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* Manoel’s thoughts:

Reasoning has emerged as the next major frontier for language models
(LMs), with rapid advances from both academic and industrial labs. How-
ever, this progress often outpaces methodological rigor, with many evalua-
— I n t h e ag e Of A I ag e n t S We a re n OW tions relying on benchmarking practices that lack transparency, robustness,
y or statistical grounding. In this work, we conduct a comprehensive em-
pirical study and find that current mathematical reasoning benchmarks
" " are highly sensitive to subtle implementation choices—including decoding
I n 't h e S m a I I n reg I m e n parameters, random seeds, Frompt formatting, and even hardware and
- software configurations. Performance gains reported in recent studies fre-
quently hinge on unclear comparisons or unreported sources of variance.
To address these issues, we propose a standardized evaluation framework
u N u u with clearly defined best practices and reporting standards. Using this
- Varl 2] b | I |'t IS a h uae i1ssue (n O't on I ramework. we reassess revent methods and find that most reinforcoment
learning (RL) approaches yield only modest improvements—far below
prior claims—and are prone to overfitting, especially on small-scale bench-
(] marks like AIME"24. In contrast, supervised finetuning (SFT) methods show
b I a S) consistently stronger generalization in the settings we study. To foster repro-
ducibility, we release all code, prompts, and model outputs, for reasoning
benchmarks, establishing more rigorous foundations for future work.

- | really liked their recommendations, ottt e st nceoEniL2
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- Software/hardware stack il

u DeepScaleR-1.56 OpenR53-1.58 I-1.58 FastCURL-158  Seed 0p P Temperatyre
- Answer extraction
Figure 1: The Sombre State of LM Reasoning for Math. (l¢ft) when re-evaluating recent 1.5B
reasoning-enhanced models on AIME-24 using a standardized framework (see Section 4),
we find substantial drops to reported results in the original papers, (right) the observed
improvements from recent methods (gray highlighted area) fall entirely within the variance
range ( - ) of DeepSeek-R1 1.5B model performance. This suggests that these
methods do not significantly outperform the base model—underscoring the importance of
rigorous, multi-seed evaluation protocols for obtaining reliable performance estimates.
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Not the first crisis In sight

John P.A.loannidis

ished research Aindings are
sometimes refuted by subsequent
evidence, with ensuing confusion

and disappointment. Refutation and

controversy is seen across the range of

research designs, from clinical trials

lemiological studies

and tradit

sonal ep
[1-3 to the most modern molecular
research [4,5]. There is increasing
concern that in modem research, false
findings may be the majority or even
the vast majority of published research
claims [6-8 1. However, this should

not be surprising. It can be proven

that most claimed research finding

are false. Here [ will examine the key
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factors that influence this problem and
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Modeling the Framework for False
Positive Findings
Several methodologists have

pointed out [9-11] that the hs

rate of nonreplication (lack of

1) of research discoveries

confirmatior
15 a consequence of the convenient,
yet ill-founded strategy of claiming
conclusive research findings solely on
the basis of a single study assessed by
formal statstical significance, typically
for a paalue less than 0.05. Research
is not most appropriately represented
and summarized by pvalues, but,
unfortunately, there is a widespread

notion that medical research articles

should be interpreted based only on
pvalues. Research findings are defined
here as any relationship reaching
formal statstical significance, e.g.,

effective interventions, informative
predictors, risk factors, or associations
‘Negative” research is also very useful.
‘Negative” is actually a misnomer, and
the misinterpretation is widespread.
However, here we will target
relationships that investigators claim
exist, rather than null findings.

