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XxA3 = 27, what is x? xA3 = 27, what is x?

Let's break down the problem

Compute the correct result.

*ﬁjﬁlﬁﬁiﬁo *%}Jﬁ%ﬁ‘?ﬁﬁ AR ) step by step.
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Algorithm 1 A {1278 14k

Require: Question dataset Q , number of iterations K , a language model as textual reward model
Riextual » @ Target LLM Miyrge; , SFT( - ) denotes the supervised fine-tuning process, Textgrad( -
) denotes applying Textgrad for optimal reward search, an initial optimal textual reward ¢ , the
number of questions to analyze the textual reward N , a Prompt Mode Il that generates query-
dependent prompts.

I: for k=1to K do
2: Dhrain < 0
for ¢; in Q do
Prompt Generation: p; 15 (i, tp 1)
Question Answering: y; = Miarget(¢s, Pi)
Textual Reward ¢; < Riexwal (i, (43> ¥i, Y} )
Dtrain <~ Dlrain U {(pz» Gis tl)}
end for
9: Fine-tuning: ngery — SF T(Hé“l;rly, Dirain)
10:  Optimal Reward Update : ¢} = Textgrad(Ilf ., t;_)
11: end for
12: return Prompt Model Hunery and optimal reward ¢3, which can generate optimal prompts for a
specific task.
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Table 2: TRPrompt 5 IATHIFERI A ZALLET (1) AFRE—HNTE R, (2) sEa
SCTRIGER, BNEA TR kad i A sy RN IR AR, R TR IR 1R
%K%ﬁ%%ﬁﬁﬁﬁﬁ%%ﬁ&%%%%m%%ﬁ@d@W%iﬁ%%%%%&ﬁﬁ*
EELFS (5).

Method (1) Avoids 2) (3) Query (4) Textual (5) Textual
Static/Manual Independent Dependent Rewards Rewards For
Prompts of Initial Prompt Training
Prompts
CoTIH]
Prompt-OIRL [I6] v
QPO [1] v v
Textgrad [19] v v
TPO [9] v
TRPrompt (ours) | v v v v v

Table 3: % 24 Fij B S5 1E 4 77 V5 F11 TRPrompt ¥ GSM8K., GSMHard #{1 MATH ##E4: L5
s

Name GSMS8K (Acc.) GSMHard (Acc.) MATH (Acc.)
CoT [A] 85.59 % 27.98 % 39.35 %
Prompt-OIRL (6 prompts) [T6] 84.53 % 28.61 % 21.31 %
QPO (1 starting prompt) [[Z] 84.76 % 27.98 % 28.37 %
QPO (500 starting prompts) [[7] 86.05 % 30.80 % 37.31 %
TRPrompt Query-Dependent (Ours) 84.53 % 31.76 % 41.37 %
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R PEREE W ande A" BRI i f2 = . TRPrompt BNt R ER SR /R 25 18], AT A B
BRI A KA o

51 5t

AR . ZERATR AR T, BACHRRER Tl fR g s B B B Y Ry R 2 ) &
KRB, ST RERIEA, S0 S0B HUAS (8 i 7ASE B A 1SR B SR AR — A B £ 10|
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JEE ST, ANTITSE BT SRR k. P B R T BEE A RER 3R BUEERY A BT
It S AR SRR eI Zad R RIS (+7.5 %) MRS, JUHOR AR
X4 52 GSMHard fil MATH |-, g3k Rk SR SR 2 2] OB, 780
ISR . & B JE/R T X GSMHard W8, e /R fERFUCGEACH iR . $RRIA M A
g%ﬁiﬁ%%,%ﬁﬁ%ﬂ%ﬁﬁ%ﬂ%%ﬁw%%@&,%%Wﬁﬂﬁﬂ%‘EE%N
JIES Lo
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Performance Improvement in ( Britany records 18 videos of 4-minute each week. How much time does Britany spend in a |
Arithmetic Reasoning month with 4 weeks? (Correct Answer: 288 minutes)

—=— GSMB8K (81.88 - 84.53)
GSMHard (24.21 - 31.76) Let's calculate the total time Britany spends in a month with four weeks. First, Target
—+— Math (37.40 ~ 41.38) calculate the total time Britany spends creating 4-minute videos in a week Model
lteration 0 by multiplying the number of videos by the duration of each video: 18 gives
6 Prompt | videos * 4 minutes/video. Next, convert the total weekly time in hours 288 the
3 minutes / 60 = 4.8 hours [....] Please consider how Britany's activities might wrong
Qs vary throughout the month, ensuring your response is as accurate as possible. answer.
]
g 4 To accurately determine the total time Britany spends on TikTok in a month, we Target
> need to break down her weekly activities into components. Please consider the Mogel
E 3 Iteration 2 | following key components: video recording, song writing, and makeup gives
=1 Prompt preparation. Assume a consistent schedule. As you calculate the monthly time, the
g think about how Britany's TikTok activities might impact her daily life, and be Wrone
<, to offer {0 ji to her routine for improved time answer.
management and productivity.
1 ‘Analyze the time allocation of Britany's activities. Specifically, we aim to
calculate the total time a month with four weeks. Break down the components I:’ge:
0 terati involved, to systematically derive the total time spent. Provide examples to lode
eration 4 | | N . . N gives
s T 7 3 T Prompt |IIus_1r_ate your pqlms and foster a mmds_el of contlnuoqs |mprovemenl by the
lteration outlining the logical steps you took to arrive at your solution. Finally, reflect on

