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Theoretical Description

The mapie.regression.MapieRegressor class uses various resampling methods based on the

jackknife strategy recently introduced by Foygel-Barber et al. (2020) [1]. They allow the user to

estimate robust prediction intervals with any kind of machine learning model for regression

purposes on single-output data. We give here a brief theoretical description of the methods [
included in the module.

Before describing the methods, let’s briefly present the mathematical setting. For a regression
problem in a standard independent and identically distributed (i.i.d) case, cur training data
(X,Y) = {(z1.), ..., (2n,yn) } has an unknown distribution Py y. We can assume that
Y= [,L(X) + e where ft is the model function we want to determine and €; ~ Py\x is the noise.
Given some target quantile o or associated target coverage level ] — ¢, we aim at constructing a
prediction interval én,a for a new feature vector X, 41 such that

PV € CralXna)} 21—

All the methods below are described with the absolute residual conformity score for simplicity but [ J
other conformity scores are implemented in MAPIE (see Theoretical Description for Conformity
Scores).

1. The “Naive"” method

The so-called naive method computes the residuals of the training data to estimate the typical error
obtained on a new test data point. The prediction interval is therefore given by the prediction
obtained by the model trained on the entire training set 4+ the quantiles of the conformity scores of
the same training set:

https://mapie.readthedocs.io/en/latest/
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#causality #textbooks #causalml-book #uskanana

-
'Rl B TBUTTEpe/X TOMbKO 1 Pa3roBOPOB YTO O Bhlle/jWieM B despane 24-ro yuebHuke YepHoxykosa (http:/causalml-
e 1 book.org/). Kak u nucan paee, Clenan o Hem. JyBanpyro vs KaHana cropa:
. ']
b ! TpoYUTaN HECKO/ILKO TN1aB NOAPOGHO 1 0CTANbHBIE HAMCKOCOK 1 FOTOB NOAGMMTCA MHEHVEM.
AocronHcrBa:
— Core. B KHUre NOBECTBOBAHNE HAUMHAETCA Yepes adjustment Gopmyny o6LLero BMAa, HTO NO3BONAET CPABHNBATE
pasHble CTpaTernn UAeHTUGMKALMA Mexay CoBO7 (HanpuMep rpagryeckyto, BanaHCoByH, IKCTIEPNMEHTaNBHYI0 1 *MIT
- CTPYKTYpHyiQ); * Chicago Booth
— HoTauws, OueHs MHOrKe Temsl CoBpaHsl BMECTE 1 HMEHT, /KT MIHYC, Bn3Kylo HoTauwk (Hanpuvep double robust t Cornell Universi
MeToAl cpaBHuBarTCA ¢ conditional ignorability). s % l‘y
am — fManasoH Tem. ECTb BONbLUOE YMCNO AOCTATOUHO FNYBOKMX TONMKOB (HAaNpUMep CBA3K perpeccu ¢ treatment effects) Hamburg U““"er‘SllY
TStanford University

Koppensuus He nogpasymeBaeT NPUYUHHO-CeACTBEHHYIO CBS3b. A 4TO noApa3symeBaeT? [puropuii YepHos https .//C a u Sa | m |_ boo k O rg/


https://causalml-book.org/
https://www.youtube.com/watch?v=OQSwpOQ0jgw
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https://www.anthropic.com/research#interpretability
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IHTepnpeTnpyemMoCcTb MOOeen

o DUuHaALHaA By MaKKa-Apo-Hebypekis
A Comprehensive Guide to Explainable Al:
From Classical Models to LLMs

https://arxiv.org/abs/2412.00800
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* Prototypical Concept-based Explanation
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https://arxiv.org/abs/2412.00800
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LLM TawaT B 00bl4HbIV NpoAa
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Steering Large Language
Models with Pydantic

a Jason Liu 2024/01/04

In the last year, there's been a big leap in how we use advanced Al programs, especially in how we
communicate with them to get specific tasks done. People are not just making chatbots; they're also
using these Als to sort information, improve their apps, and create synthetic data to train smaller task-

specific models.

https://pydantic.dev/articles/lim-intro https://github.com/instructor-ai/instructor


https://pydantic.dev/articles/llm-intro
https://github.com/instructor-ai/instructor
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https://byndyu.ru/antifragileit
https://arxiv.org/abs/1208.1189

