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BAYES-I VISELKEDÉS

▸ Bizonytalanság, ambiguitás miatt normatív feltételezés, 
hogy a valószínűségszámításra van szükség 

▸ Feltételezzük, hogy az emberi idegrendszer evolúciósan 
úgy fejlődött, hogy képes legyen a bayesi inferenciához 
közel egyenértékű számításokat végezni



BAYES-I VISELKEDÉS

Insurance agencies employ 
actuaries to make predictions 
about people’s life spans—the 
age at which they will die— 
based upon demographic 
information. If you were 
assessing an insurance case for 
an 18-year-old man, what 
would you predict for his life 
span?



OPTIMAL PREDICTIONS IN EVERYDAY COGNITION

GRIFFITHS & TENENBAUM, 2006

‣ Movie grosses: Imagine you hear about a movie that has taken in 10 
million dollars at the box office, but don’t know how long it has been 
running. What would you predict for the total amount of box office 
intake for that movie? 

‣ Waiting times: If you were calling a telephone box office to book 
tickets and had been on hold for 3 minutes, what would you predict 
for the total time you would be on hold? 

‣ Lengths of marriages: A friend is telling you about an acquaintance 
whom you do not know. In passing, he happens to mention that this 
person has been married for 23 years. How long do you think this 
person’s marriage will last?
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KÖRDING & WOLPERT, 2004

BAYESIAN INTEGRATION IN SENSORIMOTOR LEARNING

‣ Mutatóujj két pont közötti 
mozgatása 

‣ VR setup: nem valódi 
helyzet, ráadásul 
csaknéha látható 

‣ tréning: félúton és út 
végén 

‣ többi kondíció: csak 
félúton



KÖRDING & WOLPERT, 2004

TASK VARIABILITY

SENSORY VARIABILITY

p(x) ⇠ N (x|µ = 1cm,�0 = 0.5cm)
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‣ a megjelenő kurzor eltolása a megadott 
priorból lett generálva véletlenszerűen 

‣ ezt 1000 tréning próba alatt lehetett 
kikövetkeztetni

‣ A különböző kondíciókban a kurzor 
különböző mértékben volt elmosódva:



3 HIPOTÉZIS

KÖRDING & WOLPERT, 2004

1. Csak a vizuális becslés alapján vett kompenzáció (sem a 
priort, sem a szenzoros bizonytalanságot nem veszi 
figyelembe 

2. Mindkét bizonytalanságot figyelmbe vévő optimális 
integráció 

3. Fix leképezés a vizuális megfigyelés és az eltolás között 
(figyelembe veheti a priort, de a szenzoros bizonytalanságot 
nem)
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KÖRDING & WOLPERT, 2004

BAYESIAN INTEGRATION IN SENSORIMOTOR LEARNING

Prior

Likelihood

Posterior



KÖRDING & WOLPERT, 2004

BAYESIAN INTEGRATION IN SENSORIMOTOR LEARNING



KÖRDING & WOLPERT, 2004

BAYESIAN INTEGRATION IN SENSORIMOTOR LEARNING



KÖRDING & WOLPERT, 2004

BAYESIAN INTEGRATION IN SENSORIMOTOR LEARNING



KÖRDING & WOLPERT, 2004

BAYESIAN INTEGRATION IN SENSORIMOTOR LEARNING



KÖRDING & WOLPERT, 2004

BAYESIAN INTEGRATION IN SENSORIMOTOR LEARNING



VISUAL CAPTURE



VISUAL CAPTURE



ROCK & VICTOR, 1964

VISUAL CAPTURE
▸ Torzítólencsén keresztül megfigyelt 

objektum explorációja tapintással



ERNST, & BANKS 2002

CUE INTEGRATION

▸ Méretbecslés 

▸ Vizuális információ 

▸ Haptikus információ 

▸ A kettő forrás 
“információtartalma”, 
vagyis a hozzáadott zaj 
volt variálva
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CUE INTEGRATION

Xv|s ⇠ N(s,�v) Xh|s ⇠ N(s,�h)

s ⇠ Unif(0,M)
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CUE INTEGRATION



ERNST, & BANKS 2002

CUE INTEGRATION ŝ ⇠ N (µ̂, �̂2)
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ERNST, & BANKS 2002

CUMULATIVE DENSITY FUNCTION (CDF)

FX(x) = P(X  x)
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CDFX(x) =

Z x

�1
pdfX(x̃) dx̃
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(slide from Laurence T. Maloney)
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INTUITIVE PHYSICS
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BATTAGLIA ET AL., 2013

PHYSICAL ILLUSIONS



BATTAGLIA ET AL., 2013

WHICH DIRECTION?



