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- Introduction B) Variational Bayes: Methods
Bayesian model selection and estimation (BMSE): Sufficient statistics approach: combine empirical Bayes [1] with
Powerful methods for determining the most likely among sets of random effects for models [2]
competing hypotheses about the mechanisms and parameters that Full random effects inference: Variational Bayes
generated observed data, e.g., from experiments on decision-making.
Mixed-effects (or empirical / hierarchical Bayes‘) models: % Ho, U g, by
Provide full inference in group-studies — with repeated observations for
each individual — by adequatly capturing: k=1 x
- Individual differences (random effects / posteriors)
- Mechanisms & parameters common to all individuals (fixed effects / 'Vk Uy o, A o) Uy o}
priors) k=1 k=1 k=2 =2 k=3 k=3
Previous models: have assumed mixed-effects
- either for model parameters: Huys et al. [1] applied empirical Bayes' 0 0
via Expectation Maximization (EM) to reinforcement learning models o o o
- or for the model identity. Stephan et al. [2] developed a Variational m.,
Bayes' (VB) method for treating models as random-effects
anMk anMk anMk
Here: k=1 f=2 k=3
A) We evaluate the empirical Bayes' method assuming mixed-effects
for parameters for reinforcement learning models [1]
B) We present a novel Variational Bayes' (VB) model which considers y,
mixed-effects for models and parameters simultaneously n=1_N
A) empirical Bayes B) Variational Bayes: Results
- Generating prior parameters can be o0 Simulations from known decision processes with N = 90 simulated subjects
recovered from simulated data P(X | no,09) /_OO dgP (X.0 | 119,06) _ | | | |
- The precision scales with number of Simple RL: ab = simple RL model, assuming 1 state, 2 actions, learning rate (a)
data points as theoretically expected inverse noisiness (b) parameters (N=60) B
A Prior Mean B Prior Variance # Subjects Rep = repetition mOdeI (N = 30) I Full Variational Bayes e : : ° | |
—_ Beta — 5 I Sufficient Statistics 14l
;\%2 1.0 - ParaBmeT;er 0- ng h:aw 0.0 - ” _aa’ff"‘”i;jtfw ;:-‘f?‘t;\ - _“ ;g 1 1.2} * 1 )
i 08- + |Loarning Rate = o i I Simple RL + 200 trials § oo L |
8 e = g,f L0 P L With sufficient data, the correct model o= | Sos
£ 0.4 - S04 F £, O #o 87 “ant K | #Trials . - : g 098 I 08|
g o- e — 45| et | A T ¥ can be identified for all subjects and g0
A ARASARE - $ | vt vEy for both methods with high certainty S ol | odf *
§|40 Trortlean-2es ?0_ #TrialsP:iOE:OMfiZOL(:a:;:iFZ: 1000 ?_30_ .' -. 787 .++ i ﬁ?‘i.rmal - Cosgl:tational :/Itz)del 0 Model Pree;fameters 0 tl%/lodel Parameteril
:g 30 - 30- # Subjects —5--10--20- 50-- 100 0.2 0.1 0.0 0.1 Deviatci)é)zn o I_\jl)li_zE o] 0.1 0.0 0.1 0.2 Is | =§3;‘If|\<;:arr|1;tlsot§2|s’gc;syes N *
£ 20- 20- o . . ' + ' |
E The likelihood for the prior is approximately \?\;mpslialfcl;e dzgat":rls;ub'ect the full 0 . |
e " Gaussian, providing a basis for a Laplace- VB method imor P - é .
S o Approximation to derive error bars, with Sthod Improves moce
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comparison compared to the

otal # of observations [sqrt N x otal # of observations [sqrt N x normative al ha errors . . . . 04f € ) EM ool
Total # of ob t [sgrt N x T] Total # of ob t [sqrt N x T] p SUffICIent StatIStICS approaCh i?ﬁ:‘lﬁ\c;iaen;s(;[atai;s;c;es
beta  Put>T,,) =0.048 al o ha  PatsT,,) =0.059 02( ‘& True
— Fittedmodel . 2step: Hybrid = model-based + model-free; model-free; non-learner [3]
Model
m2b2alr mr 2b2alr m2b2al m 2b2al 20 _
m2b2alr 0 337 49 a41 1297 531 Model: Hybrid ; s .MOde.I: Mlodel_-lfree | 0 | Model: Non-l_learner
mr 42 L 428 800 801 1490 Oo 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1 ZStep + 201 trials =§u|f|ﬂ\(;ier-]t Sansios ™ 3 -} EM e =30
2b2alr 12 841 0 280 2678 271 p-value - - p-value . . . . . : ' - a'rlatlonal 'Bayes 1L Sufficient Statistics
m2b2al 6 452 95 0 514 83 USIng three Slmllar —>&— Full Variational Bayes
m 40 21 408 45 0 436 . - - "
2b2al 16 1391 5 18 2271 0 models with differing £ oss| e 2
_ model parameters in 3 I W °""
BIC,, extracts the true generating model from the data the 2step task also = +
yields posterior S oss| | =l 02| .
C luS] uncertainty, and the 2 | | / 0.
Onc USIOnS fU” VB performs beSt i o1 b2 al a2 | w1 T b2 fl_ > 1 0 i >
- Fitting empirical Bayes' models of reinforcement learning using Expectation
Maximization (EM) [1] exhibits desirable normative properties g e s ametee o Nonsamer
- Our new Variational Bayes method suggests that we can and should understand 2step + 201 trials + _ftrteer R | N _|_|
the heterogeneity and homogeneity observed in group studies of decision-making paramle:jerts b:sed L | T faatora e
by investigating contributions of both, the underlying mechanisms and their oM real data[4] |
" The advantage for ok}
parameters | | | the full VB is visible 5o : °
- We find mcreaseq accuracy in Bayesian model comparison for our new VB method isq for parameters : | o -
compared to previous approaches [1, 2] obtained from real < oz L oz #
- We expect that this new mixed-effects method will prove useful for a wide range of (observed) data i el e B @ Lw e watwm o 0 @

computational modeling approches in group studies of cognition and biology
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