As has been shown previously, the

probability that a research finding

1s indeed true depends W& prior

probability of it being true (before
doing the study), the statistical power
of the study, and the level of statistical
significance [10,11]. Consider a 2 x 2
table in which research findings are

compared against the gold standard

of true relationships in a scentific
field. In a research field both true and
fa

the presence ol rel

Ise hypotheses can be made about
s. Let R

be the matio of the number o

nsh

“true

relationships” to “no relationships’

ng those tested in the field. R
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1s characternistic of the field and can

ng on whether the
ily likely relat

or searches for only one or a few

vary a lot depe

field targets h:

true relationships among thousands

theses that may

and millions of hype
be postulated. Let us also consider
for computational simplicity,

circumscribed fields where either there
1s only one true relationship (among

hesized) or

many that can be hyy
the power is similar to find any of the
several existing true relationships. The
pre-study probability of a relationship
being true 1s /(R + 1). The probabality
of a study finding a true relationship
reflects the power 1 - § (one minus

the Type II error rate). The probability

of claiming a relationship when none

truly exists re

lects the T Ype 1 error
rate, (. Assuming that ¢ relationships
are being probed in the field, the
expected values of the 2 x 2 table are

+ 1. After a research

given in Ta

finding has been claimed based

achieving formal statistical significance,
the post-study probability that it is true
1s the positive predictive value, PPV
The PPV is also the complementary

probability of what Wacholder et al.
have called the false positive report
probability [10]. According to the 2
x 2 table, one gets PPV = (1 - BIR/(R
BR + ). A research finding 1s thus
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Psychology’s Replication Cirisis Is
Running Out of Excuses

Another big project has found that only half of studies can be repeated.

And this time, the usual explanations fall flat.

By Ed Yong




Today’s lecture Is about “what
can go wrong” In an experiment!



Chain of Thought (CoT)

* |n an influential paper, Kojima et al.
(2022) proposed changing the way we
prompt models.

Machel Reid Yutaka Matsuo Yusuke Iwasawa
Google Research” The University of Tokyo The University of Tokyo
Abstract

Pretrained large language models (LLMs) are widely used in many sub-fields of
natural language processing (NLP) and generally known as excellent few-shot
learners with task-specific exemplars. Notably, chain of thought (CoT) prompting,
a recent technique for eliciting complex multi-step reasoning through step-by-
step answer examples, achieved the state-of-the-art performances in arithmetics
and symbolic reasoning, difficult system-2 tasks that do not follow the standard
scaling laws for LLMs. While these successes are often attributed to LLMs’
ability for few-shot learning, we show that LLMs are decent zero-shot reasoners
by simply adding “Let’s think step by step” before each answer. Experimental
results demonstrate that our Zero-shot-CoT, using the same single prompt template,
significantly outperforms zero-shot LLM performances on diverse benchmark
reasoning tasks including arithmetics (MultiArith, GSM8K, AQUA-RAT, SVAMP),
symbolic reasoning (Last Letter, Coin Flip), and other logical reasoning tasks (Date
Understanding, Tracking Shuffled Objects), without any hand-crafted few-shot
examples, e.g. increasing the accuracy on MultiArith from 17.7% to 78.7% and
GSMSK from 10.4% to 40.7% with large-scale InstructGPT model (text-davinci-
002), as well as similar magnitudes of improvements with another off-the-shelf

 Hypothesis: Asking the model to
reason Improves performance.

11916v4 [cs.CL] 29 Jan 2023

lf_\‘ large model, 540B parameter PalLM. The versatility of this single prompt across

= very diverse reasoning tasks hints at untapped and understudied fundamental

N PP . ; - ) -

e :cm-.\'.h(.)l_ capabilities of LLMs, suggesting lugh-.]e\'cl. multi-task broad cognitive
.o capabilities may be extracted by simple prompting. We hope our work not only
> serves as the minimal strongest zero-shot baseline for the challenging reasoning

SE benchmarks, but also highlights the importance of carefully exploring and analyzing
o the enormous zero-shot knowledge hidden inside LLMs before crafting finetuning
3 datasets or few-shot exemplars.

