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On Calibration of Modern Neural Networks (2017)

PEKING UNIVERSITY
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e Maximum Calibration Error (MCE) Figure 1. Confidence histograms (top) and reliability diagrams

(bottom) for a 5-layer LeNet (left) and a 110-layer ResNet (right)
on CIFAR-100. Refer to the text below for detailed illustration.
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Language Models (Mostly) Know What They Know (2022)

BIG Bench Calibration Trends

Calibration: BIG Bench Multiple Choice (5-shot)

- - 1.0 .
Calibration for LMs i
- g
0.8 Em*- .\
] [ wn i 1“10'0 E
 Multiple Choice Tasks ; | O\ .
50.4- 1 ;2
3 —8— Lettered Choi (5-shot)
0.2 e “e— Lattered Choices (0-shat) T
True/False (5-shat)
0.0 10° 10-2 { —®— BB Default Format (S-shot)
. . . . y i j i j ) 10° 101
Question: Who was the first president of the United States? o) . O aniitie? L el barameten

Choices:
(A) Barack Obama
(B) George Washington
(C) Michael Jackson

Figure 4 (left) We show calibration curves for various model sizes on all of the multiple choice tasks in
BIG Bench, in the format described in section [2| We include a dashed line indicating perfect calibration.
(right) Here we show trends in the expected calibration error on BIG Bench, for both multiple choice and a
separate True/False format (see Section . We show the RMS calibration error in Figure@in the appendix.

Answer:
By default in BIG Bench [Srivastava et al., 2022]] questions are posed in this way: BIG Bench Calibration vs Normalized Acccuracy (528, 5-shot) BIG Bench Callbration Varlations (528)
1.0 4
Question: Who was the first president of the United States? . Chance Accuracy 0.8 4
choice: Barack Obama 0.81 ' .
choice: George Washington gn_ﬁ_ . . . 06
choice: Michael Jackson g ‘e . g
< . " . S
Answer: € 0.41 . ® . E’m-
= P i
E - . . ‘
s 021 : - 2 . " 0.2 1 —— Lettered Choices (5-shot)
° " LI e —+— Lettered Choices (0-shot)
0.04 . :." With None of the Above (5-shot)
- . 0.0 1 —s— BIG Bench Default Format (5-shot)
0.000 0.625 D.DIS[) D.[;?S D.J.‘DD D.1I25 0.1‘5[) D.IITS 0.200 D:D 0:2 0:4 D.Iﬁ D:B 1:0
Expected Calibration Error Probability

Figure 5 (left) We show expected calibration error versus normalized accuracy for all BIG Bench tasks;
the number of problems in each task is represented by the marker sizes. We do not find any noticeable
correlation between accuracy and calibration within BIG Bench. To normalize accuracies we linearly map
chance accuracy to 0, keeping perfect accuracy at 1. (right) We compare calibration for several variations
on BIG Bench evaluations: we vary between 0-shot and 5-shot, replace an answer option with "none of the

