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Problem: -
Convert $1011001_23 to base 4. Step Critic
Partial Solution: 1

To convert the binary number

Incorrect Step: 3. **Combine the base 4
digits**:\n Combining these base 4 digits,
we obtain:\n W\n 1011001 _2 = 11121_4\n \\]

(1011001 _2\\) to base 4, we can
follow these steps:

1. **Group the binary digits into pairs
starting from the right**: t

Since each base 4 digit can be Sneaky CoT: ... | will use **Error Type 2:

represented by 2 binary digits ... calculation error**. Specifically, | will
introduce an incorrect simplification in the

) concatenation of the base 4 digits ...
Correct Step: 3. **Combine the

base 4 digits**:\n Combining the t
base 4 digits from the pairs, we
get\n W\n 1011001 2 = 1121 _4\n\|] —s

s
— — —

Sneaky Generator «---
Reward -1

Critique:

The last step involves combining the base 4
digits obtained from the conversion of each
binary pair ... The correct combination
should be W(1121 4\\), but the solution
incorrectly writes it as \\(11121_4\\).
Conclusion:

The correctness of the last step is
<Answer=>Incorrect</Answer>. Q
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Models

PRMS800K

DeltaBench

Average HarMean Correct Error Average HarMean Correct Error

Process Reward Models (PRMs)

SPCLTRTEHRIPRM,

Math-Shepherd-PRM-7B [26] 50.0 49.5 552 448 533 14.3 7.69 98.8
Qwen2.5-Math-7B-PRM800K 73.6 73.6 744 728  58.5 41.3 90.1 26.8
Prompting LLMSs as Critic Models

Llama-3.1-8B-Instruct [10] 519 30.5 18.6 852 49.1 6.38 330 950
Llama-3.1-70B-Instruct [10] 54.6 38.9 253 839 446 20.3 11.7 775
Qwen2.5-7B-instruct [12] 52.8 37.2 241 816 48.2 33.8 21.8 747
Qwen2.5-32B-instruct [12] 59.0 50.5 36.6 814 447 33.0 21.8  67.6
GPT-4o [6] 68.5 68.4 703  66.6 499 48.7 420 579
DeepSeek-R1-Distill-Qwen-7B [21] 714 71.2 673 755 509 50.6 549 469
Our Critic Models

SPC (Round 0) 71.0 70.8 67.8 742 549 53.5 459 64.0
SPC (Round 1) 72.8 70.3 594 86.1 58.8 57.3 68.4 493
SPC (Round 2) 75.8 75.8 748 769 60.5 59.5 68.2 52.8

EELAREENEND, fEiRLTT .

; Olympiad- Omni-
Models GSMB8K MATH Bench MATH Average
Process Reward Models (PRMs)
Math-Shepherd-PRM-7B [26] 58.0 58.4 68.0 64.1 62.1
Qwen2.5-Math-7B-PRM800K [27] 77.0 72.9 66.9 62.1 69.7
Prompting LLMs as Critic Models
Llama-3.1-8B-Instruct 59.5 51.7 53.6 53.9 56.2
Llama-3.1-70B-Instruct [10] 67.2 62.8 61.7 61.9 63.4
Qwen2.5-7B-Instruct [12] 64.2 64.0 62.1 60.8 62.8
Qwen2.5-32B-Instruct [12] 76.2 68.1 68.9 63.9 69.3
GPT-40 [6] 75.5 70.5 70.0 64.5 70.1
DeepSeek-R 1-Distill-Qwen-7B [21] 79.0 81.3 73.4 67.3 75.2
Our Critic Models
SPC (Round 0) 78.0 74.1 67.8 63.2 70.8
SPC (Round 1) 82.0 80.3 74.8 70.3 76.8
SPC (Round 2) 84.2 80.8 76.5 69.2 T1.1
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AN ETHRNSEIRE':
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[B1Z 22 Bkia),

- v

LVLM
Recognize the text within
the [579, 110, 726, 209] of !’o"' =|
the image. The coordinates ;
have been normalized Visual-
ranging from O to 1000 by ARFT
the image width and height.

o)

L
LVLM

How many meters
difference is there between @

Visual-
ARFT

the mountain peak in the
image and the world's
second-highest summit?

direct
inference

+reasoning

+tool caling

direct
inference

+reasoning

+tool caling

P
The text in the specified area appears to be "AYE". d@/d
«think> I'll start by cropping the image to keep only the area
indicated in the question... </think>
<think> Let's define a routine to crop the image as indicated by
the problem's region specification... </think>

' python import ¢v2 import numpy ...° "
«think> T can now base my answer on the region that has been

cropped from the original image... </think> .
<answer> JUR TOWN HALL RD AYE </answer> @

%

fa
<think> The image shows Mount Everest, the tallest mountain on
Earth.... I will start by identifying the elevation of Mount Everest.

