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Challenge Overview HAiV
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$200K
Prize & Awards

2,176
Teams

43,837
Submissions

Feb–Apr 2024
Duration

Host: Kaggle   ·   Tags: NLP · Artificial Intelligence · Custom Metric   ·   Output: Revised text



What Are We Predicting? HAiV
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Original Text (x)

“The movie was good, but a little too long.”

Rewritten Text (y)

“Although the film was enjoyable, its length made 
it feel slightly dragged out.”

LLM rewrite

Hidden Prompt  (p)   ← Our Target!

“Rewrite this in a more formal tone.”   ( ? )



Prompt Recovery = Model Inversion HAiV
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① Forward

Prompt  p LLM Output  y

② Inverse  (Prompt Recovery)

Output  y Recovery Prompt  p̂

System Prompt

output2prompt · LM inversion  
(Morris et al., 2023)

User Instruction

DORY (2024) · StyleRec (2025)

Rewrite Prompt  ★

Our competition
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E aluat o  Metr c: Sharpe ed Co   e S m lar ty HAiV

06

Embedding-based
Both the predicted and ground-truth prompts are embedded 
with Sentence-T5

Semantic, not exact
No exact wording required — different phrasing still scores 
high if the meaning is close

Sharpened (cubed)
To  ak  s all   ff r  c s   c    th  scor 

Score: mean in test set
SCS =   a  ᵢ cos³ θᵢ ,  Ra    0 ~  



Formalizing Recovery in Embedding Space HAiV
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Input Original text ( y ) ,  rewritten text ( y ) = LLM( p ⊕ x )

Output H      pro pt ( p )’s pr   ct   valu  (p)̂

Objective

 ax   z    SCS( p,̂ p ) = co ³ θ

θ = ∠  t   ̂, t     t = S  t  c -T5   co  r

⇒ How to maximize score? — Model Training (SFT, RL)



Data Synthesis Procedure HAiV
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Bu ld  g Tra    g Data et (Or g  al Text - x, Rewr tte  Text - y, Prompt - p)

1
Collect Or g  al Text
Sc Q · Op  W  T xt · 
Su  ar zat o   atas ts

2
Sample Rewrite Prompt

Drawn from a diverse 
pool of rewrite prompts

3
Rewr te w th LLM

Gemini · Qwen · Gemma

4
Scale & F lter  g

Clean by quality · 
duplication · length



Model Training HAiV
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Super   ed F  e-tu   g Adversarial Learning Re  forceme t Lear   g

Esta l sh    th   as l    throu h   xt-
tok   pr   ct o  o  sy th t c (x, y, p) 
tr pl ts. 

Training the model to approximate the 
Global Centroid of the T5 embedding space 
to exploit SCS geometry.

Policy optimization using SCS as a reward. 
Aligning the model to maximize the reward 
beyond text recovery.



Our Method HA V
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Systematic Constraints
Re tr ct  g the ge erat o   cope to e  ure  o  e-free,  ta dard zed, 
a d object  e outcome .

Deta l : Expl c tly proh   ts th    clus o  of sp c f c prop r  ou s 
(p rso s, plac s) fro  th  sourc  t xt a     forc s a s   l -s  t  c  
output, forc    th   o  l to focus   t r ly o   xtract    th  cor  
structural tra sfor at o  w thout   tro uc    halluc  at   co t xt.

Few- hot Demo  trat o 
Achieving precise task alignment via In-Context Learning.

Details: Injects 8 diverse exemplar pairs—consisting of original text, 
rewritten text, and the corresponding target prompt across multiple 
domains (e.g., warnings, rap, literature)—during initialization to 
cultivate robust, multi-faceted reasoning for complex text 
transformation rules.

Prefix Injection
Guiding the generation trajectory and maintaining format consistency.

Details: Anchors a predefined guide phrase ("The request was: Modify 
this text by") at the exact initiation point of the inference flow, 
preventing the model from generating unnecessary conversational 
prefaces and directing it to immediately output the target prompt.

Po t-Proce    g

Opt m z  g the e aluat o  metr c (Co   e S m lar ty) a d  al dat  g 
text   tegr ty.

