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I The Wisdom of Crowds

* Plurality Voting
o  Plurality Voting is usually effective in many cases.

postgraduate examination U.S. presidential election

What to do when most people are wrong?

—



I Examples

* What to do when most people are wrong?
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I Problem

The radius of Circle A is 1/3 the radius of Circle B. Circle A rolls around Circle B one trip back to its
starting point. How many times will Circle A revolve in total?
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Thinking Hierarchy}without a Prior
¥

1. Find the correct answer
2. Rank the thinking
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I Method

* Related work in economics and game-theoretic
o Cognitive Hierarchy Theory (CHT)
o Level-K Theory

* Key Assumption

o The key insight is that people of a more sophisticated level know the mind of lower
levels, but not vice versa.

* Key Questions
o What is your answer?

o What do you think other people will answer?




I Method

e Answer-Prediction Matrix

134 people answer “3” Prediction
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2 people answer “1” and predict
other people answer “3”




I Method

* Ranking the answer without any prior

Prediction
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I Experiments
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Math Go Knowiedge Pronunciation Correct Incorrect
Question Type
(a) Accuracy of algorithms (b) Empirical distribution of lack-of-fit
Type Total | Our algorithm(Default) | Our algorithm(Variant) | Plurality voting
Math 35 29 29 24
Go 30 28 28 23
General knowledge | 44 41 41 35
Chinese character 43 36 35 34

Table 1: The number of questions our algorithms/baseline are correct.
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I Experiments
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Monty Hall Problem
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(a) the Monty Hall problem: you can select one
closed door of three. A prize, a car, is behind

one of the doors. The other two doors hide goats.

After you have made your choice, Monty Hall
will open one of the remaining doors and show
that it does not contain the prize. He then asks
you if you would like to switch your choice to
the other unopened door. What is the probability
to get the prize if you switch?
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(c) Pick a move for black such that they can be
alive.
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Taxi Problem
(b) the Taxicab problem: 85% of taxis in this
city are green, the others are blue. A witness
sees a blue taxi. She is usually correct with
probability 80%. What is the probability that
the taxi saw by the witness is blue?
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(d) Pick a move for black such that they can be
alive by ko.
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Experiments

Prediction
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North Korea

Songhua - 0 0 5

(e) the boundary question: what river forms the (f) the Middle Age New Year question: when

boundary between North Korea and China? was the new year in middle age?
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(g) the pronunciation of Hf (h) the pronunciation of 35




Calibrating
“Cheap Signals” in Peer Review without a Prior

Yuxuan Lu Yuqing Kong”

Center on Frontiers of Computing Studies Center on Frontiers of Computing Studies
School of Computer Science School of Computer Science
Peking University Peking University
Beijing, China Beijing, China

yx_lu@pku.edu.cn yuging.kong@pku.edu.cn

NIPS’23



I Background

* Cheap Signal Cause Bias in Peer-Review
o Reference
o Supplementary Material (Code)
o PaperID
o Beautiful Figure

 Examples

Example 1 (Peer review). We have two papers and each paper is reviewed by 5 reviewers. We can
only accept one paper. The first paper receives 4 “accept” and 1 “reject”, the second paper receives
3 “accept’and 2 “reject”.

Example 2 (Hot vs. cold topic). The topic of the first paper is more popular than the second paper.
In this case, the first paper is easier to obtain reviewers with high expertise. Thus, in the noisy setting,
the first paper has less noisy ratings than the second paper.

Example 3 (Long proof vs. short proof). The first paper has a complicated proof. The second paper
has a short proof. In the noisy setting, each reviewer (unconsciously) intends to vote for “accept”
for paper with a long proof, even if the length of the proof is a “cheap signal”.

—



I Motivation

*Can we design a one-shot scoring process that leads to a noise-robust rank without any prior
knowledge? Formally, we want the paper with a higher expected score in the clean setting also

have a higher score in the noisy setting with high probability, even if different papers’ reviews have
different noise levels and biases.

We adopt the signal-prediction framework of SP, i.e., asking each reviewer to additionally provide her
prediction for a randomly selected reviewer’s report. Besides, we follow the literature of information

elicitation [3] and information aggregation [4] to assume that agents are perfect Bayesian, which
establishes a start for theoretical analysis:

Assumption 1 (Bias generated from “cheap signals” can be predicted). (Informal) We assume agents

are perfect Bayesian. Besides, when their ratings are noisy and have systematic biases, they will
adjust their predictions based on the biased noise.




