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• Introduction

• Bayesian Optimization: 
- Incorporating differential data 
- Incorporating integral data 
- Global (combined) likelihood function 

• Application of method: n+Pb208 in the fast region

• Conclusion
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X Y Z

Input parameter 
distributions 

LM à Lower level model (models implemented in TALYS)  
HM à Higher level model (neutron transport models for e.g.)

Interactions between models and experiments in nuclear data adjustments  

Feedback 

Goal: combine A and B

X = Input 
parameter 
vector 

Y = LM 
output e.g. 
cross section 
vector

Z = HM 
output e.g. 
keff, βeff



Priors – model parameters

*H. Leeb et. al., Nuclear Data Sheets 109 (12) (2008) 2762–2767. 

M (mod) = M(par) + M(num) + M(def)

Parameter 
Uncertainties Numerical 

implementation 
errors 

Model defects 

Table 1. Selected model parameters in the 
TALYS code

Prior uncertainties assigned to model 
parameters (were multiplied by a factor of 3)

Contributions to the model covariance matrix (Ref. [*]):
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Sensitivity analysis of model parameters:

Ø Let 𝑝 = (𝑝',…𝑝#, … , 𝑝.)à vector of adjustable 
parameters

Ø 𝜎 = (𝜎', …, 𝜎", … , 𝜎/)à a vector of N calculated cross 
sections 

Ø Sensitivity for lth parameter and ith cross section:

Each parameter is perturbed within 10% of its nominal 
values using TASMAN-1.26

Incorporating Differential Data (1/4)
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Chi-square per ND file (k):

Similar to A.J. Koning, Bayesian 
Monte Carlo Method for Nuclear 
Data Evaluation, The European 
Physical Journal A 51 (12) (2015) 
184. 

1st experimental constraint: differential experimental data 
Ø Considered channels: (n,tot), (n,non-el), (n,inl), (n,2n), and (n,g)
Ø We use a reduced chi-square and assume that  the experiments are uncorrelated: 

• Our main Goal: To find the combination of parameters that 
maximizes the likelihood function 
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Lets consider L parameters, 𝒑𝒋 for model M, where j = 1,2, …, L
• We assume that all model parameters are of equal importance a priori (uniform distr.)

• Let   𝑷𝒑𝒓𝒊𝒐𝒓 𝑴, 𝒑 → 𝐩𝐫𝐢𝐨𝐫 𝐝𝐢𝐬𝐭𝐫𝐢𝐛𝐮𝐭𝐢𝐨𝐧 𝐨𝐟 𝐩𝐚𝐫𝐚𝐦𝐞𝐭𝐞𝐫𝐬 𝐩 𝐟𝐨𝐫𝐦𝐨𝐝𝐞𝐥 𝑴
𝑳(𝝈𝑬|𝑴, 𝒑)]à likelihood function 
𝝈𝑬 à our training (differential experimental) data 

Our posterior can be given as:

𝑷𝒑𝒐𝒔𝒕 𝑴, 𝒑|𝝈𝑬 = 𝑳 𝝈𝑬 𝑴, 𝒑 ∗ 𝑷𝒑𝒓𝒊𝒐𝒓 𝑴, 𝒑

The likelihood function for each file (also known as BMC weights):

Incorporating Differential Data (3/4)

𝑳(𝝈𝑬|𝑴, 𝒑)] = 𝒆𝒙𝒑(−𝝌𝒌 𝑬
𝟐 /𝟐)

Using a uniform prior distribution 
of parameters è the posterior 
distribution is determined solely 
(or almost) by experimental 
data



Distributions of prior cross sections for the (n,tot) and (n,inl) 
channels  of Pb208

7

Incorporating Differential Data (4/4)

Spread is due to model parameter variation
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Incorporating Integral Data (1/3)
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2nd experimental constraint: integral experimental data 
Ø The selected benchmark experimental data were obtained from the ICSBEP 

database.
Ø Chi-square is given by (since only one benchmark is used here): 

The maximum 
likelihood 

Global maximum is at 
experimental keff = 1

𝜒V(W,X)Y =
(𝑘[\\,]^_ V

` − 𝑘[\\,[ab
` )Y

𝜎W,XY

Combined benchmark  
uncertainty

Calculated keff for random 
file k using MCNP

Experimental 
benchmark keff

L 𝒌𝐞𝐟𝐟𝑬 𝜎d) = exp(−0.5 ∗ 𝜒W V,X
Y )

• The chi square is used to compute a likelihood function (BMC weight):

HMF57 case 1
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• The combined benchmark uncertainty: Taking calculation uncertainties into account 
in adjustments

• For single benchmarks, we compute a combined benchmark uncertainty is given as: 

Where; 

NOTE: In this work, we only consider the uncertainties due to nuclear data 

Ø For multiple benchmarks, we can combine the covariances:

Ref.  Alhassan et. al., Progress in 
Nuclear Energy, 88, pp. 43-52 (2016)

