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Can you write me a report analyzing this chest X-ray?

*
*

Findings:
« Devices: None.
« Lungs: No pneumothorax. No substantial pleural effusion. Lungs
appear clear.
» Cardiomediastinal: Normal heart size. Mediastinal contours within
normal limits.
« Other: No acute skeletal abnormality.

Impression:
No active disease seen in chest.
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| % 4& (training set)

he 4T 1 fF predictor 89 4F 3R ?
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1% (Hold-out)

CC

train test
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FH A K 25 R
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RIS (k-fold cross validation)

5 AR E M ALE S Hkfold, 5k B— old#k A MK AE, Hrhk/N2E R FH 44,
D

D, train D; test

> Average Test Result

Bn g y =118
Di | Dy D3 Dy D5 D | D | Dy Dy Dy ¢ SEHERKSE:
R XU AFER T FraEdEAs
D, Dy D3 Dy Ds Dy D Dy Dy Dy ) ATIEGANN, ZEHESHA
NfErssim/y; BN T IERA.




B8—% (Leave-One-Out)

k-fold cross validation 89 4F2k 6 X, (kS T A KRB H) , BPA R B —ANAE RAE 4 M) X AR
A, B A ANE I S Sk

? LOOR 2 B IEX o7 ol , HRIEBIEE A LM, HiTF 24 Rid 7w A
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S8fi% (Bootstrapping)
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IOUFEE (validation set)
PR E Sk B T I G E P Ao — 3R 0 R IEAE A B4E 4E (validation set),
train test
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Classification Regression
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¥ 7% i% £ (mean squared error, MSE)

; Linear regression example 0.5 Optimization of w
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432 & (error rate)
| M
B D = Ezﬂ(f(xi) # i)
1=1
/A4 % (accuracy)

M

ace(f; D) Z]I = 1—-E(f; D)
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Is your Target Imbalanced? Do you still use Accuracy? Don't!

Titanic(Generic Problem)--Balanced Dataset Actual Business Data--Imbalanced Fraud Detection/Disease Detection--Highly Imbalanced

False
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% (confusion matrix)
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population

Positive (P) [@!

Actual condition

Negative (N)!

Prevalence

accuracy (BA)
_ TPR+TNR

4
1l
\{/

1EG

Predicted condition

Predicted Positive (PP)

True positive (TP),
hitt]

False positive (FP),

false alarm, overestimation

Positive predictive value (PPV),

precision

_IP_ .
=pp -~ 1 ~FDR

False discovery rate (FDR)

FP
=pp 1 -PPV
F1 score
_ 2PPVxTPR _ 2 TP

PPV+TPR = 2TP+FP+FN

Predicted
Negative (PN)

False negative
(FN),

miss, underestimation

True negative
(TN),

correct rejection[e]

False omission

rate (FOR)
_EN_ . _
= PN - 1 - NPV
Negative predictive
value (NPV)
_IN_ ., _
=PN 1 —FOR

Fowlkes—Mallows
index (FM)
=VPPV x TPR

Z46p% (confusion matrix)

Sources: [12][13][141[15][16][17][18][19][20] view - talk - edit

Informedness, bookmaker

informedness (BM)

=TPR + TNR — 1

True positive rate (TPR), recall,
sensitivity (SEN),

probability of detection, hit rate, power

_Ir_ . _
=3 =1 -FNR

False positive rate (FPR),
probability of false alarm, fall-out

type | error [f]

_EP_ .
=N —1-TNR

Positive likelihood ratio (LR+)
_ TPR
"~ FPR

Markedness (MK), deltaP (Ap)
=PPV + NPV -1

Matthews correlation coefficient
(MCC)
=vTPR x TNR x PPV x NPV

-VFNR x FPR x FOR x FDR

Prevalence threshold (PT)
_ NTPR x FPR - FPR
- TPR - FPR

False negative rate (FNR),
miss rate

type Il error [e]

_EN_ .
=3 = 1-TPR

True negative rate (TNR),

specificity (SPC), selectivity
N

=?=1—FPR

Negative likelihood ratio
(LR—)