above", and compare our format with letter-labeled choices to the default BIG Bench formatting.
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L u =
Calibration for LMs > Knowing What You Know?
» None of above * RLHF Post-training
Question: Who was the first president of the United States?
ChOl ces: RLHF Calibration: MMLU (52B, 5-shot) RLHF Calibration: MMLU True/False (52B, 5-shot) RLHF Calibration: TruthfulQA (52B, 5-shot)
(A) Barack Obama 107 — RLKF @ T=1 . 107 — RLHF @ T=1 e 101 — RLHF @ T=1 -
. = RLHF @ T=2.5 = RLHF @ T=2.5 - = RLHF @ T=2.5 ,"
(B) George Washington s o8 o8
(C) none of the above . . B
L 0.6 206 06
Answer: : :
EOQ EO.J Eﬂ.ﬂ
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MMLU Accuracy with None of the Above MMLU Calibration of (D) Answer Chaoice {52B, 5-shot) 00 0ol 7 o
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—8— Standard (5-shot) . —e— Standard Probabilities Probabilities Prababilities
0.60 - None of the Above (5-shot) (D) none of the above
055 | @ Standard (©-shot - 0.6 Figure 9 We show calibration curves for RLHF policies finetuned from our language models. Calibration
' Nore of the Above (0-5hot) = of these models appears to be very poor, but simply adjusting the temperature of their probability distributions
0.50 1 i 8 o6 to 1" = 2.5 largely fixes calibration issues for three different evaluations.
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Figure 7 (left) We show accuracy on MMLU in the standard format, and after replacing option (D) with
"none of the above". This replacement decreases accuracy very significantly. (right) We show calibration
specifically for the (D) answer option, in the standard form of MMLU and with (D) as "none of the above".
The latter makes calibration much worse, and in particular the model seems strongly biased against using this
option, which also harms accuracy.
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Calibration for LMs g Self-Evaluation
> * P(True)
« True/ False
Question: Who was the first president of the United States? Question: Who was the first president of the United States?
Proposed Answer: George Washington Proposed Answer: George Washington was the first president.
Is the proposed answer:
(A) True Is the proposed answer:
(B) False (A) True
The proposed answer is: (B) False
The proposed answer 1is:
Calibration: BIG Bench True/False (5-shot)
i i . Codex: 52B Self-Evaluation with Comparison Examples (20-Shot)
Lambada: 52B Self-Evaluation with Comparison Examples (20-Shot)
Correct
10004 === Correct 5001 B Incorrect
B Incorrect
800 -
8 1007 8 600
o a 3
- v
g 4 400
£ @
200 -
o 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 ’ 0.1 0.2 03 0.4 0.5 0.6 0.7 0.8 0.9
Probability(True) Probability(True)
10°
A N = e e e Figure 10 Models self-evaluate their own samples by producing a probability P(True) that the samples are
Probabilities in fact correct. Here we show histograms of P(True) for the correct and incorrect samples, in the evaluation
paradigm where models also see five T = 1 samples for the same question, in order to improve their judg-
Figure 8 We show calibration curves for various model sizes on all of the multiple choice tasks in BIG ment. Here we show results only for Lambada and Codex, as these are fairly representative of short-answer
Bench, reformulated as True/False questions on a mix of the correct answers, and randomly chosen incorrect and long-answer behavior; for full results see Figure 28 in the appendix.

answer options. The 52B model is very well-calibrated except near the tails, where it is overconfident.

<p>
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Self-Evaluation

Question: Who was the third president of the United States?
Here are some brainstormed ideas: James Monroe
Thomas Jefferson
John Adams
Thomas Jefferson
George Washington
Possible Answer: James Monroe
Is the possible answer:
(A) True
(B) False
The possible answer is:

Accuracy Improvement Conditioning on P(True) > 0.5

52B Self-Evaluation on Five Sampling-Based Tasks (Equally Weighted)

@ GSMBK
mm Correct Samples 0.8 —e— GSMBK P(True) > 0.5
B Incorrect Samples o Arithmetic
0.04 0.74 —e— Arithmetic P(True) > 0.5
TriviaQA
0.6 1 TriviaQA P(True) > 0.5
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P(True) of Sampled Answers Parameters

Figure 1 (left) We show the overall ability of a 52B language model to evaluate its own proposed answers
(sampled at unit temperature) to questions from TriviaQA, Lambada, Arithmetic, GSM8k, and Codex Hu-
manEval. We have weighted the overall contribution from each of these five datasets equally. We evaluate
20-shot using the method of section 4, where we show the model several of its own samples and then ask for
the probability P(True) that a specific sample is correct. (right) We show the improvement in the accuracy
on each sampling task when only including questions where a randomly sampled (unit temperature) response
achieved P(True) > 0.5.
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* N-samples improve Self-Evaluation

Lambada: Brier Score for Self-Evaluation of Sample Validity Codex: Brier Score for Self-Evaluation of Sample Validity
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Figure 11 Here we show results only for Lambada and Codex, as these are fairly representative of short-
answer and long-answer behavior; for full results see Figures 28, 29, 30, and 31 in the appendix. Top: Here
we show the Brier scores for model self-evaluation with three methods: basic self-evaluation with a prompt,
and self-evaluation with comparison samples, either with a fixed prompt or 20-shot. Note that the Brier score
combines accuracy of the True/False determination with calibration, and 20-shot evaluation with comparison
samples performs best in every case. Brier scores do not decrease with model size on evaluations like Codex
because small model samples are almost always invalid, so that it’s relatively trivial to achieve a small Brier
score. Bottom: We show the base accuracy of our models on various sampling tasks, and then the accuracy
among the responses where via self-evaluation we have P(True) > 0.5. For P(True) we evaluate with a single
example and a prompt, and then both 20-shot and with a prompt with five comparison examples. Few-shot

evaluation is important for obtaining good calibration.
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P(IK) —— Probability that | Know the answer

* Value Head
« Natural Language

Per-Token P(IK) Scores
What is George W. Bush's father's name?

ueston | : || what § s QJGeoge] w | . | Busn | o faer | o foneme ] 2 J w | W f Anewer | .