the clarity of your response and suggest actionable revisions to further
enhance the understanding of this scenario.

answer.
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REJ). RIS, PORBIAE AR ISR, IR AR ER S BT PEAG . angke @ pr
N, A TEAE RN T A AN R B B A T R R, R SE T B R DA X I 2R A A
JEPE. SR, 43R AREUAE GSMBK o GSMHard L illlZkHf, TRPrompt £ MATH ¥#ig4E -
B A e R, I B8t T Prompt-OIRL Hl QPO. 4k TRPrompt 7£ GSMSK _I-i)I|24;
B3 7 GSMHard _E Il 2R g B2 PERE, (HX— BRI 5 2 BimFoT—2, E£HAE
BRI AR RS PAERE R E R A K R . X SegE R B 28 T TRPrompt 48z 1k BE
J1, Rl e Lk AR e

Table 4: BEEURARZAL : HE— DR EUNGRABLALAE 75— N Ecn A PRl A R 1 o

Trained on  Method Testedon GSMS8K GSMHard MATH
Accuracy  Accuracy  Accuracy

GSMSK Prompt-OIRL - 29.55 % 22.14 %
QPO - 28.61 % 36.36 %

TRPrompt (Ours) - 27.67 % 37.20 %

GSMHard  Prompt-OIRL 84.15 % - 26.53 %
QPO 82.94 % - 26.35 %

TRPrompt (Ours) 83.09 % - 3941 %
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Prompt Generation
Template

( ‘/You are given a task within <TASK> </TASK> tags. We want to obtain a prompt that will be used to instruct a N\
Ve N language model to answer the task. Your task is to generate a revised prompt that reflects the feedback given inside

( | <FEEDBACK> </FEEDBACK> tags while ensuring it effectively helps the model generate an appropriate response for
the given task, incorporating all suggestions provided in the feedback.

Instructions When generating the new prompt, ensure that: 1. It is designed to guide the model in answering the task. 2. It fully
incorporates all suggestions from the feedback. 3. The revised prompt is enclosed within <PROMPT> </PROMPT>
tags. Output only the new prompt within the <PROMPT> </PROMPT> tags. Do not include any additional text or

) é{planations 4

<TASK>

\A deep-sea monster rises from the waters once every hundred years to feast on a ship and sate its hunger. Over three
Task hundred years, it has consumed 847 people. Ships have been built larger over time, so each new ship has twice as
many people as the last ship. How many people were on the ship the monster ate in the first hundred years?
\</TASK>

<FEEDBACK>
The prompt should start with a clear and concise statement of the task, ensuring that the objective is immediately
Optimal Reward understood. Additionally, the prompt should guide the model to present its findings in a structured format, enhancing

clarity and ensuring a comprehensive response.

</FEEDBACK>

Figure 8: JUHG AR AN ) 1) A it T (32 R i AL T AH SRR

N TR R R A OCA IR, FRAT1 O SRR A S (AR B4R R L H AR X AR 5 [
ok HH DA SR Y LS 58 . R i — o 955, 489 BFEA M E RiE 5 # T,
AR 80 S B ME R AR AT SR PRA RS i o i . I Il 5 A A SR B /s 1 3
Al XA TCHFS B — A BT DAL — D EAR LG 8 FoR .
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Al YIgidni
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Textual Reward
Generation Template

Vo

e N\
/ A special prompt was used to help a language model generate an answer for a specific task. The task is inside <TASK> </TASK>,
ttags. The special prompt is inside <PROMPT> </PROMPT> tags. The answer generated by the language model with the help of the
special prompt is within <ANSWER> </ANSWER> tags. Whether or not the answer is correct is within <lS_CORRECT>
</IS_CORRECT> tags. The correct answer for the task will be given withing <REFERENCE_ANSWER> </REFERENCE_ANSWER>
tag. The reference proof will be given within <REFERENCE_PROOF> </REFERENCE_PROOF> tags.

Your first role is to analyze how the given special prompt influenced the correctness of the generated answer for the specific task.