_ FNR
TNR

Diagnostic odds ratio (DOR)
_ LR+
~ LR-

Threat score (TS), critical
success index (CSI), Jaccard

index
__ ™
~ TP +FN + FP
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¥STE= (Precision)

TR
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Precision =

Correct non-
fraud label (TN)

¥ 74 % (precision) 3,8 T AR B A FI A ARG X B EF, A S
b ) 6998 T A VEIRAT A




“htatin——2amEER (Recall)

Recall =

B & F(recal)HLBA T AT A EIRITLRK T,

Correct non-
fraud label (TN)
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Positive

Predicted class

Negative

Positive

precision =

recall =

acc =

Actual class

Negative
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Actual class

Positive Negative

Positive

Predicted class

Negative

TP 800

TP+ FP 800+ 700

precision =

recall =

acc =
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Z=yiEliL

Positive

Predicted class

Negative

Actual class

Positive

o TP 800
precision = = =
TP+ FP 800+ 700
TP 800
recall =

acc =

= =0.8
TP+ FN 800+ 200

Negative

0.53
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Predicted class

Positive

Actual class

Positive Negative

Negative

L LB 800
precision = — =053
TP+ FP 800+ 700
TP 800
recall =

= =0.8
TP+ FN 800+ 200

TP+ TN _ 800 + 1000000

_ = = 0.999
TP + TN + FP + FN 1001700

acc




Precision-Recall
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Precision-Recall
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P-R(Precision-Recall) HiZ:
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AP (Average Precision) : P-REIZZTAY

0.9

0.8

0.7

Precision

0.6

0.5

0.4
0.2

HHERZE—: RAoERR

0.3

0.4

R

0.6 0.7 0.8 0.9

Recall

AP = (0.4 — 0)X1 + (0.4 + 0.5)x0.2 = 2 + (0.5 + 0.57)%0.2 = 2 + (0.44 + 0.5)X0.2 = 2 = 0.691
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AP (Average Precision) : P-RHEZ FEVEFR
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Recall

HEAE=: IFEE
® J¥RecallFr&[X|8)[0,11F 7 A1112, EIRecall=0, 0.1,0.2, ..., 0.9, 1
® NRIUMAEATIR, Fit K THFTrBRecallm XKE(EAILLEp; BIEVE
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AP (Average Precision) : P-RHEZ FEVEFR
1-@ @ © @ ©
. 0.6 ° ® PY
0.5 /TI///.//‘

Recall

WEEEZ: IREA

AP11 =1/11 (Ap(0) + Ap(0.1) + ---+Ap(1.0) ) AP =(5x 1.0 + 4 x 0.57 + 2 x 0.5)/11
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100 200

300

400

500

600

700

MAP = 86.64%

car 0.95
bus 0.95
aeroplane 0.93
train 0.92
cow 0.92
erson 0.92
icycle 0.92
horse 0.92
motorbike 0.91
cat 0.90
do 0.90
bir 0.88
spfa 0.86
tvmonitor 0.86
diningtable 0.84
sheep 0.82
bottle 0.80
chair 0.77
boat 0.75
pottedplant 0.61
r T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

BTN IEFR: mAP BB A FIHAP

Average Precision




FHIEIR 28 & F1-Score

trade-oft
Precision <= Reccall

“F %7 & (Break even point, BEP):
P=RE}, PRE &FA

L % (F1-score):
0 ——=5 o.'4 06 08 1.0 Precision#=Recall &9 18 F=-F 34 £

—fmE, R Precision « Recall
fEm s, TRAEAERM R Fo=2 recision » Reca

Precision + Recall

® PR & &, F Ay M ARAR K, P Ag AT
® -7 EARFE S, MARARST




aigtn—— ROC/AUC

ROC: FPR5TPREL & Bk '
AUC: ROCHiZ T HIEFR i
‘ . 0.8
P8 IEAE AR P 7 (E # B R
ppo_ TP _TP i
" TP+FN T 2 061
. . — g I — NetChop C-term 3.0
P SR B FU sE iR RO B3R S 04l — TAP + ProteaSMM-i
= —— ProteaSMM-i
FPR = = ki
~FP+TN N |
0.2
—imMs, ROCHZEENmINMK,
| 1 | |

MFERIT(0, 1), MEREHEF, O 02 04 06 03 !