What is Saurav's mother's name?

Question | : ] wnat § s ] s J ar | o | o Jomotrer] o J oeme Jo2 J w J o} Anewsr

Who was the first President of Absurdistan?

Question ] : | Who J wee J the | st Qerecidant] o J§ abe § ur J oamt § e J 2 J M Janewer ]

Who was the first President of the USA?

—mnnmnmm - :

Why are you alive?

Queston | : | wiy J§ ae J§ you J awe J 7 J v fanewer |

a

Figure 3 Examples of P(IK) scores from a 52B model. Token sequences that ask harder questions have
lower P(IK) scores on the last token. To evaluate P(IK) on a specific full sequence, we simply take the P(IK)
score at the last token. Note that we only train P(IK) on final tokens (and not on partial questions). <8>
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P(IK) Probability that | Know the answer
e ID - OOD
P(IK) on Out-of-Distribution Evals (52B Model) P(IK) on In-Distribution Evals (52B Model)
0.07
TriviaQA: Predicted P(IK) vs Ground-Truth P(IK)} from 52B Model TriviaQA: P(IK) Distributions (52B Model) Ground Truth P(IK) > 0.5 0.16 Ground Truth P(IK) > 0.5
I Ground Truth P(IK) < 0.5 I Ground Truth P(IK) < 0.5
1.0 Ground Truth P(IK) > 0.5 0.061 0.14+
400 - B Ground Truth P(IK) < 0.5
o 0.051 o 0.124
081 3 =
o £ 0.041 2 0.10
o c c
£ 0.6 4 - 2 5031 2 0.8
£ 3 £ £ 0.061
° (o)
€ 0.44 0.02 4
3 0.04
Q
0.014
0.2 0.021
0.00 - 0.00-
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.0 0.2 0.4 0.6 0.8 1.0
0.0 Predicted P(IK) Predicted P(IK)
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 . . i . L.
Predicted P(IK) Predicted P(IK) Figure 2 Left: We train a P(IK) classifier to predict whether or not a model knows the answer to TriviaQ/

. . . . . . tions, and then evaluate on Arithmetic, Python Function Synthesis, and Lambada questions. This his
Figure 12 Testing a 52B classifier on a held-out set of TriviaQA questions. We see that the classifier ques . . S . . .
predicts lower values of P(IK) for the questions it gets incorrect, and higher values of P(IK) for the questions togram shows P(IK) scores exclusively from OOD questions. Right: We train a P(IK) classifier on TriviaQA
it gets correct. We set the ground truth P(IK) as the fraction of samples at 7" = 1 that the model gets correct.

TriviaQA: Calibration of P(IK)

Calibration of P(IK) with 52B Model

1.0q === Perfect Calibration e 1.0 4{ = Train on TriviaQA
=== Train on All 4 Datasets ."
0.8 el
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0.0 0.2 0.4 0.6 0.8 1.0 T T T T T T
PUIK) 0.0 0.2 0.4 0.6 0.8 1.0

P(IK)

Figure 13 Left: Full calibration plot of P(IK) classifiers on TriviaQA over a range of model sizes. We see
that the smallest models have higher calibration error than the biggest models. The larger classifiers are very
well calibrated in-distribution. Right: We show calibration curves for P(IK) on three other sampling-based
datasets, both in-distribution and out-of-distribution (trained only on TriviaQA). We see that OOD calibration
of P(IK) is often quite poor, and for the most part models are underconfident.
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Generalization of P(IK)

« Model Size * Multitasks

Generalization to LAMBADA: P(IK) Distributions (52B) In-Dist Generalization to LAMBADA: P(IK) Distributions (52B)

H H mmm Ground Truth P(IK) = 0.5 - Ground Truth P(IK) = 0.5
MOdeI Slze Trend Of AUROC Wlth P( I K) 601 mm Ground Truth P{IK) < 0.5 B Ground Truth P{IK) < 0.5
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05 - o TriviaQA (In-Distribution) Generalization to Py Func Synth: P(IK) Distributions (52B) In-Dist Generalization to Py Func Synth: P(IK} Distributions (52B)
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—&— Py Func Synth
| T 150 1 300
10° 101 5 5
Number of Parameters “ oo “ 200
Figure 14 Model size trend of AUROC with P(IK), when training on only TriviaQA. We generally observe 501 100
increasing AUROC as model size increases for all three out-of-distribution evals, suggesting that larger P(IK)
. . . T T 0 '
classifiers are better at generalization. 0.1 0.2 0.3 0.4 05 00 0.2 0.4 0.6 0.8 10