Do not include the task itself. Focus solely on understanding the relationship between the special prompt and the generated answer.
Instructions Use the correct answer provided between <REFERENCE_ANSWER> and </REFERENCE_ANSWER> and the reference proof
between <REFERENCE_PROOF> and </REFERENCE_PROOF> to inform your analysis. You may think through your observations
before formulating your final feedback. Your second role is to provide comprehensive and insightful feedback on the special prompt
based on your analysis. This feedback should: 1. Identify key strengths and weaknesses of the special prompt. 2. Highlight general
trends in performance. 3. Provide evaluations and general observations on why the prompt generally led to correct or incorrect
answers. Do not propose a new version of the prompt.
\ Your final feedback must be enclosed within both <FEEDBACK> and </FEEDBACK> tags. While you may include reasoning
agtside the tags, ensure that only the final feedback appears within them.

<TASK>

A deep-sea monster rises from the waters once every hundred years to feast on a ship and sate its hunger. Over three hundred years,
Task it has consumed 847 people. Ships have been built larger over time, so each new ship has twice as many people as the last ship. How

many people were on the ship the monster ate in the first hundred years?

'</TASK>

Q:{EFERENCEiANSWEFb 121 </REFERENCE_ANSWER> N

'<REFERENCE_PROOF>

Let S be the number of people on the first hundred years’ ship. The second hundred years’ ship had twice as many as the first, so it
Ground Truth had 2S people. The third hundred years’ ship had twice as many as the second, so it had 2 * 2S = <<2*2=4>>4S people. All the ships
had S + 2S + 48 = 7S = 847 people. Thus, the ship that the monster ate in the first hundred years had S =847 /7 =
<<847/7=121>>121 people on it.

qREFERENCE?PHOOF> Y

<PROMPT>

To solve this problem, consider the relationship between the number of ships and the total number of people consumed over 300 years.
Use a method to analyze the growth of the number of people on each ship, taking into account that each new ship has twice as many
Prompt people as the last one. Think about how to calculate the number of people on the first ship, given that the total number of people
consumed over 300 years is 847. Consider using a formula or approach that accounts for the exponential growth of the number of
people on each ship.

</PROMPT>

<ANSWER>

Let's denote the number of people on the first ship as x. Since each new ship has twice as many people as the last ship, the number of

Generated people on the second ship is 2x, and the number of people on the third ship is 2(2x) = 4x. The total number of people consumed over
Answer 300 years is 847, so we can set up the equation: x + 2x + 4x = 847 Combine like terms: 7x = 847. Divide both sides by 7: x = 121

</ANSWER>

<IS_CORRECT> True </IS_CORRECT>

o /
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Training
Template

( \ ‘/You are given a task within <TASK> </TASK> tags. We want to obtain a prompt that will be used to instruct a \‘
Ve N language model to answer the task. Your task is to generate a revised prompt that reflects the feedback given inside

[ | <FEEDBACK> </FEEDBACK> tags while ensuring it effectively helps the model generate an appropriate response for

the given task, incorporating all suggestions provided in the feedback.

Instructions When generating the new prompt, ensure that: 1. It is designed to guide the model in answering the task. 2. It fully
incorporates all suggestions from the feedback. 3. The revised prompt is enclosed within <PROMPT> </PROMPT>
tags. Output only the new prompt within the <PROMPT> </PROMPT> tags. Do not include any additional text or

N J explanations. J
<TASK>
A deep-sea monster rises from the waters once every hundred years to feast on a ship and sate its hunger. Over three
Task hundred years, it has consumed 847 people. Ships have been built larger over time, so each new ship has twice as
many people as the last ship. How many people were on the ship the monster ate in the first hundred years?
I</TASK>
( b <FEEDBACK> N\

| General trends in performance suggest that the prompt was effective in guiding the model towards a correct solution, |
but may benefit from more detailed guidance on mathematical operations. The prompt generally led to correct answers
because it provided a clear and structured approach to solving the problem, which the model was able to follow and
Textual Reward execute correctly. However, the prompt's effectiveness relies on the model's ability to understand and apply
mathematical concepts, such as exponential growth and equation solving. Overall, the special prompt demonstrated a
good balance of guidance and flexibility, allowing the model to arrive at the correct solution while still requiring it to
apply mathematical reasoning and problem-solving skills.

</FEEDBACK>

AN J \ 4

+

[To solve this problem, consider the relationship between the number of ships and the total number of people consumed
over 300 years. Use a method to analyze the growth of the number of people on each ship, taking into account that

Prompt each new ship has twice as many people as the last one. Think about how to calculate the number of people on the
first ship, given that the total number of people consumed over 300 years is 847. Consider using a formula or approach
that accounts for the exponential growth of the number of people on each ship.
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