Automatic Evaluation in LLMs
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LEARNING CONTEMPLATION

A PREPRINT

Jing-Cheng Pang!>*, Pengyuan Wang'?", Kaiyuan Li!, Xiong-Hui Chen'-?, Jiacheng Xu', Zongzhang Zhang', and
Yang Yu!>¢

! National Key Laboratory for Novel Software Technology, Nanjing University, Nanjing, China
2 Polixir.ai
* Equal contribution
¢ Corresponding: yuy@nju.edu.cn



I Motivation

* LLMs can do better in evaluation than generation

Text generation task Self-evaluation task 70 mmm Text generation
Write a mystery that leaves Is the following article a o ' Self-evaluation
the reader unable to predict mystery that leaves the
the ending. The answer is: reader unable to predict the X >0
ending? [TEXT]. Answer: § 40
“ee § 30
<
\ 4 A 4 20
Language model Language model 10
0 FLAN-T5-Large FLAN T5 XL FLAN-T5-XXL
{ { (780M) (11B)
The answer is: Detective James Figure 2: Comparlson of the text genera-
had been working on the‘case Afswer Yesitie tion and self-evaluation.
for weeks, but he couldn‘t
seem to make any headway ...

Text generation Self-evaluation

* Language Model Self-improve (LMSI)
o RLCAI, RLAIF use LLMs to replace RLHF



I Toy Experiments
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Figure 3: Comparison of text generation with/without self-evaluation on text summarization tasks.

Reasoning about ~ Logical  Tracking Shuffled  Object
Colored Objects Deduction (7) Objects (5) Counting
w/o SE 30.9% 18.5% 10.1% 34.7%
w/ SE 31.1% 20.5% 11.1% 34.9%
. Sports Logical Logical
Web of Lies Understanding Deduction (3) Deduction (5)
w/o SE 51.6% 59.7% 34.9% 23.6%
w/ SE 53.2% 59.7% 38.3% 25.7%
Penguins in Navieate Tracking Shuffled Geometric
a Table & Objects (3) Shapes
w/o SE 23.5% 47.7% 28.1% 10.7%
w/ SE 28.8% 50.5% 31.5% 13.5%

Table 2: Comparison of the answer accuracy between answer generation with/without self-evaluation. Full results on all

27 BigBench tasks are presented in Appendix C.2.
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I Method

Unlabeled questions

Q1: Given a movie review, your
task is to classify it as positive,
negative, or neutral based on the
text: The movie is so interesting ...
Q2: Sort the following list of words
alphabetically: The word list: oven
costume counterpart.

Q3: Today is Christmas Eve of 1937.
What is the date 10 days ago?
Options: (A) 12/14/2026 (B)
12/14/2007 (C) 12/14/1937.
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(1) Generate
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(2) Evaluate
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(3) Improve

* Self-improvement by Reinforcement Learning Contemplation

Evaluation prompt

\

Answer

!

Evaluation
prompt

Reward

Is the answer to the
question correct? The
question is: [Q]. The
answer is: [A].

Please evaluate the
answer to the question
and give me an
evaluation score from 1
to 10. The question is:
[Q]. The answer is [A].

J

Figure 4: Overall training procedure of SIRLC, which iterates through three steps: (1) Answer generation to the
unlabeled questions. (2) Self-evaluation by asking LM using evaluation prompt, with the evaluation results as the
reward. (3) Update the language model to maximize the reward using reinforcement learning algorithms. The solid

lines represent the data flow, while the dashed line represents the update of LLM parameters.

e Self-evaluation as the reward

R(q,0) = ¢(M (pep, g, 0)),

where ¢ is the text processing function, g is the question,
o0 is the LLM’s output, M is the LLM, pgp is the evaluation prompt.



LLM-EVAL: Unified Multi-Dimensional Automatic Evaluation for
Open-Domain Conversations with Large Language Models
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LILM-Eval

{evaluation schema}

Score the following dialogue response gener-
ated on a continuous scale from 0.8 to 5.0.