False positive rate
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0.8
2
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o
Z
g — NetChop C-term 3.0
) 04— — TAP + ProteaSMM-i
= f — ProteaSMM-i
0.2
0 P U NS NI B
0 0.2 0.4 0.6 0.8 1

False positive rate

BB R T X145, AT USTAER M T HE

ARLe: (1) MZ aRF:
PR & : AR N F BAETF &b BB RE 77
ROCH & : A& E BMA T £ 4% & E 5|42 i 5] 89 3E 77 o

(2) ERHFARF:
PRy & 3F £ A 0 A B, £ S MK LB TR A TAR A 6 M AR £ 5
ROCH) &2+ £ A 18] o A5 P bk £ AR, & SMRAR A 09 47 & P g
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BHAFE (Accuracy) : X T AP HI G5 KFA, t4eCIFAR-105 %
Precision G EESL) : IR PHLIE, RIF—LE XA, BRARHEROFL
FL 09 35 IR R A

Recall (Z&FRL) : R ERNESF KA DREFHTN LG, HZ2 39
ARk E R, L “RRZ &

F15-% (Fl-score) : R T EA|H5M A3 a9 IL, FMprecisionfrrecall
AUC (The area under the curve ) : KI5 MNES %, ETTLEAES
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(1) (@4 HBRATFR— Al BASRHBBIE A TR BN (I, BT AR
U BRI 5, 9H A BAERIAE XRIE (Cross-validation) KIFMHIEA AT
R bR ? FOEE E MR A2

(2) (440) iR k4T3 RSP AEE ST IS AT HUEIRT AT R4 SR 4747

fHif1.

(3) (440 HIECTF FEAT— I ZREE RO A Ry, 28 A A4 REAIRMERST AT A

R ft— S T SR P R A
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5. NLEREEETTZEr R HIPAS .

(1) @4 BBATF R —A AL BERRFBIE AR TR 2W (B, @EdatrEEeg
FIWT 2 B AEMER) 5, AT ABfEHRZ X KAE (Cross—validation) SRFHIXA AT
AR ? HEEH R A?

2) (443 TR k-3 XEARFE VA X ANEIT 20 AT AR, R anfel il 8 47 V7

i H o

() (440 T R T — IR ZEMMARE R RIS, 38 XRHE A4 BERXANERST AT 1

RYFR At — AN B AT SE A1 BB VAL ?

B

(1) ZXEGUEREZ H R EER . ER @A THX ARS8 AR I KR
SR NEE_ BRIz ALRE ) (RIZWrERatE) ,  AATTIgED R B Uk Biedie el o i SR P4
ZER IR

(2) k- XBWIELK R HRA LSS (ChriciZBg ) LR k. £ %
PG, R A IR R B AL AL RSB OR, B8 T H k-1 %K
TEHRT IS ALER . IMERESER kIR, IRE AR R — 6 BdE i

(3)  PFINRXHAELL AIERAE k MAFEK “BEBESESR” (RRRRSE) BT
T, FRAX k RIARI PR RES R (i WrEmeZe) BCFY. X ECEL R BE Ag
RBERE ST REIB BRI AR LRGSR, PHEERERE, AHZEH
— IR S BRI 70 IR IR o
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Underfitting Appropriate capacity Overfitting
o ®
>y / B By
O O
Zo Zo Lo
9




iR

RENEEEHITETR

1

ZIig £ (BHRE) © NhELGRE —[| X1 W — y |
m

T G S s o 1 (test) (train)