Q: A juggler can juggle 16 balls. Half | Q: A juggler can juggle 16 balls. Half S
of the balls are golf balls, and half of | of the balls are golf balls, and half of o . e of g i eyt of e vl n

2020, Thoppilan et al.. 2022, Rae et al., 2021, Chowdhery et al.. 2022]. The success of large language

models (LLMs) is often attributed to (in-context) few-shot or zero-shot learning. It can solve various

t h e O If bal I S a re b | u e H OW m a n b I u e t h e O If b al I S a re b I u e H OW m a n b I u e tasks by simply conditioning the models on a few examples (few-shot) or instructions describing the
L] u task (zero-shot). The method of conditioning the language model is called “prompting™ [Liu et al.,

2021b], and designing prompts either manually [Schick and Schiitze, 2021. Reyvnolds and McDonell.

golf balls are there? A: The answer golf balls are there? A: Let’s think e — TEE
a ra b i C n U m e ra I S i S Ste p by Ste p . 36th Conference on Neural Information Processing Systems (NeurIPS 2022).
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Potential Problem #1:
You measure the wrong thing



Construct vs. Measurement

* |n many cases, we care about an abstract construct.

- E.g., we care about LLMs mathematical reasoning capabilities.
- This cannot be “operationally defined,” like height or temperature.

* The process of turning this construct into a concrete
measurement is called operationalization.

* When we compare LLMs’ capacity to solve math problems
IN specific benchmarks, we get a concrete number.



Construct Validity

The extent to which a test or
measurement accurately represents the
concept or construct it intends to
measure.

 How can we assert construct validity?

- There’s no statistic for construct validity!

- We need to build an argument using multiple
sources of evidence.
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Psychological Bulletin

CONSTRUCT VALIDITY IN PSYCHOLOGICAIL TESTS

LEE J. CRONBACH
University of Illinois

Validation of psychological tests
l.as not yet been adequately concep-
lialized, as the APA Committee on
I'sychological Tests learned when it
undertook (1950-54) to specify what
gualities should be investigated be-
fore a test is published. In order to
make coherent recommendations the
(‘ommittee found it necessary to dis-
tinguish four types of validity, estab-
lished by diflerent types of research
and requiring dilferent interpreta-
tion. The chief innovation in the
Committee's report was the term coz-
siruct validity.®* This idea was first
formulated by a subcommittee
(Meehl and R. C, Challman) study-
ing how proposed recommendations
would apply to projective techniques,
and later modified and clarified by
the entire Committee (Bordin, Chall-
man, Conrad, Humphreys, Super,
and the present writers). The state-
ments agreed upon by the Commit-
tee (and by committees of two other
associations) were published in the
Technical Recommendations (59). The
present interpretation of construct
ralidity is not “official” and deals

! The second author worked on this prob-
lem in connection with his appointment to the
Minnesota Center for "hilosophy of Science,
We are indebted to the other members of the
Center (Herbert Feigl, Michael Scriven,
Wilfrid Sellars), and to D. L. Thistlethwaite
of the University of Illinois, for their major
contributions to our thinking and their sug-
gestions for improving this paper.

? Referred fo in a preliminary report (58)
as congruent validily.

PAUL E. MEEHL!

University of Minnesola

AND

with some areas where the Committee
would probably not be unanimous.
The present writers are solely respon-
sible {or this attempt to explain the
concept and elaborate its implica-
tions.

Identification of construct validity
was not an isolated development.
Writers on validity during the pre
ceding decade had shown a great deal
of dissatisfaction with conventional
notions of validity, and introduced
new terms and ideas, but the result-
ing aggregation ol types ol validity
seems only to have stirred the muddy
waters. Portions of the distinctions
we shall discuss are implicit in Jen-
kins' paper, “Validity for what?”
(33), Gulliksen's "“Intrinsic validity”
(27), Goodenough's distinction be-
tween tests as “‘signs’ and “samples”
(22), Cronbach’s separation of “‘logi-
cal" and “‘empirical” validity (11),
Guilford's “factorial validity” (25),
and Mosier's papers on ‘‘face valid-
ity” and "validity generalization”
(49, 50). lHelen Peak (52) comes
close to an explicit statement of con-
struct validity as we shall present it.

Four Typres oF VALIDATION

The categories into which the Rec-
ommendaitons divide validity studies
are: predictive validity, concurrent
validity, content validity, and con-
struct validity. The first two of these
may be considered together as ¢ri-
terion-oriented validation procedures.

The pattern of a criterion-oriented

281

Cronbach & Meehl (1955



Construct Validity (cont’d)

* Does the measurement span the construct’s domain?