BATTAGLIA ET AL., 2013

VARYING OBSTACLES, FORCES



ÖSSZEFOGLALÁS

▸ Bizonytalanság, ambiguitás miatt normatív feltételezés, hogy a 
valószínűségszámításra van szükség 

▸ Feltételezzük, hogy az emberi idegrendszer evolúciósan úgy fejlődött, 
hogy képes legyen a bayesi inferenciához közel egyenértékű 
számításokat végezni 

▸ Láttunk empirikus példákat arra hogy ez megvalósul, 

▸ de nyilvánvalóan nem minden feladatban fogják az emberek 
optimálisan integrálni a rendelkezésre álló információt, olyan 
feladatokban van erre esély ahol az evolúció erre 
rákényszerítette



Percepció

Döntéshozás



P (h|o)
<latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit><latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit><latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit><latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit>

Percepció

Döntéshozás



P (h|o)
<latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit><latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit><latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit><latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit>

Percepció

P (o|h)P (h)
<latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit><latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit><latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit><latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit>

Döntéshozás



DECISION THEORY

=
X

P (outcome|action)U(outcome)
<latexit sha1_base64="iUEDyYUlOiB4Q0HD7z/BqAxOJis=">AAACJXicbVBNSwMxFMz6WetX1aOXYBH0UnZF0INCQQSPFawKbSnZ9LUGk82SvBXL2j/jxb/ixYNFBE/+FbPtCmodCAwz83h5E8ZSWPT9D29qemZ2br6wUFxcWl5ZLa2tX1qdGA51rqU21yGzIEUEdRQo4To2wFQo4Sq8Pcn8qzswVujoAvsxtBTrRaIrOEMntUtHx02bKFrbaSLco1GpTpBrBYOHb4HxLDnYrU9Edtulsl/xR6CTJMhJmeSotUvDZkfzREGEXDJrG4EfYytlBgWXMCg2Ewsx47esBw1HI6bAttLRlQO67ZQO7WrjXoR0pP6cSJmytq9Cl1QMb+xfLxP/8xoJdg9bqYjiBCHi40XdRFLUNKuMdoQBjrLvCONGuL9SfsOMK8YVW3QlBH9PniSXe5XA8fP9cvU0r6NANskW2SEBOSBVckZqpE44eSTP5JUMvSfvxXvz3sfRKS+f2SC/4H1+AaaXpzU=</latexit><latexit