ZACIEE (AR E) - MRE LR E —(test)”X W=y |
m

ZAG T JEZE A RN B 69 s N L R I R AT AT AR

i2tZIE (Generalization Gap) : ZHIRE - RRIRE
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ZALAE B (generalizability)

- ¥ iz RS 5] B AR R AF K S FLFE 69 TR A8
AFIIFFEAERETZHNMER

ZAIR £ 5 iz A

ZAGIR £ R ZACRE ) 0 —FF B
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ZAIR £ BT 5] B AR A 69 0 2 R
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ZALge /1 (generalizability)
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2 AL Ee 7 (generalizability)
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ZRE LR

VA= 5 AL 511

)| %5 4E VO ) g (B ) s BIE RP. ye{+1, -1}
FE AR X = 18] B= sl
. T
W %ig £ R(N) == D10, # fx,)
=1

MAXiE £6988%2 R(f) = Ex YUY # f(x,)]
ERAKEA ST _FRIHALE




2 RE LR
L= RAL L5 4]
Dl 24 &

BRI A

I 4% £

M| X% £ 09 2] A2

(G, v, ... (x,y)), x€RP, ye{+1,—-1}) &IEH
f={f,....[;} SEFRETNSIERMMAES

N
R(f) = %Z Iy, # flx,) FEEMERSEINE, E5H LR

=1

R(f) = EQ, )I(y # fx,)] HNEXUH: PEERESEMHIEIRE

EREIMERT M ERIHAZE
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-« BAEENBK, ZHRE LR

ZRE LR

Vapnik-Chervonenkis 4 &

SAEE—/NRE, EVUAMBMEL -5, LT RFAKRL €
I E R R e /

Y 1 1
R(f) = R(f) + \/ﬁ (logd b lOé’g)
/ d: VC%

MikE LR 2 E ER
ZORE < JIIBZIRE + RIS ZEET
o YIFHREHN, ZORE R : HiRiZzEE iR, EARRBSEEIMLERE

MR, EAMNFEIREEBRREL. S,
mBERNIRIRE RS !

- RIRFE#A (REESEZ) | ZHiRELRBK

RERIE: https://zhuanlan.zhihu.com/p/684796698
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A A
test
error test

: error
Generalization gap

training

error -
training
error
> »
# training examples # parameters
. REAKENBA SWIRE R —MFAERL, RIEREHEI—2RE (T

e e — \ R | I5%3 (EHEISERE) , B5n (K%
- [RIZTEEAK (RE#MEZ) |, ZHERELFREX 2E)  BEEE (KBS 1 "S5 .
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f®ZE (bias) 5/5% (variance)

P 22

2%

H 5 i

[=Yip =



RENERERIIETR—RZE (bias) 53% (variance)

1 £ (bias): 12 # BAx)5 A ELAFI0y 8910 542

bias*(x) = (F(x) —y)"

Jr % (variance): x| % ED X F 3RS (x; D) Eaghir ik 532 iy b flo)
8] &9 5 <5 B89 55 3] PR AE 89 AL

Vaie) = ED[(f(x; D) —f (X))z]

%75 €= Epl(yp— )]



RESHZE

- % * ~
B 7 B2

ZHiRE=$ER (error) = E(£D)=

Ep [y - YD] A0
Ep[(fx; D) — yp)?]

Ep |(f(x: D) = f(x) + f(x)

var(x) + Ep

var(x) + Ej, _(f(x) — y)z_

Ep | (fe D) = )| + B

var(x) + Ep :(f(x) — y)z:

var(x) + bias?*(x) + &2

- )’D)z]

Ep |(f: D) - )| + B [ (70 )"

(fx) — )’D)Z:

(For—y+y =)’

+Ep (y —yD)2:

+ Ep _(y —}’D)z_

+ Ep 2 (f D) 700 (70 = )]

+ Ep [2(F@) = ) = y,)]