</think>

Elevation of Mount Everest X
<«think> The height of Mount Everest is 8,848.86 meters. I will
now identify the height of the second-highest mountain on Earth.
</think>

8844 - 8849 = 5 meters

Elevation of the second-highest mountain in the world

@

<think> Now, we have the height of both ...</think>
<answer> 238 </answer>

% Tool caling:

@ Execute Environment

[E:E Feedback results:
JUB Tiliu n

e

I Tt

ALL Eiif

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

E& Searching from Env

EE}’% Feedback results:

<information> K2, with an
elevation of 8,611 meters
(28,251 feet), is the second-
highest....</information>
<information> Mount Everest,
known as .... Its elevation (snow
height) of 8,848.86 meters
</information>
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(a) Searching

How many years passed between the _Input £
i ik Env :
31 ! completion of this structure and the @ <think> ,--I;E ‘ @ <think> @ <Thmk>

outbreak of the First World War?

I
@-:search:- -~ <information> @Ggapcm 7 <mfor*ma1'|on> ; @(answgr).
am T - --\ 4
Visual-ARFT KL lésss o o eilfi
¥ Refarence 5's Verifiable Reward
Environment ﬂ Model
§¢=sarching o i stepl-reward step2-reward stepN-reward
o ; Policy Pol
- "% model et i
p .4 c‘?_g:;g \ Optimization (b) Coding -
S . 53 Verifiable Reward
: Env
& B, I would be grateful if you could @mnalysa Ry P process image g execute E:i @canswem
e (ranslate the text from this image, Tnplt l&
SR specifically the portion... @ thinko> “*'python <code> ,’ «feedback> '”"" —~=-- @ <think>

BESIESHN, RISREEREEREHEESE (Hlai<think>) FTa0RE, Visual-ARFTiI|Z
BRFofIoRZkE R, FEdSWebEER S |ZERNERRERMFAXLAM, AREREIRET,
MANBG A RSESTENHE S TSRS, Visual-ARFT E1EEIT)|4EE a4 LA a5 5%

R HATHCRSSRA R LRI,
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rewardizit
AT T E TN eTiGurR R, AR HEEN T EERBRIIRREER, 5—2E8&0.

Riormat(0) = I [0 contains valid tags] .

EORIRRLE B RIE R TUE MABTURYEI .

N FREEZFERF1DEUENRER. X TFsearchESFERIEXBERR, RMEREBEHIFE
T RRERRIRSLEE. ST codefES REERMHANNBR AT HITACIER, Bia TR
(BIREES1) | MAEREEBREARE, ERRENT THRKEE A TEENR.

Rr1(0ans, @), if o is the final answer ( < answer > ),
Race(q,0) = { Rsem(Osearch, 8), if 0 is a search query ( < search > ),
1l if o 1s a code block ( < code > ).

Rtotal(@: 0) = Rformat(O) + Racc(Qa O)-
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fJ3EMultimodal Agentic Tool Bench (MAT)

A TTHERBERISESAIEEEN T RN, 1IBREE TSESNEBIEREERE (MAT) | gFR1MHIES:
il

1. MAT-Search

{E551#IA . MAT-Search iTMEIRELAVRIEEEREE], EXREEE ZHHEEMINIATRG R KB EEFNESIR

IR,

#UEME . MAT-Search RSB FIINEWE, B3 150 NESREISESEZH VQA =G, 1 73HI#ER

ZI ATEZLBRERENEAME.