𝝈𝑩,𝒋𝟐 = 𝝈𝑬𝟐 + 𝝈𝑪,𝒋𝟐

𝝈𝑪,𝒋𝟐 = ∑𝒐𝒗𝒆𝒓 𝒂𝒍𝒍 𝒑
𝒘𝒉𝒆𝒓𝒆 𝒑t𝒋

𝝈𝑵𝑫,𝒑𝟐 + 𝝈𝒄𝒂𝒍𝒄.𝒃𝒊𝒂𝒔𝟐 + 𝝈𝒈𝒆𝒐. 𝒎𝒐𝒅.𝟐 + 𝝈𝒔𝒕𝒂𝒕𝟐 + others 

𝐶` = 𝐶} + ~
���� �## �
����� �t�

𝐶/�

Incorporating Integral Data (2/3)



Prior and posterior distributions 

10

Posterior uncertainties computed using 
the combined benchmark uncertainties 

Computed using only the 
experimental benchmark 
evaluated uncertainties 

Incorporating Integral Data (3/3)

HMF57 case 1
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Nuclear data uncertainties due to the variation of Pb-208 nuclear data was varied



Choosing the best file:  
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• If we assume that differential and integral benchmarks are uncorrelated: 

• è Combined weight 𝒘𝑻,𝒌 = 𝒘𝑬(𝒌). 𝒘𝑩(𝒌,𝒋)

where 𝑳 𝝈𝑬 𝑴,𝒑 → 𝐥𝐢𝐤𝐞𝐥𝐢𝐡𝐨𝐨𝐝 𝐟𝐮𝐧𝐜𝐭𝐢𝐨𝐧 − 𝐝𝐢𝐟𝐟𝐞𝐫𝐞𝐧𝐭𝐢𝐚𝐥 𝐝𝐚𝐭𝐚
𝑳 𝒌𝐞𝐟𝐟,𝐞𝐱𝐩𝑩 𝒌𝐞𝐟𝐟,𝐜𝐚𝐥𝑩 , 𝝈𝑻 à likelihood function – integral data 
𝝈𝑻 à vector of TALYS calculated cross sections 

Our combined posterior can now be given as:

𝑷𝒄𝒐𝒎𝒃
𝒑𝒐𝒔𝒕 𝒌𝐞𝐟𝐟,𝐜𝐚𝐥

𝑩 |𝝈𝑬, 𝒌𝐞𝐟𝐟,𝐞𝐱𝐩
𝑩 = 𝑳 𝝈𝑬, 𝒌𝐞𝐟𝐟,𝐞𝐱𝐩

𝑩 𝝈𝑻, 𝒑; 𝒌𝐞𝐟𝐟,𝐜𝐚𝐥
𝑩 ∗ 𝑷𝒑𝒓𝒊𝒐𝒓 𝒌𝐞𝐟𝐟,𝐜𝐚𝐥

𝑩 |𝝈𝑻

The parameter set which maximizes the likelihood function is selected:

𝑩𝑭 = 𝐚𝐫𝐠𝒎𝒂𝒙
𝒑
[𝑳 𝝈𝑬, 𝒌𝐞𝐟𝐟,𝐞𝐱𝐩

𝑩 𝝈𝑻, 𝒑; 𝒌𝐞𝐟𝐟,𝐜𝐚𝐥
𝑩 ]

Global (combined) likelihood function

𝑳 𝝈𝑬, 𝒌𝐞𝐟𝐟,𝐞𝐱𝐩𝑩 𝝈𝑻, 𝒑; 𝒌𝐞𝐟𝐟,𝐜𝐚𝐥𝑩 = 𝑳 𝝈𝑬 𝑴, 𝒑 𝑳 𝒌𝐞𝐟𝐟,𝐞𝐱𝐩𝑩 𝒌𝐞𝐟𝐟,𝐜𝐚𝐥𝑩 , 𝝈𝑻



Results: Prior and posterior distributions
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Ø The weights presented here were computed using only differential data
Ø keff à hmf57 case 1 benchmark with MCNP code (Pb208 varied)



Results: Differential validation (1/2) 
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For differential validation, we compare reduced chi squares computed for         
different libraries and this work  



Results: Differential validation (2/2) 
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Graphical comparison with differential experimental data for selected channels 



Results: Integral validation
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Ø Ratios of calculated to experimental values (C/E) for selected benchmark 

Ø 1st update à Results obtained using only differential data 

Ø 2nd update à Results obtained using only integral benchmark (hmf57 case 1 in this case)

Ø Global likelihood à Results using both differential and integral (hmf57c1) experiments

Ø Weighted à cases were weights equal to the average channel cross section are assigned to each channel 



Conclusion

Page 16

• A method for the combined use of differential and integral experiments for nuclear 
data adjustments within a Bayesian framework is presented. 

• The method has been applied for the adjustment of p+Pb208 in the fast energy 
region.

• The study shows that, there is a potential for the improvement of nuclear data 
evaluations through the (explicit) combination of experimental information from both 
differential and integral benchmarks in Monte Carlo adjustments procedures. 

• Combining differential experiments and multiple benchmarks for Monte Carlo 
adjustments in the fast region, is planned for future work 
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