RESHZE

E(f: D) = var(x) + bias*(x) + &>

var(x) — WNEEG T (ZKEFEHRF) FRE@
bias*(x) FiEAFHRLAGH

£ 5] B A 5 6 XE B
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high bias

underfit
il In\=26
|- R /" Optimal Tradeoff Test Error (= Bias? +Variance) t
: Variance of &
|
‘E ]
Y o
1
. 1
] 0 i |
] i | |
y —— Label
o == Predict
Model Complexity Lr ]
t
O L
trade-off
complexity ——— fitting ol
0 1

BENL BN 25N RIEL100458Y, A: IEMLIRE
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f(x) =sin(2nx)

high variance

overfit 1
) L ] -l s pan o ) "
‘/’— Optimal Tradeoff ITest Error (= Bias? +Variance)
I . 0 -
g Variance
|
S "
11} [ | -1t
|
l 1
: 0 . 1
/ e e Label
Bias? 1} | == Predict
Model Complexity .
0 -
trade-off
complexity <——> fitting I
0 i

T

BENL BN 25N RIEL100458Y, A: IEMLIRE
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BEfFERY|A)RR

— - Training error

Underfitting zone| Overfitting zone ) )
& & —— (Generalization error

Error

0 Optimal Capacity
Capacity

RINE: BRIk £z LR ZA T
iM%:%%ﬁi%%\ﬁ%ﬁiﬁ%
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Regression:

1
t

0

1 0 s 1

predictor too inflexible: predictor too flexible:
cannot capture pattern fits noise in the data

Classification: |

X,
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iE WAL (Regularization) #§ 3¢ B4R ZAL R £ dv dE DI SRR £ 6915 2

M F 3R (Weight Decay)

L 25 Rk % 1w X e Underfitting Appropriate weight decay Overfitting
AN 2R IR T R XA B (Excessive A) (Medium M) (A—0)

9

i > " > > m
w = lag,ay,...,a]

Jw) = MSE,, i+ AwTw
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» FE&HL: W, MERRHED, MULREM
» FeZPE: FILE, ATLUEREER LR RERIERRIR K R
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NEZR (Weight Decay) : EEFIFAIRENR, LHISRESEHET/)
ly — Xw/||5 + Allwl|3 ly — Xw/|2 + Allwl|,

Wy Solution to W
linear regression

\ Contour lines of /

objective function

w1

\ Regulariser defines /

feasible region

Ridge regression (||w/|%) Lasso (|| wl|)

e Lasso ( L1IEM]) : it AR E ZRIfELAR L, FEEE (Sparsity) 3R

» RidgelEN| (L2IEM) : it&MESEamIL, 1ESHT /)
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Compromise...
Two parameters ...

Sparsity
inducing

L1 Norm L2 Norm L1 + L2 Norm

Zou, Hui, and Trevor Hastie. "Regularization and variable selection via the elastic net." Statistical Methodology 67.2 (2005): 301-320.
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I I E—IERML S

O Epoch Learning rate Activation Regularization Regularization rate Problem type
>l
005,000 0.003 -~ RelU - None - 0003 - Classification ~

HEaE
(EEZTRK)

DATA FEATURES + — 2 HIDDEN LAYERS OUTPUT
Which dataset Which Test loss 0.107
do you want to properties do 3 + Training loss 0.064
use? you want to
feed in? 3 neurons 2 neurons
| e | |
N b Train loss: 0.064
\ 7 T ———]
B .
\\ g . Test loss: 0.107
. .. - \
Ratio of training . \\:\\~ ‘=: = * The outputs are 0
to test o mixed with varying
data: 50% . weights, shown
@ ( by the thickness of
jx;',i This is the output the lines
- from one neuron
Noise: 20 Hover to see it
_. X.X. larger.
Batch size: 10
—e sin(X,
Colors shows
REGENERATE S data, neuronand ! )
sin(X : 0 1

2/ weight values.

https://playground.tensorflow.org/
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Nt I
]
EpOC Lea i 19 ate ACtiVatiO Regl.lla .Zatio Regulalizatio ate P obler ltype

& Eﬁ% o ° " 005:000 0.003 v RelLU v L1 v 0.003 - Classification ~

141

(L1 norm)