sha1_base64="iUEDyYUlOiB4Q0HD7z/BqAxOJis=">AAACJXicbVBNSwMxFMz6WetX1aOXYBH0UnZF0INCQQSPFawKbSnZ9LUGk82SvBXL2j/jxb/ixYNFBE/+FbPtCmodCAwz83h5E8ZSWPT9D29qemZ2br6wUFxcWl5ZLa2tX1qdGA51rqU21yGzIEUEdRQo4To2wFQo4Sq8Pcn8qzswVujoAvsxtBTrRaIrOEMntUtHx02bKFrbaSLco1GpTpBrBYOHb4HxLDnYrU9Edtulsl/xR6CTJMhJmeSotUvDZkfzREGEXDJrG4EfYytlBgWXMCg2Ewsx47esBw1HI6bAttLRlQO67ZQO7WrjXoR0pP6cSJmytq9Cl1QMb+xfLxP/8xoJdg9bqYjiBCHi40XdRFLUNKuMdoQBjrLvCONGuL9SfsOMK8YVW3QlBH9PniSXe5XA8fP9cvU0r6NANskW2SEBOSBVckZqpE44eSTP5JUMvSfvxXvz3sfRKS+f2SC/4H1+AaaXpzU=</latexit><latexit sha1_base64="iUEDyYUlOiB4Q0HD7z/BqAxOJis=">AAACJXicbVBNSwMxFMz6WetX1aOXYBH0UnZF0INCQQSPFawKbSnZ9LUGk82SvBXL2j/jxb/ixYNFBE/+FbPtCmodCAwz83h5E8ZSWPT9D29qemZ2br6wUFxcWl5ZLa2tX1qdGA51rqU21yGzIEUEdRQo4To2wFQo4Sq8Pcn8qzswVujoAvsxtBTrRaIrOEMntUtHx02bKFrbaSLco1GpTpBrBYOHb4HxLDnYrU9Edtulsl/xR6CTJMhJmeSotUvDZkfzREGEXDJrG4EfYytlBgWXMCg2Ewsx47esBw1HI6bAttLRlQO67ZQO7WrjXoR0pP6cSJmytq9Cl1QMb+xfLxP/8xoJdg9bqYjiBCHi40XdRFLUNKuMdoQBjrLvCONGuL9SfsOMK8YVW3QlBH9PniSXe5XA8fP9cvU0r6NANskW2SEBOSBVckZqpE44eSTP5JUMvSfvxXvz3sfRKS+f2SC/4H1+AaaXpzU=</latexit><latexit sha1_base64="iUEDyYUlOiB4Q0HD7z/BqAxOJis=">AAACJXicbVBNSwMxFMz6WetX1aOXYBH0UnZF0INCQQSPFawKbSnZ9LUGk82SvBXL2j/jxb/ixYNFBE/+FbPtCmodCAwz83h5E8ZSWPT9D29qemZ2br6wUFxcWl5ZLa2tX1qdGA51rqU21yGzIEUEdRQo4To2wFQo4Sq8Pcn8qzswVujoAvsxtBTrRaIrOEMntUtHx02bKFrbaSLco1GpTpBrBYOHb4HxLDnYrU9Edtulsl/xR6CTJMhJmeSotUvDZkfzREGEXDJrG4EfYytlBgWXMCg2Ewsx47esBw1HI6bAttLRlQO67ZQO7WrjXoR0pP6cSJmytq9Cl1QMb+xfLxP/8xoJdg9bqYjiBCHi40XdRFLUNKuMdoQBjrLvCONGuL9SfsOMK8YVW3QlBH9PniSXe5XA8fP9cvU0r6NANskW2SEBOSBVckZqpE44eSTP5JUMvSfvxXvz3sfRKS+f2SC/4H1+AaaXpzU=</latexit>