LLM B Causal Inference

e il ble of D - istical d al R s o Muodel Size  Overall Ace.  Multiple Choice / Numerical — Statistical / Causal
re LLMs Cap:{ e of Data-base Stfms'tlca an C'aus | Reasoning? e = T T
Benchmarking Advanced Quantitative Reasoning with Data Table Question Answering
TableLlama (Zhang et al., 2023) B 95 357126
1 1 3 3 s Chain of Thought Prompting
Xiao Liu', Zirui Wu’', Xueqing Wu*, Pan Lu”, Kai-Wei C]umg2 and Yansong Feng Llama-2-chat (Touvron et al.. 2023} B 221 2047230
"Wangxuan Institute of Computer Technology, Peking University aﬁmﬂJMM u:hZeEB et ﬂl--ﬁgﬁ?’i ;g _ij? % ;’ _ngll
2 . : . = . . % . Lar (Luo et al., 3) A - -
Computer S(:ler_u.e DeParlfnenl. University of California, Los Angeles CodeLlamainstruct (Roziere etal, 2023 7B %2 1417308
{1xlisa,ziruiwu, fengyansong}@pku.edu.cn Deepscck-coder-instruct (Guo etal . 2024)  6.7B 18.7 15.5/20.4
{xueqing.wu, panlu, kwchang}@cs.ucla. edu Gemini-Pro (Team et al., 2023) - 319 2547353
GPT-4 (OpenAl 2023) = 365 2461428
Program of Thoughts Prompiing
Llama-2-chat B ) 78715
Abstract Statistical Reasoning " Causal Reasoning AgentLM B 332 £5/04
What |5 a 95% confidence interval What is the Average Causal WizardMath B 168 31.7/89
i n E e £ forthe population mean of y? Effect (ATE) from t toy? Codellama-instruct 7B 17.3 19.7/ 16.0
Quantitative reasoning is a critical skill to a.n- e e Ihdp.csv Deepseek-coder-instruct 678 370 358/323
alyze data, yet the assessment of such abil- ¢ Advanced Quantitative 4 | t | y [ a [« Gemini-Pro - 26.8 39.4/20.1
ity remains limited. To address this gap, (" Ressoning whh Dats,_ ; ::: '0-5"3 '0-; GPT-4 - 49.1 7257368
we introduce the Quantitative Reasoning with . & ? T :;:3: :;:m ReAct-style Prompting
Data (QRDATA) benchmark, aiming to evalu- Reasoning Steps Llama-2-chat B 11.4 18.5/06 42/152
ate Large Language Models’ capability in sta- 1. Understand the data 1. Understand the data Ag_““'L‘M 8 0.7 16.9/1.2 36134
tistical snd cansal regsoning wilh eal-world 2. identify the point estimate 2. Build the causal model WizardMath B 18.7 2107153 19.7/18.2
i _B 3. Verlfy the conditions 3. Apply propensity score CodeLlama-instruct B 15.8 222761 1627156
data. The benchmark comprises a carefully con- 4. Calculate the margin of error  Weeighting to estimate ATE Deepseek-coder-instruct 6.8 7.3 294/239 ART/2L2
structed dataset of 411 questions accompanied and construct the interval 4. Run refutation tests Gemini-Pro i 8.9 416/258 41.5/315
by data sheets from textbooks, online learning GPT-4 - 574 59.2/546 69.0/5L3
materials, and academic papers. To compare Figure |: Examples of advanced quantitative reasoning Cade Interpreter Assistanis
models” quantitative reasoning abilities on data questions and reasoning steps. GPT-3.5 Turbo = 414 423/39.9 60.6/31.2
L RN AR GPT-4 - 57.9 56.9/59.5 7897468
Human (subset) 76.0 71.9/83.4 BE.B/6E.8

https://arxiv.org/abs/2402.17644v?2



https://arxiv.org/abs/2402.17644v2
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- Data Description Question
The CSV file ihdp.csv conta!ns da.ta obtained from the Infant Health and' I?evelopment What is the Average Treatment Effect (ATE) of the
Program (IHDP). The study is designed to evaluate the effect of home visit from dataset? Please round the final answer to the nearest

specialist doctors on the cognitive test scores of premature infants. The confounders hundredth

X (x1-x25) correspond to collected measurements of the children and their mothers -+
/

\
$ Correct Reasoning Steps: 2. Build a causal model based on the data description ——————————

(~ 1. Check rows of the dataset to understand its structure ] from dowhy import CausalModel
common_causes = [ 'x1', =, 'x25']
y x1 x2 ihdp_model = CausalModel(
data=data, treatment='t', outcome='y',