- |If we only evaluate on algebra word problems, we are not measuring
math reasoning broadly.

- |If CoT helps algebra but hurts geometry, can we say that CoT
improves math reasoning?

* Does the measurement predict external criteria of interest?

- If we give two models (CoT vs. Regular) to people doing
mathematics research, do they prefer outputs from the CoT version?

10



Construct Validity (cont’d)

* Does the measurement align with other measures of the
same construct?

- Do the CoT findings generalize across very different datasets related
to math problems?

* |s the measurement driven by a different construct?

- Maybe the model isn’t reasoning at all, it is just that when there are
more tokens in the context, the model is more likely to give a correct
answer?

11



Reliability

The extent to which a test or
measurement produces consistent results
when the underlying object being
measured is the same.

- BMI is a valid measure at the population level.
- However, 1t Is unreliable at the individual level.

* Again, there’s no single statistic to
ensure reliability!

12
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Reliability (cont’d)

* Do we get the same result if we repeat the measurement?
- Run the model multiple times with different random seeds.

* Do equivalent measurements give similar results?
- Create two matched math test sets, measure CoT effect in both.

* Do items intended to measure the same construct agree”
- Break the dataset into subskills. Measure CoT gains across them.

13



Potential Problem #2:
YOou don’'t detect an eftect when
the effect does exist



Thought Experiment

.

IS unfa

N

* Suppose the co

Ir"?

It IS unfa

| test tell you

Ica

| a statist

e How often w

 With low n, probably very rarely.

15



Hypothesis Testing (Recap)

 Assume the null hypothesis H is correct.

* Measure p, the probability of observing a test statistic as
extreme or more extreme than observed, given H,,.

p=P(Z| > |z,,| | Hy)

o If p < a we reject the null hypothesis and assume that
there is an effect. Typically a = 0.05.

16



Power

 But what if H, it is false and H is true?

* Not all experiments can reject the null very often!

o Let / be the probability of “missing out” on an effect.

- 1 — [/ = the probability we reject the null when it is false.

- We call 1 — /) the statistical power of an experiment.

17



Power

* Assuming the null, we have a
distribution of Z:

t—1  2-0

/ = —
SE(t) SE(7)

~ N (0,1)

e A test rejects the null if the
probabillity of this happening
under the null Is unlikely.

18




Power

e Now, assume that there is an
effect! Then the distribution of

Z. under the null hypothesis is:

T—1 7—0

.
7= _1"" | ./V( : ,1)
SE(t) SE(7) SE(7)

t/SE(T)

e Power: / total area

19



Increasing power

 Power depends on:
- Var(7), because SE(7) ~ Var(7)
- n, because SE(7) ~+/1/n

- The significance threshold ()

* [0 INncrease power, we can

INncrease 7 or decrease the
variance!

20



Power for the Z-test

Under the alternative hypothesis,
Z ~ N(7/SE(%),1)

Then, we have that power equals to:
| —f =

Pr(1Z] > zy_op | Hy) =
| — ®(2y_pp — T/SE®)) + @(—2y_ypp — T/SE(2)) ©/SE(3)

21



Power simulations

* |In many cases, the estimator has no closed-form variance.

* The design of the experiment is complex (has clustering,
blocking, and noncompliance)

* |n this case, It is common to simulate power.

- Specify a data-generating process, an effect size, a sample size,
and noise.

- Simulate data from this simulated experiment, and estimate the
power empirically.

22



Minimum
Detectable Effect

“What is the minimum effect
size my experiment is high
powered enough to reliably
detect”

MDE = (Zl—a/Z T Zl—ﬂ) —

23




Experimental Design to Increase Power

e “Blocked randomization”

- Headache treatment: Same demographics in both treatment and
control groups.

- CoT example: matched questions in treatment and control group
(algebra, geometry, etc).

. “Within subjects”

- Headache treatment: Each participant takes a placebo once and
the actual medicine once.

- CoT example: having multiple runs for the same question.