E[U(action)]
<latexit sha1_base64="iksPBIXLs9NjwPUvj+bkR9970QM=">AAACB3icbZDNSsNAFIUn9a/Wv6hLQQaLUDclEUGXBSm4rGDaQhLKZDpph04mYWYilpCdG1/FjQtF3PoK7nwbJ20W2nph4OOce5l7T5AwKpVlfRuVldW19Y3qZm1re2d3z9w/6Mo4FZg4OGax6AdIEkY5cRRVjPQTQVAUMNILJteF37snQtKY36lpQvwIjTgNKUZKSwPz2IuQGgdB1s5dp+Ep8qBElCFcuPmZPzDrVtOaFVwGu4Q6KKszML+8YYzTiHCFGZLSta1E+RkSimJG8pqXSpIgPEEj4mrkKCLSz2Z35PBUK0MYxkI/ruBM/T2RoUjKaRTozmJruegV4n+em6rwys8oT1JFOJ5/FKYMqhgWocAhFQQrNtWAsKB6V4jHSOgYdHQ1HYK9ePIydM+btubbi3qrXcZRBUfgBDSADS5BC9yADnAABo/gGbyCN+PJeDHejY95a8UoZw7BnzI+fwCAsJm1</latexit><latexit sha1_base64="iksPBIXLs9NjwPUvj+bkR9970QM=">AAACB3icbZDNSsNAFIUn9a/Wv6hLQQaLUDclEUGXBSm4rGDaQhLKZDpph04mYWYilpCdG1/FjQtF3PoK7nwbJ20W2nph4OOce5l7T5AwKpVlfRuVldW19Y3qZm1re2d3z9w/6Mo4FZg4OGax6AdIEkY5cRRVjPQTQVAUMNILJteF37snQtKY36lpQvwIjTgNKUZKSwPz2IuQGgdB1s5dp+Ep8qBElCFcuPmZPzDrVtOaFVwGu4Q6KKszML+8YYzTiHCFGZLSta1E+RkSimJG8pqXSpIgPEEj4mrkKCLSz2Z35PBUK0MYxkI/ruBM/T2RoUjKaRTozmJruegV4n+em6rwys8oT1JFOJ5/FKYMqhgWocAhFQQrNtWAsKB6V4jHSOgYdHQ1HYK9ePIydM+btubbi3qrXcZRBUfgBDSADS5BC9yADnAABo/gGbyCN+PJeDHejY95a8UoZw7BnzI+fwCAsJm1</latexit><latexit sha1_base64="iksPBIXLs9NjwPUvj+bkR9970QM=">AAACB3icbZDNSsNAFIUn9a/Wv6hLQQaLUDclEUGXBSm4rGDaQhLKZDpph04mYWYilpCdG1/FjQtF3PoK7nwbJ20W2nph4OOce5l7T5AwKpVlfRuVldW19Y3qZm1re2d3z9w/6Mo4FZg4OGax6AdIEkY5cRRVjPQTQVAUMNILJteF37snQtKY36lpQvwIjTgNKUZKSwPz2IuQGgdB1s5dp+Ep8qBElCFcuPmZPzDrVtOaFVwGu4Q6KKszML+8YYzTiHCFGZLSta1E+RkSimJG8pqXSpIgPEEj4mrkKCLSz2Z35PBUK0MYxkI/ruBM/T2RoUjKaRTozmJruegV4n+em6rwys8oT1JFOJ5/FKYMqhgWocAhFQQrNtWAsKB6V4jHSOgYdHQ1HYK9ePIydM+btubbi3qrXcZRBUfgBDSADS5BC9yADnAABo/gGbyCN+PJeDHejY95a8UoZw7BnzI+fwCAsJm1</latexit><latexit sha1_base64="iksPBIXLs9NjwPUvj+bkR9970QM=">AAACB3icbZDNSsNAFIUn9a/Wv6hLQQaLUDclEUGXBSm4rGDaQhLKZDpph04mYWYilpCdG1/FjQtF3PoK7nwbJ20W2nph4OOce5l7T5AwKpVlfRuVldW19Y3qZm1re2d3z9w/6Mo4FZg4OGax6AdIEkY5cRRVjPQTQVAUMNILJteF37snQtKY36lpQvwIjTgNKUZKSwPz2IuQGgdB1s5dp+Ep8qBElCFcuPmZPzDrVtOaFVwGu4Q6KKszML+8YYzTiHCFGZLSta1E+RkSimJG8pqXSpIgPEEj4mrkKCLSz2Z35PBUK0MYxkI/ruBM/T2RoUjKaRTozmJruegV4n+em6rwys8oT1JFOJ5/FKYMqhgWocAhFQQrNtWAsKB6V4jHSOgYdHQ1HYK9ePIydM+btubbi3qrXcZRBUfgBDSADS5BC9yADnAABo/gGbyCN+PJeDHejY95a8UoZw7BnzI+fwCAsJm1</latexit>