2. MAT-Coding

{E551#1A . MAT-Coding ITMEIRELAYIERIDEE], EXREBIREMHFITAADRICIEER, NMEAix

|BRR,

$AEEE . MAT-Coding #iREBIIBaMURESER, B3 200 NMURER, XEFASIIATREZIARBRE

FREMZHFE.
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Multi-Modal Inputs Actionl: Action2: Action3:

<think> The image shows the painting “The Starry <think> The Starry Night is located at the <think> The Starry Night is in the
Night,” a famous work by Vincent van Gogh. ... The  muceum of Modern Art in New York. The next ~ Museum of Modern Art in New
first step is fo identify where "The Starry Night™ is 5400 ic 16 find the current location of the Mona  York, while the Mona Lisa is in the

currently housed. </think> Lisa. </think> <search> Museum where the Louvre in Paris. Therefore,
<search> Museum where The Starry Night is Mum Lisa is housed </search> they are not housed in the
housed </search> B HaEne ‘ '» same location. </think> »

Environment: Environment: Final Answer:

<P :'I:L’::;ﬁ:’hgr;iz ltﬁ“:l:l:ﬁuﬂ::’?f ﬁ;‘:ﬁ"‘ <information> Mona Lisa... has been on <answer> No </answer>
1 Sel d -, permanent display at the Louvre in Paris
Art in New York, donated by Lillie P. Bliss. ‘5‘ ) since 1797. </information> 3"' !
</information> e R B

(a) Human annotation for MAT-Search (train&val)

Is this painting housed in
the same location as
the Mona Lisa? »

Multi-Modal Inputs Actionl: Action2: Action3:

«think> The orientation and

WCSEIEAC. s . <think> This requires a 90-degree counterclockwise rotation and <’rhmk>_Rn'rnhnn and brightness
D .. _ poor lighting of the image brightness amplification. </think> correction have made the @
2 distortion together obscure key cCades > rthon impert S Uoad vk : : content legible. </think> C_/
content. </think> cv2.imread(’ path_to_input_image.jpg’) # Step 1: Rotate 90 degrees clockwise

rotated = cv2.rotate(image, cv2 ROTATE_90_CLOCKWISE) # Step 2: Enhance Final Answer:
BEEE=a <problem> {'rotation’, brightness brightened = cv2.convertScaleAbs(rotated, alpha=1.5, beta=50) # ;

' . G save the image cv2.imwrite(’ - ipg" @ <answer> Account; "Account”
; : processed i cvZ.imwrite( path_to_output_i 2. ;
Which tab is selected? dark’} </problem> brightened) ' * " «/code> el tab </answer> j

(b) Automatic annotation for MAT-Coding (train&val)
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| Reasoning| MAT-Coding MAT-Search
Models | ;;:’5 Simple |  Hard Avg Simple Hard |  Avg
| | FI EM | FI EM | FI EM | FI EM| FI EM | FI EM
GPT-4o [10] X 47.12 38.57|27.57 15.38 | 3441 235 |68.55 61.33| 53.61 42.67 | 61.08 52.00
OpenAl-03 [29] v 70.38 65.38 | 75.00 70.59 | 72.99 68.33 |79.72 70.67| 63.74 52.00 | 71.73 61.33
LLaVa-v1.5-7B [24] X 19.50 12.86 | 9.30 538 | 12.87 8.00 |56.55 52.00| 30.32 25.33 | 43.44 38.67
LLaVa-Next-7B [I7] X 30.78 17.14 [ 17.11 10.00 | 21.89 12.5 |63.27 56.00| 38.75 29.33 | 51.01 42.67
LLaVa-OneVision-7B [16] X 39.86 28.57 | 1605 11.54 | 2438 17.5 |61.78 54.67| 31.66 26.67 | 46.72 40.67
Xcomposer2.5 [51] X 36.06 22.86 | 19.90 10.77 | 25.56 15.0 |60.16 54.67| 31.93 28.00 | 46.04 41.33
InternVL2.5-8B [3] X 39.48 28.57 [ 2662 13.85|31.12 19.00 |61.72 53.33| 41.69 33.33 | 51.70 43.33
Qwen2.5-VL-3B (1] X 46.29 35.71 | 17.98 13.85|27.89 21.50 [57.54 50.67| 33.11 26.67 | 45.32 38.67
+ Visual-ARFT v |49.78 40.00 | 2842 13.08 | 3590 22.50 |56.41 50.67| 45.55 36.00 | 50.98 43.33
A - +3.49 +4.29 [+10.44 -0.78 | +8.01 +1.0 |-1.13 +0.0 [+12.44 +9.33 | +5.66 +4.66
Qwen2.5-VL-7B [I] X 55.23 40.00 | 19.67 11.54 | 32.12 21.50 |67.40 61.33| 39.59 32.00 | 53.49 46.67
+ Visual-ARFT v 60.10 51.43 [ 45.60 25.38 | 50.68 34.50 |71.78 66.67| 55.77 44.00 | 63.77 55.33
A ~ +4.87 +11.43|+25.93 +13.84|+18.56 +13.00|+4.38 +5.37|+16.18 +12.00(+10.28 +8.66
Qwen2.5-VL-7B1Qwen2.5-VL-3BIREYEVisualARFT, tEREEMES T, FEM