5.60 -0.53 -034
COMMoN_Causes=Common_causes

import pandas as pd t
1

0 688 -1.74 -180

0 )

data = pd.read_csv('ihdp.csv')
print(data.head())

»

-ﬁ Sandbox Execution Results: 3.00 -0.81 -0.20 )
A

~— 4. Run refutation test to validate the estimate o

3. Recall related method and apply to this scenario ———
The estimate should not change if we add an independent random

ATE can be estimated using propensity score weighting: Voriabl s Comme e S the dutdset:

ihdp_refute_random_common_cause = ihdp_model.refute_estimate(
ihdp_identified_estimand, ihdp_estimate,
method_name="random_common_cause"

)

print('New effect:', ihdp_refute_random_common_cause.new_effect)

ihdp_estimate = ihdp_model.estimate_effect(
ihdp_identified_estimand,
method_name="backdoor.propensity score_weighting"

print('Estimated effect:', ihdp_estimate.value)

2O Estimated effect: 4.02 ;‘ New effect: 4.02 Final Answer: 4.02

- A5 e J

-

Figure 2: An example question of QRDATA and correct reasoning steps.



Bce Kak y Noaen

Easier Said than Done. The unsatisfactory perfor-
mance on causal questions appears to differ from
the findings of some previous papers (Willig et al.,
2022; Kiciman et al., 2023), which show that LLMs
are capable of causal reasoning in tasks like causal
discovery without data. To figure out the reason
for the inconsistency, we conduct an experiment
to evaluate if the provided data interfered with the
models. Specifically, we evaluate the best three
models on multiple-choice causal questions of QR-
DATA without giving them the data®, and compare
their performance with the original setting. We use
the best reasoning method for each model: ReAct-
style prompting for Gemini-Pro, and code inter-
preter assistants for GPT-3.5 Turbo and GPT-4.
As shown in Table 4, two out of three models
perform better without data access, revealing that
it is easier for these LLMs to speculate causal re-

Question

Gold Answer

Which cause-and-effect relationship is more likely? Please answer with A, B, or C.

A. R L5 radiculopathy causes L L1 radiculopathy =~ B. L L1 radiculopathy causes R L5 radiculopathy
C. No causal relationship exists

@

GPT-4 Prediction with Data Access

Step 1:
Code Interpreter
Step 2:

Step 3:
Code Interpreter

Step 4:

# Display the first few records to understand the data structure
data.head()
I will examine the data for the following patterns:

- If patients with “R L5 radiculopathy” also frequently have “L L1 radiculopathy” and not the other
way around, it may suggest that A is more likely.

- Conversely, if patients with “L L1 radiculopathy” also frequently have “R L5 radiculopathy” and not
the other way around, it may suggest that B is more likely.

- If there is no clear pattern or both conditions occur independently, it may suggest that C is more likely.
# Probability of L L1 given R L5

P_L_L1_given_R_L5 = co_occurrence_count / R_L5_count if R_L5_count else @

# Probability of R L5 given L L1

P_R_L5_given_L_L1 = co_occurrence_count / L_L1_count if L_L1_count else @
P_L_L1_given_R_L5, P_R_L5_given_L_L1

Based on these conditional probabilities, it is more likely that “L L1 radiculopathy” causes ‘R L5
radiculopathy” over the other proposed causal direction. Final answer: B.

GPT-4 Prediction without Data Access

Prediction

Given both ‘R L5 and ‘L L1’ radiculopathies are on different sides of the body and different spinal
levels, it’s not common for one to cause the other according to standard medical understanding. It is
more likely that they occur independently due to separate causes.

It’s likely that if both conditions are present in a patient, they arose independently or due to a systemic
issue affecting the spine broadly, rather than one causing the other. Final answer: C.




My 310 OFl TesEe Fle aMol VT

Potential Risks. Our evaluation reveals that cur-
rent LLMs are imperfect in conducting quantitative
reasoning with data. We suggest readers not trust
solutions provided by LLMs.

 XXoem LLM c Causal Inference oo Mmanckmx npasaHUKOB
 «byayuiee Causal Inference 3a oHTONOrMAMU» (C)
 BHyTpun LLM ecTb oHTOJIOrMN, Ha nobon BKYC, 4. 1 T.A.


https://gregory-ch.github.io/

Cnanabl TyT m dkolodezev
ﬂh E m dmitry kolodezev

https://kolodezev.ru/download/dataelka2025.pdf
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