DATA FEATURES + — 2 HIDDEN LAYERS OUTPUT
Nhich dataset Which Test loss 0.101
do you want to roperties do e
37 prop B & B & Training loss 0.067
use’ you want to
feed in? 3 neurons 2 neurons
i St |
\, - ~ . .
N N Train loss: 0.067
< —
\ ] 4“ ™
e X 1 Test loss: 0.101
s v 2 D __,—” \ The outputs are
to test ™ i mixed with varying
data: 50% 7 weights, shown
& ( by the thickness of
X2 * This is the output the lines
% from one neuron
Noise: 20 Hover to see it
_ . larger.
NG
Batch size: 10
_.
*Ri% E}|L1‘t Colors shows
REGENERATE y data, neuron and '[ !
sin - 0 1

weight values.

https://playground.tensorflow.org/
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(L2 norm)

DATA

Which dataset
do you want to
use?

Ratio of training
to test

data: 50%
—0

Noise: 20
—

Batch size: 10
—.

REGENERATE

https://playground.tensorflow.org/

IER{E

Epoch Learning rate Activation Regularization Regularization rate Problem type 9E mii—‘—m
-
L]

005,000 0.003 -~  RelU - L2

FEATURES + — 2 HIDDEN LAYERS
Which
properties do + +
you want to
feed in? 3 neurons 2 neurons
X1 D‘Q\\\ ” ->~-Q T = ”‘:::——dj ----- ]
NS S, o /l
\ N ‘>¢” /
\ _.-»\\ ,, ~¢ Y
AR = // - s
X2 Da;-: i =] -—" g —D"’
~, \ 4
\\ \\ = ,/ v =
\\ \\ /', \
y 2 s\:\_ __,’ * The outputs are
i '. mixed with varying
] weights, shown
( by the thickness of
X2 This is the output the lines

from one neuron
Hover to see it

larger.

Brilbd &

v 0.003 v Classification ~

Train loss: 0.064
Test loss: 0.107

OUTPUT

Test loss 0.083
Training loss 0.072

L1 norm:

: Train loss: 0.067
- Test loss: 0.101

SR L2 norm:
Train loss: 0.083

Test loss: 0.072
cci:at]a. neLron and ":: | _

weight values.
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— - Training error

Underfitting zone| Overfitting zone : :
— Generalization error

Error

eneralization gap
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Optimal capacity (polynomial degree)

g

Number of training examples
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Benchmark, BEEHNEARFELFIL A RREE e —BirE(TTE
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Organization N

269 @ & & & B

2

Y

%

R & @

Model N

03
03-mini
ol-pro
ol
Gemini 2.0 Flash Thinking
ol-preview
DeepSeek-R1
Claude 3.5 Sonnet
QwQ-32B-Preview
Gemini 2.0 Flash
oT1-mini

DeepSeek-V3

H#EFJE: https://llm-stats.com/

License 1N

Proprietary
Proprietary
Proprietary
Proprietary
Proprietary
Proprietary
Open C
Proprietary
Open G
Proprietary
Proprietary

Open C

GPQA ¢

87.7%

79.7%

79.0%

75.7%

74.2%

73.3%

71.5%

67.2%

65.2%

62.1%

60.0%

59.1%

(Benchmark)

N MMLU ¢

86.9%

91.8%

90.8%

90.8%

90.4%

85.2%

88.5%

N MMLU Pro G

84.0%

77.6%

76.4%

75.9%

N DROP

92.2%

871%

91.6%

N HumanEval ® N

92.4%




MEeEEAE  (Benchmark)

iR E

GPQA (science)

AIME 24 (math)

MMMLU (multilingual)

MMMU (multimodal)

SWE-Lancer Diamond (coding)*

SWE-Bench Verified (coding)*

HHEFR: hitps://openai.com/index/introducing-gpt-4-5/

GPT-4.5

M1.4%

36.7%

85.1%

4.4%

32.6%

$186,125

38.0%

18 R E

GPT-40

53.6%

9.3%

81.5%

69.1%

23.3%

$138,750

30.7%

OpenAl 03-mini (high)