Context: Context: {context)
Z: My cat likes to eat cream.
£: Be careful not to give too much, Reference: {reference}
though. .
Dialogue response: {response}

Dialogue response :
=: Don't worry, I only give a little bit

as a treat.
%
$ Claude API
¢ . " . ", "
Output: {"appropriateness": 3.0, "con-
“ppropraatences. 2.9 tent": 2.5, "grammar": 4.0, "relevance":

Content: 2.5
Grammer: 4.0
Relevence: 2.0

2.0}



Bring Your Own Data! Self-Supervised Evaluation of
Large Language Models

Neel Jain* Khalid Saifullah* Yuxin Wen John Kirchenbauer Manli Shu

Aniruddha Saha Micah Goldblum f Jonas Geiping Tom Goldstein
I April is the fourth... [ KA Citation 9
11 April is not the fourth... ,
17 Large . el
i . nvariance
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C Transformation Similarity
= e.g., Fact negation Metric

Figure 1: In our proposed self-supervised evaluation, pairs are created from a corpus. Each pair contains the
original and perturbed text, which in the figure above is creating a negation via applying a “not.” These pairs are
then fed into the network, and the outputs (perplexity, probability distributions, or text) are compared for each
pair. These measures are then aggregated to produce an invariance or sensitivity score.

SCORE = A{M(f(z), f(z')) V(z,2) € X} aggregation operator A

Similarity metric M



I Finding

* Sensitivity score is strongly correlated with accuracy.
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Model Family
OpenAl Instruct
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Figure 3: (Left) Sensitivity Score (negations) compared to accuracy on TriviaQA over various model sizes and
families. (Right) Normalized Sensitivity Score compared to accuracy on TriviaQA over various model sizes and
families. Larger markers correspond to bigger models, and “x” markers represent instruction finetuned models.




I Finding

* Sensitivity score is strongly correlated with accuracy.

Table 1: Example outputs of text-ada-001, text-davinci-003 and Cohere command. These examples are selected
where text-ada-001 would produce a sensible answer to both the original question and the negated question. The
Cohere model is sometimes entirely insensitive to negations, compared to the OpenAl models, although even
text-davinci can fail at this task. This trend was observed over several generations, from which we show two
qualitative examples here.

Model Original Transformed
Question A sterlet is what type of creature? A sterlet is not what type of creature?
text-ada-001 A stferlet 1s a creature that has A sterlet is not a creature.
a spiny body and a long, sharp tongue.

text-davinci-003 A sterlet is a type of sturgeon. A sterlet is a type of sturgeon.
Cohere command  Fish Fish
Question What is the only natural food What is not the only natural

uestio that never goes bad? food that never goes bad?

There is no one natural food that

never goes bad. There are, however,
some foods that are more likely to do so.
These include: milk, yogurt, ice cream,
and cake.

There is no single natural food

that never goes bad.

Cohere command Honey never goes bad. Honey never goes bad.

The only natural food that

text-ada-001 :
never goes bad is sugar.

text-davinci-003 Honey.

—



PandalLM: An Automatic Evaluation Benchmark for
LLM Instruction Tuning Optimization
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("inputs": {
"instruction”: "Find an example of the given kind of data",
"input": "Qualitative data",
“responsel”: "An example of qualitative data is customer feedback.",
"response2"”: "An example of qualitative data is a customer review."

[ }

"outputs": {

"evaluation_result": "Tie",

"evaluation_reason”: "Both responses are correct and provide similar examples of qualitative data.",
"reference_response"”: "An example of qualitative data is an interview transcript."”

}

\

s

Figure 3: A training data example for PandalLM-7B.



Peer-review in LLMs: An Automatic Evaluation System
for Ranking LLMs without Human-feedback
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IAutomatic Evaluation System
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 What is a good LLMs Evaluation
v' Environment (

Efficiency

Low-cost

Objective and Fair

Unsupervised
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Preference Alignment




| IDEA

LLMs Pool M

closed-source [§] B @ @ 7 @ ©

open-source ChatGLM InternLM Vicuna Baichuan LLaMA

unlabeled dataset

LLM’s response
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Assumptions:

v’ Higher-level LLM can predict answer-ranking more
accurately (more confidence) than lower-level one.

v’ Higher-level LLM also have higher answer-ranking s

core.

v The entropy of the automatic evaluation system should

be minimized.

J

Satisfy three assumptions

Answer-Ranking Data

(41, 41,0)
(43, 45, 0)

(4}, 43,1)
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