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Motivation Method (SEmantic Visual prompt EXploration) Examples

Why visual prompt discovery? We structure the research process around three principles: The agent refines implementation details
- Effects are hard to predict = experiments are necessary « Abstract: reason over hypotheses rather than low-level detect target — crop — add typographic reference lines
- The design space is too vast = needs to be efficient code — distinguish upper/lower case
. . . - Explore & refine: balance between novel directions and orginal tex prompt
° — - . ° Question: Read the letter within the circle in the image.
Manual discovery: extensive human trial-and-error o promising branches - —
Zero-shot generation: high per-sample cost, model-specific failure . Learn: extract actionable insights from experiments Guestion: e e eter i the ciclein the imae.
Two typographic reference lines have been drawn on the image to help you
image identify the letter's case (uppercase vs. lowercase).
Can an agent efficiently discover a reusable visual prompt Why not vanilla UCT? sl pompt o] .
from a small development set? the number of LLM generated ideas is infinite b e
4 ) E 4 ’ — ) —> NUCT eStimate the SCOre Of a nOde WithOUt exeCUtiOn cropped_image = crop(image, bounding boxes[@])
Q: How many intersections? A2 [ Let's use divide- ] [ Let’s.use Co!ored ] bounding_boxes . . .
//\ (—@Eﬁ:} and-conquer outline for lines EZZEE:Z_i - i:EEEZiSEE : g:;g;
: ISR >< i generating ideas for visual prompt K%E 1. Node selection h /\ va 2. Implementatlon & Execution @ new_image = draw_line(cropped image, x1=0, yl=baseline y, x2=width, y2=baseline y)
LVLM @ : i - x new_image = draw_line(new_image, x1=0, yl=meanline y, x2=width, y2=meanline_ y)
| ' | ing i max ex LTy, code image1 -
t_ 1mg = ﬁll_COIOP(.e A_» <(_@>Al O E fee?(%l;?lﬁ](;;?? o selecting idea (R% _ sz) _‘|_ A pl n_f | t:(t \answer' = ask_to_vlm([new_image], prompt) /
| '"et“'"-” 1’“g. L=} Al idea = visual prompt ' = > | prompt
Image rggglepll'atlon gétc\)lc)elj:r’:ﬁ?zsintersections prioritizing less-explored node / / \\ | | vis.ual prompt . . o
- experiments the visual prompt = o 1= = implementation ofidea The agent discovers an unintended use of an existing tool
Unexecuted tool — . . .
o — detect_object(“line”) Al S; S; oxoc modifie . . ngn . .
(a) Visual prompt (code + text prompt) I ] return crop(inage, bbox(e) % =" erq]ﬂl]il]rli]!al . o Cp; —M — dev data imjgfesd LVLM  results — USe depth discontinuities as a Con3|stency S|gnal
- N aev st . . rezults prioritizing preventing [ e } {J - DD experiments the visual prompt
L semantic exploration ) N novel ideas saturation | T R Po—
« 22 p inference using the best visual prompt r l g)ui;sgzen;Which is the missing part of image 17
e PR . | 4 . . N B) image 3
A o = detect_otject(“line’) ‘ ox Y| ﬂ — | ing - ml_colou...';, —: [@8] accuracy » — . . £ 3 Semantic Backpropagation |
Q: How many TS = ' return img Bt Q 4. Node (idea) generation Node components /N " Sion:wich i e
intersections? i test set Abstract |dea _ ]I] |]|] e newgnt 2:?:::3&&::25?22ivn\;]izlalg:al\?eoﬁan:;rs::;ifgdiscontinuities.
sub-optimal per-sample visual prompt ' e descroton [ N ] 323?5'5?:&?” (s2ain gnovel ) [0 sample-wise>analysis Ayimages
.  eolfovaluation Experiment History (reward, insight) | | = omms N meee
) ) Bo, = x
b Zer h t | pr t t T k- | pr t lor t r from parent and children + self-evaluation > Il overlay a = overlay images(imagel, image2, ...
( ) SroTsho Vlsua p omp genera on (C) 2% Wlse VIsua p omp exp oration (ou S) p ' | v S update insights of ancestors | overlay b = overlay_imagesgimagel, image3, ;
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depth_map_a = estimate_depth(image=overlay a)
depth_map b = estimate_depth(image=overlay b)

L answer = ask_to_vlm([depth_map_a, depth_map b], pr‘ompt))

Results . .
Visual prompts are backbone-specific
30-image development set, 50 iterations, gemini 2.5 divide-and-conquer is effective for Claude, but not for GPT

78.9% accuracy 85k tokens / iter Gemini Claude GPT
vs 71.6% for naive vs 738k for SketchPad+APE Rem()ving any Component slows or few-shot X2\ X

, T\ >0 >? 90.5 82.9 59.1
1 0
1.38k inference tokens 4.4%p dev-test gap weakens discovery
divide and conquer % ><
vs 15.62k for SketchPad vs 10.1%p of SketchPad+APE g 87.9 87.8 31.0
0.25 7

Task Naive SketchPad SEVEX (ours) Task SketchPad+APE SEVEX (ours) et crop 6 2 . 3 3 5 .O 57.1

accuracy inf. cost accuracy inf. cost accuracy inf. cost dev acc. test acc. expl. cost inf. cost dev acc. test acc. expl. cost inf. cost + 0204 . et o —————
Linelntersections 73.0 981 33.3 16730 90.5 991 Linelntersections 30.0 16.4 797k 11005 93.3 90.5 39k 991 GEJ
CircledLetter 78.8 1323 82.0 13902 83.7 1337 CircledLetter 93.3 73.7 980k 17647 85.6 83.7 79k 1337 v .
SubwayMap 60.0 1333 58.1 16482 62.8 1585 SubwayMap 50.5 42.5 759k 21471 80.0 62.8 165k 1585 s
OverlappingShapes 5.4 2429 16.3 24833 52.4 2612 OverlappingShapes  33.3 22.9 818k 20672 56.7 5H2.4 86k 2612 E‘ C o n c I u s I o n
Average-BlindTest 65.6 1517 47.4 13987 72.4 1631 Average-Blind Test 51.7 38.9 838k 17699 78.9 72.4 92k 1631 E? 0.10 SEVEX
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Jigsaw 70.8 869 70.8 14896 95.8 682 Jigsaw 76.7 66.4 761k 18176 96.7 95.8 7ok 682 5 - SEVEX w/o abstract space . . .
Deptl 50 139 851 18 | ss1 | 1 Depth 67 s9 ok Isser | 856 851 | | stk | 1o 8.  SEVEX wio tree searct - Agents can automate trial-and-error in method discovery
Spatial 81.4 1525 85.8 15818 86.7 1555 Spatial 90.0 76.2 HR89k 19074 91.1 86.7 B3k 1555 SEVEX w/o semantic backprop o o o .
SemanticCorr. 550 712 387 0477 | 63.3 || 1358 SemamticCorr. 767 526 385k 12354 | 722 633 | | 7ak | 1358 - Effective research agents need efficient exploration
VisualCorr. 87.3 641 90.9 14291 89.4 801 VisualCorr. 83.3 83.1 761k 11937 | 88.9 89.4 78k 801 0.004 . .
Average-Blink 76.5 1019 783 13728 | 84.1 | 1171 Average-Blink 80.7 72.8 658k 16082 | 86.9 84.1 80k 1171 ” ” ® lteration * ” - SEVEX pOIntS toward scalable human-Al collaboration for
Average 71.6 1240 64.6 15621 | 78.9 | 1375 Average 67.8 57.7 738k 16800 | 83.3 78.9 85k 1375 method discovery
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