79.7%

87.3%

811%
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(Benchmark)
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BerE i EE

GPQA Benchmark (General-Purpose Question Answering)
IR ERRIRIZNIR b5,

EFS5E=:
ST SFENEARTHEETEF=Z N TUEHIIART, EJE SliNEZES e
[RIRERE: RRTINVERISESCMAE, NP REE. RS, THMEREIEHFES
-ERRE: NFEREHIRY, BrlLIRi%RE E:EEI’JREE, MTRELRY R
EFEME:
HERERYEBIEEEED: REEAESEFES THIENEES]
ISMRFIRRIELS : NN EEARTR PR ESIIE

7]
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BRI MEE  (Benchmark)

GPQA Benchmark (General-Purpose Question Answering)

&

FEERBIRIHTRTEE

=] HA=R

Question: Consider a quantum mechanical system containing a particle of mass m moving in an
istropic three dimensional potential of the form V(r) = 1/2mw?r? corresponding to the acted
force obeying Hooke’s law. Here, w is the angular frequency of oscillation and r is the radial
distance of the particle from the origin in spherical polar coordinate. What 1s the value of energy
of the third excited state, and how many linearly independent eigenfunctions are possible for the
same energy eigenvalue?

Choices:

(A) 11 pi’h?* | (2mr?), 3

(B) (9/2) hw , 10

(C) 11 n*h%/(2mr?), 10

(D) (972) hw, 3




Organization 1

G

FHIESKIR: https://llm-stats.com/

MCIITHE (B(EEET)

Model 1

03
03-mini
o1-pro
o1
Gemini 2.0 Flash Thinking
ol-preview
DeepSeek-R1
Claude 3.5 Sonnet
QwQ-32B-Preview
Gemini 2.0 Flash

oT-mini

License N

Proprietary
Proprietary
Proprietary
Proprietary
Proprietary
Proprietary
Open G
Proprietary
Open
Proprietary

Proprietary

Input $/M

$1.10

$15.00

$15.00

$0.55

$3.00

$0.15

$3.00

N Output $/M @ N

$4.40

$60.00

$60.00

$2.19

$15.00

$0.20

$12.00




RENERE -- NIESRE

Text tokens Price per IM tokens - Batch API price
Model Input Cached input Output
t-4.5- i
SRS POV $75.00 $3750 $150.00
Y gpt-4.5-preview-2025-02-27
t-4o0
i $2.50 $1.25 $10.00
Y gpt-40-2024-08-06
gpt-4o-audio-preview $2550 . $10.00
Y gpt-4o-audio-preview-2024-12-17 ) -
gpt-4o-realtime-preview $5.00 $2.50 $20.00
! 5 !
Y gpt-4o-realtime-preview-2024-12-17
t-4o-mini
gpi-ao-min $015 $0.075 $0.60
Y gpt-40-mini-2024-07-18
gpt-4o-mini-audio-preview $015 : $0.60
5 gpt-4o-mini-audio-preview-2024-12-17 . )
gpt-4o-mini-realtime-preview $0.60 $0.30 $2.40
Y gpt-4o-mini-realtime-preview-2024-12-17 ' - '
1
¢ $15.00 $750 $60.00
O 01-2024-12-17
03-mini
- $110 $0.55 $4.40

S 03-mini-2025-01-31

FHyER: https://platform.openai.com/docs/pricing
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- IRESZIHIR 2
- IMEEY (<1B &%) : ERTBR / 18%ixE (10 TinyBERT)
- PEEED (1B-70B 24%) - WS =iERA (20 LLAMA-7B)
- KIEE! (100B + &%) : ®BFAEEE (W GPT-4, Claude-3)



FRAIR /N

Model Performance (MMLU)

90 - (Human*
‘GPT—4*

80 - ‘ Palm 2 Instruct
3
2 70- @ chatGpT*
=

LLaMA 65B
60 -
LLaMA 30B
Model Size Group
50 - StableVicuna 13B © large
LLaMA 13B small
0 200 400 600 800 1000 1200 1400