Fgpt-40, o3BITHIFEH, MeEHEIT 7 gpt-4o, WHBEEIESINCIEIDEE,
LVLMBESSHEIR, T E, HE3itiEASE

IRV BT,

BEfsE
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|Reasoning| 2Wiki [9] |HotpotQA [46] MuSiQue [44] | Bamboogle [32] | Avg

Models with Tools
| | FI EM | FI EM | FI EM | FI EM | FI EM

Owen-2.5-7B-Instruct [1]

+ Direct Inference X - 25.00 - 18.30 - 3.10 - 12.00 - 14.60

+CoT X - moo| - 92 | - 220 - 2320| - 14  Table 4: Ablation Study with Direct infer-

+IRCoT X - 1490 - 1330 | - 720 | - 2240 | - 1445 ;

SRS ! . o] = 90001 = 580l = 90861 = 9000 ence/CoT/RAG baselines on MAT-Search.

+ Search-ol [I8] v - 1760 - 1870 - 58| - 2960 | - 17.93 Tk | Methog | Simple | Hard | Avg

+ Search-R1 [13] v - 4140 - 37.00 - 14.60 | - 36.80 - 3245 | | FI EM | FI EM | FI EM

+ ZeroSearch [39] Y - e - 22| - BR2] - 33B520] - 318 Qwen2.5 Direct 57.54 5067 | 33.11 2667 | 4532 38.67
Qwen2.5-VL-3B-Instruct [T} VL CoT 37.84 3067 | 31.03  24.00 | 3443 2733

+ Direct Inference X 31.60 26.40 | 2290 1584 | 9.64 236 | 1082 560 | 18.74 12.55 -3B ~ RAG 4942 4533 | 3907 32.00 | 44.25  38.67

+RAG X 3514 2692 | 35.08 2367 | 1508 7.61 | 2837 1920 | 2842 1935 Visual-ARFT | 5641 50.67 | 45.55 36.00 5098 43.33

+ Visual-ARFT v 49.77 39.13 [ 41.33 30.10 | 19.10 11.58 | 49.01 38.40 | 39.80 29.80 Qwen2.5 Direct 6740 6133 | 3959 32.00 | 5349 46.67

A — |+18.17 +12.73|+18.43 +14.26 | +9.46 +9.22 [+38.19 +32.80 |+21.06 +17.25 -VL CoT 3157 4933 | 4665 3200 | 52.11  40.67

7B RAG 59.14  56.00 | 4244 36.00 | 5079  46.00

Owen2.5-VL-7B-Instruct [1] Visual-ARFT | 71.78 66.67 | 5577 44.00 63.77 5533

+ Direct Inference| X 2790 22.15|2535 17.35 | 945 261 | 1407 560 |19.19 11.93

+RAG X ‘31.58 21.74 | 3633 24.09 | 1536 7.61 | 2760 1920 |19.82 12.73

+ Visual-ARFT v 63.09 51.99 | 48.00 36.48 | 2271 14.07 60.15 48.80 | 4849 37.84

A —  |+35.19 +29.84|422.65 +19.13 [+13.26 +11.46|+46.08 +43.20 |+29.30 +25.91

A TH—EE Visual-ARFT BiZ{0EE], /UM ENAZ A=A LT 7L, HBS
cot,ragF3iAHITIILL, RBAELZILEENEREE,
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