ai.berkeley.edu

p(xt+1|at, xt,D)
<latexit sha1_base64="0JXb1sE/KKLOPySAAJhVGOnlR0U="></latexit><latexit sha1_base64="0JXb1sE/KKLOPySAAJhVGOnlR0U="></latexit><latexit sha1_base64="0JXb1sE/KKLOPySAAJhVGOnlR0U="></latexit><latexit sha1_base64="0JXb1sE/KKLOPySAAJhVGOnlR0U="></latexit>

X
P (outcome|action)U(outcome)

<latexit sha1_base64="c+lfQgqMn7N6apD8CUlTDkoQnZc=">AAACJHicbVDLSgMxFM3UV62vUZdugkXQjcyIoOCmIILLCrYKnVIy6a2GJpMhuSOWsR/jxl9x48IHLtz4LaYPQa0HAodzzuXmnjiVwmIQfHiFqemZ2bnifGlhcWl5xV9dq1udGQ41rqU2lzGzIEUCNRQo4TI1wFQs4SLuHg/8ixswVujkHHspNBW7SkRHcIZOavlHkc0UrW5HCLdoVK4z5FpB/+5bYHwQ7O/UJiI7Lb8c7AZD0EkSjkmZjFFt+a9RW/NMQYJcMmsbYZBiM2cGBZfQL0WZhZTxLruChqMJU2Cb+fDIPt1ySpt2tHEvQTpUf07kTFnbU7FLKobX9q83EP/zGhl2Dpu5SNIMIeGjRZ1MUtR00BhtCwMcZc8Rxo1wf6X8mhlXjOu15EoI/548Sep7u6HjZ/vlysm4jiLZIJtkm4TkgFTIKamSGuHknjySZ/LiPXhP3pv3PooWvPHMOvkF7/MLFp2m7g==</latexit><latexit sha1_base64="c+lfQgqMn7N6apD8CUlTDkoQnZc=">AAACJHicbVDLSgMxFM3UV62vUZdugkXQjcyIoOCmIILLCrYKnVIy6a2GJpMhuSOWsR/jxl9x48IHLtz4LaYPQa0HAodzzuXmnjiVwmIQfHiFqemZ2bnifGlhcWl5xV9dq1udGQ41rqU2lzGzIEUCNRQo4TI1wFQs4SLuHg/8ixswVujkHHspNBW7SkRHcIZOavlHkc0UrW5HCLdoVK4z5FpB/+5bYHwQ7O/UJiI7Lb8c7AZD0EkSjkmZjFFt+a9RW/NMQYJcMmsbYZBiM2cGBZfQL0WZhZTxLruChqMJU2Cb+fDIPt1ySpt2tHEvQTpUf07kTFnbU7FLKobX9q83EP/zGhl2Dpu5SNIMIeGjRZ1MUtR00BhtCwMcZc8Rxo1wf6X8mhlXjOu15EoI/548Sep7u6HjZ/vlysm4jiLZIJtkm4TkgFTIKamSGuHknjySZ/LiPXhP3pv3PooWvPHMOvkF7/MLFp2m7g==</latexit><latexit sha1_base64="c+lfQgqMn7N6apD8CUlTDkoQnZc=">AAACJHicbVDLSgMxFM3UV62vUZdugkXQjcyIoOCmIILLCrYKnVIy6a2GJpMhuSOWsR/jxl9x48IHLtz4LaYPQa0HAodzzuXmnjiVwmIQfHiFqemZ2bnifGlhcWl5xV9dq1udGQ41rqU2lzGzIEUCNRQo4TI1wFQs4SLuHg/8ixswVujkHHspNBW7SkRHcIZOavlHkc0UrW5HCLdoVK4z5FpB/+5bYHwQ7O/UJiI7Lb8c7AZD0EkSjkmZjFFt+a9RW/NMQYJcMmsbYZBiM2cGBZfQL0WZhZTxLruChqMJU2Cb+fDIPt1ySpt2tHEvQTpUf07kTFnbU7FLKobX9q83EP/zGhl2Dpu5SNIMIeGjRZ1MUtR00BhtCwMcZc8Rxo1wf6X8mhlXjOu15EoI/548Sep7u6HjZ/vlysm4jiLZIJtkm4TkgFTIKamSGuHknjySZ/LiPXhP3pv3PooWvPHMOvkF7/MLFp2m7g==</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="DMZbdBqbZX/zhpWj5cNWwJ3xP3g=">AAACGXicbZBLSwMxFIXv1Fetr+rWTbAIupEZNwpuBDcuK9hWaEvJpLcamkyG5I5Yxv4YN/4VNy584MJ/Y1oraOuFwOGcE5L7xamSjsLwMyjMzS8sLhWXSyura+sb5c3VujOZFVgTRhl7FXOHSiZYI0kKr1KLXMcKG3H/bJQ3btE6aZJLGqTY1vw6kT0pOHmrUz5puUyz6l6L8I6szk1Gwmgc3v8YXIyKw/3aTGW/U66EB+F42KyIJqICk6l2ym+trhGZxoSE4s41ozClds4tSaFwWGplDlMu+vwam14mXKNr5+Mlh2zXO13WM9afhNjY/X0j59q5gY59U3O6cdPZyPwva2bUO27nMkkzwkR8P9TLFCPDRsRYV1oUpAZecGGl/ysTN9x6MJ5ryUOIpleeFfXDg8jrixCKsA07sAcRHMEpnEMVaiDgAZ7gBV6Dx+A5eP/GVQgm3LbgzwQfX+51pVw=</latexit><latexit sha1_base64="DMZbdBqbZX/zhpWj5cNWwJ3xP3g=">AAACGXicbZBLSwMxFIXv1Fetr+rWTbAIupEZNwpuBDcuK9hWaEvJpLcamkyG5I5Yxv4YN/4VNy584MJ/Y1oraOuFwOGcE5L7xamSjsLwMyjMzS8sLhWXSyura+sb5c3VujOZFVgTRhl7FXOHSiZYI0kKr1KLXMcKG3H/bJQ3btE6aZJLGqTY1vw6kT0pOHmrUz5puUyz6l6L8I6szk1Gwmgc3v8YXIyKw/3aTGW/U66EB+F42KyIJqICk6l2ym+trhGZxoSE4s41ozClds4tSaFwWGplDlMu+vwam14mXKNr5+Mlh2zXO13WM9afhNjY/X0j59q5gY59U3O6cdPZyPwva2bUO27nMkkzwkR8P9TLFCPDRsRYV1oUpAZecGGl/ysTN9x6MJ5ryUOIpleeFfXDg8jrixCKsA07sAcRHMEpnEMVaiDgAZ7gBV6Dx+A5eP/GVQgm3LbgzwQfX+51pVw=</latexit><latexit sha1_base64="5tNorhs9GFU4CA17bU5Btg5d4g4=">AAACJHicbVDLSgMxFM34rPVVdekmWIR2IzNuFNwURHBZwT6gLSWT3rbBZDIkd8Qy9mPc+CtuXPjAhRu/xfQhaOuBwOGcc7m5J4ylsOj7n97C4tLyympmLbu+sbm1ndvZrVqdGA4VrqU29ZBZkCKCCgqUUI8NMBVKqIU35yO/dgvGCh1d4yCGlmK9SHQFZ+ikdu6saRNFy4Umwh0aleoEuVYwvP8RGB8Fh8XKXKTYzuX9I38MOk+CKcmTKcrt3Fuzo3miIEIumbWNwI+xlTKDgksYZpuJhZjxG9aDhqMRU2Bb6fjIIT10Sod2tXEvQjpWf0+kTFk7UKFLKoZ9O+uNxP+8RoLd01YqojhBiPhkUTeRFDUdNUY7wgBHOXCEcSPcXynvM+OKcb1mXQnB7MnzpHp8FDh+5edLF9M6MmSfHJACCcgJKZFLUiYVwskDeSIv5NV79J69d+9jEl3wpjN75A+8r28VXabq</latexit><latexit sha1_base64="c+lfQgqMn7N6apD8CUlTDkoQnZc=">AAACJHicbVDLSgMxFM3UV62vUZdugkXQjcyIoOCmIILLCrYKnVIy6a2GJpMhuSOWsR/jxl9x48IHLtz4LaYPQa0HAodzzuXmnjiVwmIQfHiFqemZ2bnifGlhcWl5xV9dq1udGQ41rqU2lzGzIEUCNRQo4TI1wFQs4SLuHg/8ixswVujkHHspNBW7SkRHcIZOavlHkc0UrW5HCLdoVK4z5FpB/+5bYHwQ7O/UJiI7Lb8c7AZD0EkSjkmZjFFt+a9RW/NMQYJcMmsbYZBiM2cGBZfQL0WZhZTxLruChqMJU2Cb+fDIPt1ySpt2tHEvQTpUf07kTFnbU7FLKobX9q83EP/zGhl2Dpu5SNIMIeGjRZ1MUtR00BhtCwMcZc8Rxo1wf6X8mhlXjOu15EoI/548Sep7u6HjZ/vlysm4jiLZIJtkm4TkgFTIKamSGuHknjySZ/LiPXhP3pv3PooWvPHMOvkF7/MLFp2m7g==</latexit><latexit