Predicted P{IK)

Predicted P{IK)

Figure 16 Generalization of P(IK). We trained P(IK) classifiers on just TriviaQA and on TriviaQA, Arith-
metic, Python Function Synthesis, and LAMBADA. The left side of this figure includes distributions of P(IK)
from a 52B classifier that was trained on just TriviaQA, while the right side includes distributions of P(IK)
from a 52B classifier that was trained on all of these data distributions. We observe nontrivial generalization
from TriviaQA to the other tasks, but training on the other tasks improves performance greatly.
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If we consider a fairly obscure question like
What state’s rodec hall of fame was established in 20132
then P(IK) appropriately predicts a low value, specifically 18% for a 52B model. However, if we prepend a
Wikipedia article on the Idaho Rodeo Hall of Fame to the context:
Wlklpedlfa: The I,dah‘? Rodeo Hall of Fame was 9StabllShed as a 501 (c)(3) non- Effect of Including a Wikipedia Article on P(IK) (52B Model) Length of Wikipedia Article in Context Affects Gain in P(IK)
profit organization on May 6, 2013. Lonnie and Charmy LeaVell are the c
founders of the organization. The actual charitable nonprofit status was 51'0- z —8— 52B Model
received from the IRS on February 19, 2014. The IRHF hosts a reunion and a & 0281
induction ceremony annually every October. The Idaho Hall of Fame preserves 508 '3026-
and promotes the Western lifestyle and its heritage. The hall exists to ; ‘_é' ’
dedicate the men and women in rodeo who contribute to ranching and farming 3] < 0.24 1
through their sport. It also extends its reach to continue these western 50‘6' é’
ways to the youth in the communities to ensure that these traditions g $ 0.22 7
continue for many generations. In 2015, the hall was awarded the Historic °g".0_4, S
Preservation Recognition Award by National Society of the Daughters of the g 20'20'
American Revolution. o z
= £ 0181
c 021 c
What state’s rodeo hall of fame was established in 20137 ; . Articles < 7000 Tokens & 0,161
T 0.0 1 « Articles < 1000 Tokens g o1
0.0 0.2 0.4 0.6 0.8 1.0 10° 103
P(IK) on the Question Threshold for Number of Tokens in Wikipedia Article in Context
Figure 18 Effect of including Wikipedia article on P(IK) for TriviaQA Questions. We see that including a
P(|K) 18 -> 78 relevant Wikipedia article in the context boosts the average P(IK) on TriviaQA Questions. P(IK) increases

more for shorter Wikipedia articles, from which it is presumably easier to identify the relevant facts.
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Distinct Pretraining Distributions Comparison

- Tl

BTN AERI2BIER, MEBITPIK)EAR

- EFEXFMREEIEXES —MREEETERY -

| Questions that only A gets right ’ Questions only B gets right

A’s average P(IK)
B’s average P(IK)

Table2 ‘Cross-Experiments’: Average P(IK) from for two distinct models on subsets of TriviaQA questions

0.463
0.409

P(IK) from Distinct Models on Subsets of TriviaQA Data

1.0 A
A Correct, B Incorrect

.
« B Correct, A Incorrect
.

o
[02]
1

o
[=2]
1

Predicted P(IK) From Model A

0.4' . . . .
(] .l*'. -";.. $'.' 3° S..
H 'a'-‘f"';': "-' .
0 2 i ;.-..-. ) ¢ .. LN ¢
° .
et s .

0.0

0.6 0.8
Predicted P(IK) From Model B

where one model is correct and the other is wrong. We see that the entries in the major diagonal are larger

than the entries in the minor diagonal, showing that there is some signal that P(IK) is encoding model-specific
information. However, the difference in P(IK) is only around 6%, so there is room for improvement from

future work.

« NHITTRXI)

XJFmodel A, FiMmodel BRIFHIRHIP(IK)i)|

value headgdi)l

Zx

2%, PAEhitERE

SREHT

Figure 20 Scatterplot that disambiguates numbers in Table 2. We evaluate 2 distinct 12B models on Trivi-
aQA, separating the data into questions each model gets correct and the other gets incorrect. The scatterplot
depicts the P(IK) scores from each model on both of these data subsets.