24



G*Power 3.1

 Central and noncentral distributions | Protocol of power analyses

Test family Statistical test

Type of power analysis

Input parameters Output parameters
Tails) (One ¢ Noncentrality parameter & 3.3166248

16536580

174

Power (1-B err prob) Sample size group 1 88
Allocation ratio N2/N1 Sample size group 2 :1:]
Total sample size 176

Actual power 0.9514254



Potential Problem #3:
You detect an effect where the
effect does not exist



Thought Experiment

* Suppose CoT prompting does not work.

 What if we tested 20 different prompts”?
- Let’s think step by step.
- Describe your thinking step by step.
- Write your thought process out loud as you solve the problem.

* For each prompt, there’s 5% of chance we reject the null
- This is completely orthogonal to the sample size!

27



Fooling Others with Statistics

* |f you keep testing hypotheses

until something is statistically

significant, you will likely get a

false positive!

* Huge problem for science! If we
only report statistically significant
results, many findings will be ftalse

positives.

28
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Correcting for multiple comparisons

e Let H, ..., H, be afamily of null hypotheses

e Let F, be the set of indices where the null is actually true.

e Let py, ..., p,, De their corresponding p-values

e Family-wise error rate (FWER) = probability of rejecting at
least one true null hypothesis (i.e., getting a false positive).

29



Bonferroni Correction

» Idea: reject H. if p. < a/m

FWER = Pr < — Pr l_—<j —<(x

€S lefo

e If we do that, the FWER is &/

e If we test 20 prompts, we will obtain a FWER = 0.05, a = 0.00235!

30



Other correction schemes

* Bonferroni correction is fairly conservative!

* One less conservative approach is Holm-Bonferroni
- Order your p-values from bigger to smaller;

- Test the ith smallest p-value with a/(m — i1 + 1).
- “Spend” your error budget on the most convincing result.”

* Hierarchical testing:

- test one primary endpoint first;
- If significant, “unlock” secondary endpoints in a pre-set order.

31



When should you correct?

* When to correct? Correct when you will (or could
reasonably) claim discovery from any of several tests.

* One way to avoid losing power: label some hypotheses as
confirmatory, others as exploratory (pattern finding).

* [he exact rituals around correcting are somewhat disputed.
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Problem solved?

* Researchers can “p-hack,” consciously or
not In many ways.

 Changing data processing steps.
 Changing model specifications.

“A researcher when faced with multiple
reasonable measures can reason (perhaps
correctly) that the one that produces a
significant result is more likely to be the least
noisy measure, but then decide (incorrectly) to
draw Iinferences based on that one only.”
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Social scientists generaly enjoy substantial latitude in selecting measures and models for hypothesis

testing. Couplad with publication and related biasss, this latitude raises the concamn that rasearchers may
ntentionally or unintentionaly select medals that yield positive findings, leading to an unralable body of

published rassarch. To combat this *fishing” problem in madical studies, ksading journals now require pre-

1 of designs that emphasize the prior identifica

tion of dependent and ndependent vanables

we demonstrate here that even with this leval of spacification, the scops for fishing is

arable when there is latitude owver selection of covanates, subgroups, and other elements of an
analysis plan. Thess concerns could be addrassed through the use of a form of comprahansive registration

We experimant with such an appreach in the context of an ongoing field experiment for which we drafted a

FERTY

complete "mock report” of findings using fake data on treatment assignment. We dascribe the advantages

and disadvantages of this form of registration and propose that a comprahensive but no

pa adopted 5 of comprehensive but

as a first step to combat fishing by sccial scientists.

nonbinding registration are dis

the principal advantage being communication rather than commit-

ment, in particular that it generatas a clear distinction betwesn exploratory analyses and gerunse tests

1 Introduction

I'here 1s a growing concern regarding reporting and publication bias in experimental and obser-
vational work in social science arising from the intentional or unintentional practice of data
fishing. The adoption of registries provides one possible response to the problem, but while the
potential benefits of preregistration of research designs are easily grasped there has been essentially
no adoption of the practice by political scientists. Moreover, even with agreement on registration
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Pre-registration

* Pre-registration is a commitment device, where you specify
key parts of an experiment or of an analysis in advance.