Parameters (B)

*Exact model size is unknown. | Data from InstructEval GitHub.
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- IREIETRERRF (EFMATF Video RAM)

EHEAT:
BN ~ HRSHME x 2 bytes (LHEETN)
ISER ~ 3~6 SREBEE
REFUR SRHE MG EFRK HIEE FHK
/B /B 30GB+ 10-14GB
13B 13B 60GB+ 20-26GB
70B 70B 200GB+ 140GB+
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e

NVIDIA GeForce RTX 4060 8 GB 3072

NVIDIA GeForce RTX 5090 D 32 GB 21760

£+ BF _FPe4
NVIDIA A100 80GB PCle 80GB 9.7 TFLOPS
NVIDIA H100 80GB PCle 80GB 24 TFLOPS
REIFUR SYHE NGEEFEER HEEREFEXR

78 7B 30GB+ 10-14GB

138 138 60GB+ 20-26GB

70B 70B 200GB+ 140GB+
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Atlas 900 AlEgf Atlas 800 AlBR55 7%
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» Anthropic2026 4]z

Uj . H Demystifying evals for Al agents

M ]
IR

Published Jan 09, 2026 The capabilities that make agents useful also make them difficult to evaluate. The
strategies that work across deployments combine techniques to match the
complexity of the systems they measure.



https://www.anthropic.com/engineering/demystifying-evals-for-ai-agents
https://www.anthropic.com/engineering/demystifying-evals-for-ai-agents
https://www.anthropic.com/engineering/demystifying-evals-for-ai-agents
https://www.anthropic.com/engineering/demystifying-evals-for-ai-agents
https://www.anthropic.com/engineering/demystifying-evals-for-ai-agents
https://www.anthropic.com/engineering/demystifying-evals-for-ai-agents
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Comparison: Single-Turn vs Agent Evaluations

Prompt LLM
How many toes does a
{ANIMAL} have?

Sin - J Grading logic
response ==18

Data
ANIMAL = Cat

Tools Agent Grading logic
web_search_tool() ) ) Run a bunch of tests
file_edit_tool() read_file(‘file.py’) to make sure the
database_mcp_tool() web_sgarclh(MCP Docs) MCP server is

L ) read_file(file2.py) actually working

edit_file(file2.py)

Environment

E).ash test
Agent python installed (py )

dev environment set up —

internet access &—[—O—— 1didit!

sandboxed Environment \
update

Task

Write an MCP serverto |——/
connect to my app
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Components of Evaluations for Agents

/

Evaluation harness

-

Evaluation suite

Task

Graders

Task

[ deterministic_tests ] [llmfr‘ubr‘ic ] [ state_check ] [ toolfcalls]

Tracked metrics

[ n_tur‘ns] [ n_toolcalls ] [ tokens ] [‘Latency ]

Trials

Trial #4

Trajectory
messages, tool_calls, reasoning...

|

)

J

Grader evaluate
Trajectory + outcome - scores

Outcome
Final environment state

%[ Agent harness ]

Task = inputs + success
criteria + graders + metrics

O Trial = one execution
Trajectory = full record

O Graders score aspects
of performance
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Roadmap to Excellent Evals

Evaluation suite development Harness development Eval maintenance
0. Startnow, N 4. Build robust 6. Check the
start early eval harness trajectories
g
1. Start with 5. Design graders 7. Monitor for
manval tests thoughtfully saturation
7 .
2. Write unambiguous 8. Maintain
tasks long-term

!

3. Cover positive and
negative cases
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Zooming Out: The Swiss Cheese of Quality

®
O
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O Avutomated evals:

Provides consistent measurement,
establishes baseline performance
benchmarks, and catches
regressions before deployment

Manuval transcript review,
early access programs:

Catches nuanced failures and
unexpected user or agent behavior

Production monitoring,
A/B testing, user feedback:

Surfaces rare edge cases and
real usage patterns at scale
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