Test on Ground-Truth from Model A
AUROC / Brier Score
0.8633/0.1491 }

Test on Ground-Truth from Model B
AUROC / Brier Score
0.8460/0.1582
0.8717/0.1443

Starting from Model A

Starting from Model B 0.8631/0.1497

Table 3 ‘Cross-Experiments’: We trained P(IK) classifiers on the ground-truth data from two models, start-
ing from both models. Ideally, starting from pretrained model X should do better than starting from model
Y when training P(IK) using data from model X. We see some signal that starting from model B does better
than starting from model A when testing on data from model B. However, we see no difference between both
initializations when testing on data from model A.

<12 >
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Why Language Models Hallucinate (2025)

Hallucination: generations that are not grounded in the training data

ChatGPT: Adam Tauman Kalai’s Ph.D. dissertation (completed in 2002 at CMU) is entitled:
(GPT-40) “Boosting, Online Algorithms, and Other Topics in Machine Learning.”

DeepSeek: “Algebraic Methods in Interactive Machine Learning”...at Harvard University in 2005.
Llama: “Efficient Algorithms for Learning and Playing Games”...in 2007 at MIT.

Table 1: Excerpts from responses to “What was the title of Adam Kalai’s dissertation?” from three
popular language models.? None generated the correct title or year (Kalai, 2001).

* Pre-training
» Post-training
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Why Language Models Hallucinate (2025)

Pre-training

- Base model error err :=p(€) = Prlx € £].

x~p
 fE Is-It-Valid (1IV) [a)f, Z[SHEEEN

+ ifxeV,

D(z) = {p(:z:)/? ifx eV, e

12le] itzeg, W= {

+ if p(x) > 1/|€],

. /%Icéu IV error eITiiy = Pr [f(:[:) 7& f(ﬂj)] 9 where f(m) = {

. BEAARRES, BERE

Corollary 1. For any training distribution p such that p(V) =1 and any base model p,

vl _
€]

for err, errji, from Egs. (1) and (2), and 6 := |p(A) — p(A)| for A:={x e X | p(x) > 1/|E|}.

0,

err > 2 - eITijy —
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Calibration

Metric: § (REEESEIT

7 24350)|

RERIDT, TMARRDMD)

7% [SmiscalibrationZs/)\?

Here is a particularly simple justification for why ¢ is typically small for the standard pretraining
cross-entropy objective,

£(5) = E [~ log ()] 3)

Consider rescaling the probabilities of the positively-labeled examples by a factor s > 0 and
normalizing:

[ i) > /€]
Pal) {ﬂﬂ it p(z) < 1/|€].

Then, a simple calculation shows that § is the magnitude of the derivative of the loss with respect
to the scaling factor s, evaluated at s = 1:

s=1

5= | 5L
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A&, a question-answer database and a calculator
The error lower-bound of Corollary 1 implies that language models which do not err must not be calibrated,
l.e., § must be larae.

10 Calibration curve (model=pre-train) 1o Calibration curve (model=ppo)

ECE: 0.007 ECE: 0.074 ’

P(correct)
P(correct)

) 0.0 0.2 0.4 0.6 0.8 1.0 ) 0.0 0.2 0.4 0.6 0.8 1.0
Planswer) Planswer)

Figure 2: GPT-4 calibration histograms before (left) and after (right) reinforcement learning
(OpenAl, 2023a, Figure 8, reprinted with permission). These plots are for multiple-choice queries
where the plausible responses are simply A, B, C, or D. The pretrained model is well calibrated.



Why Language Models Hallucinate (2025)

CUNLPS »
NECE R

PEKING UNIVERSITY

Post-training

FRIZITIEIE (accuracy, pass) FARERFRIEAEERIZENK
IDK-type kR =HiER AL, MIENI< overconfident

Observation 1. Let ¢ be a prompt. For any distribution p. over binary graders, the optimal
response(s) are not abstentions, i.e.,

A.Nargmax E [g.(r)] = 0.
r€R. I~ Pe

sEI DN\ explicit confidence targets, MA~&implicit targets

Answer only if you are > ¢ confident, since mistakes are penalized t/(1 — t) points, while
correct answers receive 1 point, and an answer of “I don’t know” receives 0 points.

.+ EPrompthEBRISEEEERE
« Behavioral Calibration: incorporating confidence targets into existing mainstream evaluations.
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