

Grouped into behavior categories

N w B
L 1 L

rate per 1,000 words (item mean)

[
1

Visualize /
imagine

RoboSpatial-Home Challenge

Size reasoning
(compare / typical)

Compatibility

I greedy

sampling grounds more

Space-status check
(occupancy / free)

B sampling

Optimistic
assertion

greedy asserts more

Assert-then-waver
(...wait)

Rough eyeballing
(around/maybe N)

Grouping reasoning traces into behaviors:

sampling does more visualizing & imagine (x2.5),
size reasoning (x2.0) and space-status checking (x2.0);

greedy does more optimistic assertion and rough
eyeballing (x3.8).

The “...wait” waver is identical (2.13 = 2.13) — that spiral is
decoding-independent. Sampling’s edge is the grounding,
not less hesitation.

16



TASK 2

Compatibility

Gain decomposition

Compat gain decomposition: greedy —» sampling - parser (blind-Yes shown for reference)

Macro (balanced): total +7.7

80

75 A 74.1
$ 701
>
@
5 651
1e)
(v
©
g 604
v
c
o
@ 4
2351 _ chance

50.0
50
45
blind-Yes greedy + sampling + parser final
(guess) (submitted)

blind-Yes tops raw (82.9) yet scores chance on balanced (50). Sampling trades a little raw (—0.9) for a lot of balance (+6.0); the parser fixes 3/3 over-rejected “Yes".

RoboSpatial-Home Challenge = Compatibility

total
+7.7

84

o]
N
L

raw accuracy (%)

-
o

74 A

o]
o
L

~
<]
L

Micro (raw): total +1.9

gameable
82.9
79.0 79.0
total
77.1 +1.9
76.2
blind-Yes greedy + sampling + parser final
(guess) (submitted)

- RoboSpatial-Eval, n=105

79.1%

66.4 greedy - +6.0sampling - +1.7 parser =
74.1

+7.7 pt total (66.4 - 74.1, balanced).

Sampling recovers the missing “No”; the parser fixes 3/3
over-rejected “Yes”.

Micro(raw) lands at 79.0 (submitted).



TASK 3

I Challenge — one model, one point, often just misses 78.7%

Point at a described region (<2 points allowed) — correct if either point lands inside the GT mask.

“vacant space below the desk” — RoboBrain v / Qwen X “vacant space in front of the kitchen towel” — Qwen v / RoboBrain X

@® RoboBrain
A Qwen (object)

“below the desk” — Qwen alone gets this wrong: its point lands just barely outside. “in front of the kitchen towel” — RoboBrain alone gets this wrong, again just barely
outside.
@ One point per answer @ ...and that shot often misses @ Half the budget unused
RoboBrain answers with a single point on 98% of Best solo: RoboBrain 66.4 - Qwen 61.5 — a miss on 34— Scoring allows <2 points, hit if either lands inside — a
guestions; Qwen on 87%. One shot each. 39% of questions, many just outside. solo model wastes the second point.

RoboSpatial-Home Challenge ~ Context



TASK 3 - STRATEGY

I Strategy — use both points: union two models 78.7%

Submit RoboBrain’s point @ Qwen’s point — no averaging, no picking a winner. Members chosen by sweep, not by hand.

Step 1 — sweep each model solo, keep its top-2 Step 2 — union every top-2 x top-2 pair, submit the best
RoboBrain - greedy I 66.4 I . . I 63.9 I v RB greedy-none @ Qwen samp-object
[ | e o oo omm ow— o
RoboBrain - sampling 50.8 51.6 41.0 41.8 RB greedy-none @ Qwen samp-ego 77.0 70.3
Qwen - greedy 52.5 56.6 57.4 50.8 RB greedy-world € Qwen samp-object 76.2 70.3
| | |
Qwen - sampling 46.7 I 61.5 I 57.4 I 51.6 RB greedy-world @ Qwen samp-ego 76.2 69.2
L e |
O top-2 per model (kept for Step 2) = member used by the submitted union Reasoning is asymmetric — keep it ON for Qwen, OFF for RoboBrain: swapping either
RoboBrain: greedy > sampling (+15.6), no-frame best - top-2 greedy-{none, world}. lowers the union (-3.3 / -6.6 macro).

Qwen: needs a frame (+14.8), sampling > greedy - top-2 sampling-{ego, object}.