* You specify hypotheses, primary outcomes, sample size,
analysis plan, correction strategies, and power analyses.

* |t makes your claims more credible by reducing your
flexibility.
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Registered Reports

* Pre-registration does not solve the problem of scientific
publishing being biased towards stat. significant results.

* Registered reports do! Your paper gets “accepted” into a
journal based on the experiment plan.

* [hen, a second round just reviews whether the experiment
was done correctly, but reviewers shouldn’t judge the
results!
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Linguistic effects on news headline success:
Evidence from thousands of online field
experiments (Registered Report Protocol)

Kristina Gligori¢»'*, George Lifchits?, Robert West', Ashton Anderson®

1 School of Computer and Communication Sciences, Ecole polytechnique fédérale de Lausanne (EPFL),
Lausanne, Switzerland, 2 Department of Computer Science, University of Toronto, Toronto, Canada

* kristina.gligoric@ epfl.ch

Abstract

What makes written text appealing? In this registered report protocol, we propose to study
the linguistic characteristics of news headline success using a large-scale dataset of field
experiments (A/B tests) conducted on the popular website Upworthy comparing multiple
headline variants for the same news articles. This unigue setup allows us to control for fac-
tors that can have crucial confounding effects on headline success. Based on prior literature
and a pilot partition of the data, we formulate hypotheses about the linguistic features that
are associated with statistically superior headlines. We will test our hypotheses on a much
larger partition of the data that will become available after the publication of this registered
report protocol. Our results will contribute to resolving competing hypotheses about the lin-
guistic features that affect the success of text and will provide avenues for research into the
psychological mechanisms that are activated by those features.
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1 School of Computer and Communication Sciences, Ecole Polytechnique Fédérale de Lausanne (EPFL),
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Abstract

What makes written text appealing? In this registered report, we study the linguistic charac-
teristics of news headline success using a large-scale dataset of field experiments (A/B
tests) conducted on the popular website Upworthy.com comparing multiple headline vari-
ants for the same news articles. This unique setup allows us to control for factors that could
otherwise have important confounding effects on headline success. Based on the prior liter-
ature and an exploratory portion of the data, we formulated hypotheses about the linguistic
features associated with statistically superior headlines, previously published as a regis-
tered report protocol. Here, we report the findings based on a much larger portion of the
data that became available after the publication of our registered report protocol. Our regis-
tered findings contribute to resolving competing hypotheses about the linguistic features
that affect the success of text and provide avenues for research into the psychological
mechanisms that are activated by those features.




Potential Problem #4:
Your treatment I1ISn’t distributed as
VYOu wish It was



Attrition

e Attrition occurs when some units assigned to the
experiment are not observed In the outcome.

* |[f missingness is unrelated to treatment or outcome
(“Random Attrition”): reduces your power!

* |f units with specific outcomes are more likely to drop out,
yOou can bias your estimate!
- Sanity-check: is attrition the same on treatment and control?
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 Easy-to-imagine scenario: RCT with different diets.

@ You

Explain election procedure in the US election for 2024

ChatGPT

I'm unable to provide specific details about the voting and election procedures for the

2024 U.S. election. However, you can find comprehensive and up-to-date information

on this topic at . I'his website is a helpful resource for understanding the

election process in the United States.

0 O & O

e Suppose this happened for math questions!

* Or that very hard questions “time-out”!
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Compliance

e Compliance refers to whether

units actually receive the Z
treatment they were assigned.

0 1
- 7 € {0,1} treatment assigned
. 0 Never-takers + Always-takers +
- T € {0,1} treatment received Compliers Defiers
T
e The LLLM has some internal . Nevertakers + Always-takers +

Defiers Compliers

system to rewrite your prompts,
such that some of them lose
the “Let’s think step by step.”
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Some scenarios

 Some people don’t comply with the experiment when
assigned to the treatment arm!
- You are mitigating your effect!

o Some people take the treatment even when assigned to the
control arm!
- You are mitigating your effect!

o Specific traits correlated with the outcome mediate whether
you comply.
- You are biasing your effect!
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