Ref  eme t Algor thm: E ploys post-proc ss    to  l    at  
r  u  a t  u   r    for ats a    x cut  s  t  c -l v l tr      , 
syst  at cally r  ov    structural a    orpholo  cal   f cts.



Our Method: GRPO HA V
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Step 1. Base Model & SFT Merge

Mistral-7B + SFT checkpoint merge

Step 2. PEFT Setup (LoRA)

Full-l   ar LoRA   j ct o 

Step 3. GRPO Tra    g

Group RL via Sentence-T5 SCS reward

Step 4. I fere ce

Pro pt r cov ry v a t xt   ff a alys s

Experimental Settings

Hardware: NVIDIA RTX A6000 * 8

Base Model: Mistral-7B (v0.1) + SFT Warm-up

Tuning: LoRA (Rank=8, 𝛼 = 32, All linear layers)

GRPO — Group Relative Policy Optimization

Group Sampling (𝑮 = 𝟒)
Generates 4 independent responses per prompt
{𝑶𝟏, … , 𝑶𝟒} ~ 𝝅𝜽(∙ |𝑷)

Reward Scoring (SCS)
Measures semantic similarity via sentence-t5-base

𝑹𝒆𝒘𝒂𝒓𝒅 = 𝒎𝒂𝒙(𝟎, 𝒄𝒐𝒔(𝒆𝒑𝒓𝒆𝒅, 𝒆𝒈𝒕))
𝟑

Advantage Calculation
Normalizes scores within the group
𝑨𝒊 = (𝒓𝒊 − 𝝁)/𝝈

Policy Update
Boosts probability of high-advantage responses with KL penalty
𝑳𝒐𝒔𝒔 ≈ 𝑨𝒊 ∙ 𝜵𝒍𝒐𝒈𝝅𝜽 − 𝜷 ∙ 𝑫𝑲𝑳



Results HA V
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0.7096
Scor 

4th/2176
Rank



Leaderboard Insights HAiV

  

Metr c-gam  g,  ot reco ery

Top team optimized the SCS embedding score directly, 

not prompts

W     g rec pe

 . Stro     a  pro pt

 . App    u usual tok  s

3. Su   t &   t l a  r oar 

4. S arch / r f    tok  s   cr as  th  scor 



The Magic Token: 'lucrarea' HAiV
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Ba e prompt

“Rewrite the following text in a more engaging way.” 0.66

+ 'lucrarea' × 5

+ mag c toke 

“Rewrite the following text in a more engaging way. lucrarea
lucrarea lucrarea lucrarea lucrarea”

0.71



Why 'lucrarea' Worked HA V
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①The metr c  ee  ‘embedd  g’,  ot ‘mea   g’

SCS o ly   asur s cos    of ST5          s —   appropr at t xt st ll scor s 
h  h  f th           s ar  clos .

②U u ual toke   h ft  the embedd  g

App       ‘lucrarea’ pulls th  pr   ct             towar  th  tar  t clust r 
center, raising the mean cosine.

③ A universal suffix that works on every sample

The gain is shared across all samples, not problem-sp c f c →  ff ct v ly a 
u  v rsal a v rsar al suff x.  0.66 → 0.7 .

Key  Not r cov ry sk ll  ut  xplo t    a   o  tr c  l    spot of th  ST5   tr c





Tha k You /   Q & A

Team 6 Sungbeom Cho  ·  Changhee Lee  ·  Hyotaek Jeon
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  𝛼   =   32


  𝑮   =   𝟒


  {  𝑶 𝟏 , … ,    𝑶 𝟒 }   ~    𝝅 𝜽 ( ∙ | 𝑷 )


  𝑹 𝒆 𝒘 𝒂 𝒓 𝒅   =     𝒎 𝒂 𝒙 ( 𝟎 ,   𝒄 𝒐 𝒔 (  𝒆  𝒑 𝒓 𝒆 𝒅 ,  𝒆  𝒈 𝒕 ) ) 𝟑


   𝑨 𝒊   =   (  𝒓 𝒊   −   𝝁 ) / 𝝈


  𝑳 𝒐 𝒔 𝒔   ≈    𝑨 𝒊 ∙   𝜵 𝒍 𝒐 𝒈  𝝅 𝜽   −   𝜷 ∙  𝑫  𝑲 𝑳