66.4 = 78.7 best solo -> union (+12.3) - #1 on both micro and macro - RoboSpatial-Eval, n=122

RoboSpatial-Home Challenge = Context



TASK 3 - FINDINGS

I Findings (1) — they rarely miss together 78.7%

Signed distance: 3 of 4 quadrants are covered by the union

Q in / RB out ! Qwen ir|sidEI (left) overlap = both inside both OUTSIDE ' =
szz Ir:scueso:.ll& RoboBrain inside (bottom)  FZZ near-miss (<50% r outside) unci'on fails - 27 boundary (d=0) e cutoff: d +0.57
=300 ° o E oo ,f"-— - .--‘.""‘N-.
] = | - near-miss ring \\\
0 1 ~
£ i ° ~
I | \\
v 0 < &< 0.5r
8 5 LN
2 ®
£ 200 ; . GT mask b
F] | . . \
£ | inside » HIT I \
= | ° Qe 1
£ 7 . ;
N 1
2 ¢ i e J
£ L ) /
2 100 ; L4 ° y
o O ° | /
E (] o o /
e . i ’ O
i o8 o
= 8o e , d = 0.5r
o . ~ -
[o)]
n ° oo 4 e — ’d’
| ° ° e e~ -
o 0 ® 0. }I.‘ oLy . .
E . g0 Y/ . far-miss zone
% 3’ ”d’% 0 | L] .
@ < 'é’ ey L] .
3 08“" ° }.
2 . 000. % .
“u » [} ” H H H
100 RN Qwen out / RE in How we read “near” vs “far” — signed distance d to the mask, normalized by mask
. . . AP rescues = radius r = V(area/m):
-100 0 100 200 =300
Qwen point — signed distance to mask (% of mask radius; <0 = inside) HIT d<O0 near-miss 0<d<0.5r far-miss d>05r

Complementary coverage — 3 of 4 quadrants covered by at least one model inside -
~78%.

RoboSpatial-Home Challenge ~ Context



TASK 3 - FINDINGS

I Findings (2) — near vs far, and why Qwen far-misses 78.7%

H {a“ H 4
Where each model lands, relative to the target and its size A real far-miss vacant space In front of the mouse

I RoboBrain (median -19% r, inside 65%)
Qwen (median -11% r, inside 57%) “vacant space IN FRONT OF the mouse”

20 A
INSIDE mask (correct) boundary

15 4

near-miss - far-miss

10 4

# questions

§vien point
&

A

-100 -50 0 50 100 150 200
signed distance to GT mask (% of mask radius; <0 = inside; last bins clipped) e R

“From the mouse’s perspective, in front is towards the bottom... Wait — ... Wait, no.
Wait, maybe towards the keyboard... Let’s think again.”

. . . . . . re-decides “front” ~10x, never commits — frame confusion
The distributions differ in the tail

RoboBrain’s misses skew far (median = 0.9 r = wrong region); Qwen’s hug the boundary
(median = 0.4 r - right region, just outside).

Yet Qwen — the reasoner — still has a real far-miss tail. Why?

Far-misses think longer, not less (449 vs 388 words, more hedging) — reasoning helps discrimination, not localization.

RoboSpatial-Home Challenge = Context



RESULTS

I Leaderboard — task tuning + union beat every single model

_m

+11.5 overall

Our recipe (2 models) .5 . 7 83.1 ‘@‘ )
over the best single model (71.7 - 83.1),
. with no training.
RoboBrain2.5-8B-MT 89.8 59.0 66.4 71.7
General VLMs collapse on pointing.
Qwen3-VL-32B-Thinking 84.8 68.6 58.8 71.1
RoboRefer-8B-SFT 84.8 30.5 61.5 58.0
RoboPoint-13B 71.2 71.4 27.9 56.0
Future work
« Multi-ooint interi . i L
Qwen2-VL 33.0 457 16 434 ulti-point interior estimate (fix near-misses)
e Frame-expert ensemble, weighted by the trace
Molmo-7B 62.7 18.1 7.4 29.4  Teach fitting behaviors, grounded in depth

e Margin-aware loss — aim inside, not the edge

Takeaway: no single open model wins spatial reasoning — but eliciting and combining what
each already knows does.

RoboSpatial-Home Challenge ~ Results



Thank you!

Eliciting spatial skills from open-weight VLMs — a zero-shot, per-task recipe for RoboSpatial-Home

Eunsu Baek (Team: Anonymous)

Ph.D Student @ Seoul National University

0 edw2n.github.io
] beshu9407@snu.ac.kr

Homepage Project page
edw2n.github.io edw2n.github.io/robospatial-home
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