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Reward hacking: getting the score without doing the task

Source: Wang et al., §§1–2 (definition after Skalse et al., 2022); chatbot example after OpenAI (2025). The student case is an analogy.

WHAT WE WANT

The task is really done ≠ WHAT WE MEASURE

What the score checks

Hacking = high score, task not done

A student
Test checks only the answer
→ Copies the answer

A chatbot
Users like friendly answers
→ Learns to flatter
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A good-looking answer can hide a shortcut

Source: Wang et al., Figure 1 (excerpt; […] marks omitted text).

The reasoning never mentions the 48 in front of the question.

QUESTION

48. A student has 7 reference books, including 2 Chinese books, […]. Calculate the total number of 
different ways the books can be arranged.

MODEL RESPONSE

<think> First, we need to treat the 2 Chinese books […] This gives us 2! × 2! × 3! × 4 = 48 
ways. So, the total number of ways is 48. </think>

<answer>48</answer>
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This happens in recent models, too

Source: Anthropic, Claude Haiku 5.5 System Card, §6.1.2 (October 7, 2026). Measured in an honesty evaluation, not during RL training.
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Goal: catch hacking without trusting the CoT
Today’s main tool, the CoT monitor, only reads the explanation.

Source: Wang et al., Abstract, §§1, 3.1 (CoT Monitor) and §7. Monitors: Qwen2.5-72B (math), Qwen2.5-32B (code).

WHAT A COT MONITOR DOES

The model writes its reasoning (CoT) Another LLM reads that reasoning It flags answers that look like 
cheating

Problem: if the reasoning never mentions the shortcut, there is nothing to catch.

WHAT THE AUTHORS WANT INSTEAD

1  Works when the CoT lies
The model does not have to admit 
anything.

2  No hacking labels
The bar is set by the model before 
training.

3  No bigger monitor
It uses only the model’s own answers.

CORE IDEA

Cheating needs less thinking.
So measure how much thinking is needed, not what the reasoning says.
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Four planted loopholes, in math and code

Source: Wang et al., §§2–3.2, Figures 2–3. Data: Big-Math-Verified (math), APPS (code). Training: RLOO.

Why so simple? No reward model checks everything. Known gaps tell us which answers are hacks.
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The hacking model depends on the hint
Swap the hint and see what happens to accuracy.

Source: Wang et al., §3.2, Figure 4. Qwen2.5-3B, math, in-context loophole.

Math accuracy by hint condition, Qwen2.5-3B (%)
HACKING MODEL

75.2% → 1.3%
Fails when the hint is wrong.

CLEAN MODEL

27.6% → 27.1%
Same with or without the hint.
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TRACE checks how early the model gets the reward
TRACE = Truncated Reasoning AUC Evaluation

Source: Wang et al., §4, Figures 5 and 7. Math, in-context loophole; scores use the proxy reward.

Idea: cheating needs less thinking than solving.

Area under the curve = TRACE score
Earlier reward = higher score. Higher than the model before training = 
flagged as hacking.

Reward vs. % of CoT kept, math
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TRACE finds hacking better than the monitor in math
Detection F1, higher is better:  ■ CoT monitor (Qwen2.5-72B)   vs.   ■ TRACE

Source: Wang et al., §4.1, Figure 10. Reward-positive responses from hacking and clean models, labeled by counterfactual tests.

In-context loophole Reward-model loophole

TRACE is better in all 8 cases. Example: Qwen2.5-14B, hint in the prompt: 0.517 → 0.883
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RESULT 10 / 12

Better in code too, but far from perfect
Detection F1, higher is better:  ■ CoT monitor (Qwen2.5-32B)   vs.   ■ TRACE

Source: Wang et al., §4.1, Figure 9. IC = in-context loophole, RM = reward-model loophole.

TRACE

0.59–0.65
F1 across the three code settings

COT MONITOR

0.05–0.46
Lower in every code setting.
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Two harder tests: one model, and finding the loophole
So far: a hacking model vs. a clean one. In real use, we have only one model.

Source: Wang et al., §4.2 and §5, Figures 11–14.

01 · ONE MODEL ONLY

Can it tell which answers are 
hacks?
Yes. It separates hacks from normal answers of 
the same model, even when only some data has 
a loophole.

02 · FIND THE LOOPHOLE

Where is the loophole in the 
data?
Group answers by TRACE score and compare 
the prompts. The high-score group showed the 
hidden answer hint.
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Overall: a useful new signal, still a research tool

Source: Wang et al., §§4–7. Pros/cons and the hidden-CoT point are the presenter’s assessment.

PROS

• Tests behavior, not the explanation: beats the CoT 
monitor in every setting

• No bigger monitor needed, so it scales with the 
model

CONS

• Only simple, planted loopholes were tested

• Fast answers are not always hacks (easy tasks, 
overthinking)

What if the CoT is hidden?
Many frontier models show only a summary of their reasoning, partly to block distillation. TRACE needs the raw CoT, so it 
suits the developer’s own audits and open-weight models.