sha1_base64="c+lfQgqMn7N6apD8CUlTDkoQnZc=">AAACJHicbVDLSgMxFM3UV62vUZdugkXQjcyIoOCmIILLCrYKnVIy6a2GJpMhuSOWsR/jxl9x48IHLtz4LaYPQa0HAodzzuXmnjiVwmIQfHiFqemZ2bnifGlhcWl5xV9dq1udGQ41rqU2lzGzIEUCNRQo4TI1wFQs4SLuHg/8ixswVujkHHspNBW7SkRHcIZOavlHkc0UrW5HCLdoVK4z5FpB/+5bYHwQ7O/UJiI7Lb8c7AZD0EkSjkmZjFFt+a9RW/NMQYJcMmsbYZBiM2cGBZfQL0WZhZTxLruChqMJU2Cb+fDIPt1ySpt2tHEvQTpUf07kTFnbU7FLKobX9q83EP/zGhl2Dpu5SNIMIeGjRZ1MUtR00BhtCwMcZc8Rxo1wf6X8mhlXjOu15EoI/548Sep7u6HjZ/vlysm4jiLZIJtkm4TkgFTIKamSGuHknjySZ/LiPXhP3pv3PooWvPHMOvkF7/MLFp2m7g==</latexit><latexit sha1_base64="c+lfQgqMn7N6apD8CUlTDkoQnZc=">AAACJHicbVDLSgMxFM3UV62vUZdugkXQjcyIoOCmIILLCrYKnVIy6a2GJpMhuSOWsR/jxl9x48IHLtz4LaYPQa0HAodzzuXmnjiVwmIQfHiFqemZ2bnifGlhcWl5xV9dq1udGQ41rqU2lzGzIEUCNRQo4TI1wFQs4SLuHg/8ixswVujkHHspNBW7SkRHcIZOavlHkc0UrW5HCLdoVK4z5FpB/+5bYHwQ7O/UJiI7Lb8c7AZD0EkSjkmZjFFt+a9RW/NMQYJcMmsbYZBiM2cGBZfQL0WZhZTxLruChqMJU2Cb+fDIPt1ySpt2tHEvQTpUf07kTFnbU7FLKobX9q83EP/zGhl2Dpu5SNIMIeGjRZ1MUtR00BhtCwMcZc8Rxo1wf6X8mhlXjOu15EoI/548Sep7u6HjZ/vlysm4jiLZIJtkm4TkgFTIKamSGuHknjySZ/LiPXhP3pv3PooWvPHMOvkF7/MLFp2m7g==</latexit><latexit sha1_base64="c+lfQgqMn7N6apD8CUlTDkoQnZc=">AAACJHicbVDLSgMxFM3UV62vUZdugkXQjcyIoOCmIILLCrYKnVIy6a2GJpMhuSOWsR/jxl9x48IHLtz4LaYPQa0HAodzzuXmnjiVwmIQfHiFqemZ2bnifGlhcWl5xV9dq1udGQ41rqU2lzGzIEUCNRQo4TI1wFQs4SLuHg/8ixswVujkHHspNBW7SkRHcIZOavlHkc0UrW5HCLdoVK4z5FpB/+5bYHwQ7O/UJiI7Lb8c7AZD0EkSjkmZjFFt+a9RW/NMQYJcMmsbYZBiM2cGBZfQL0WZhZTxLruChqMJU2Cb+fDIPt1ySpt2tHEvQTpUf07kTFnbU7FLKobX9q83EP/zGhl2Dpu5SNIMIeGjRZ1MUtR00BhtCwMcZc8Rxo1wf6X8mhlXjOu15EoI/548Sep7u6HjZ/vlysm4jiLZIJtkm4TkgFTIKamSGuHknjySZ/LiPXhP3pv3PooWvPHMOvkF7/MLFp2m7g==</latexit><latexit sha1_base64="c+lfQgqMn7N6apD8CUlTDkoQnZc=">AAACJHicbVDLSgMxFM3UV62vUZdugkXQjcyIoOCmIILLCrYKnVIy6a2GJpMhuSOWsR/jxl9x48IHLtz4LaYPQa0HAodzzuXmnjiVwmIQfHiFqemZ2bnifGlhcWl5xV9dq1udGQ41rqU2lzGzIEUCNRQo4TI1wFQs4SLuHg/8ixswVujkHHspNBW7SkRHcIZOavlHkc0UrW5HCLdoVK4z5FpB/+5bYHwQ7O/UJiI7Lb8c7AZD0EkSjkmZjFFt+a9RW/NMQYJcMmsbYZBiM2cGBZfQL0WZhZTxLruChqMJU2Cb+fDIPt1ySpt2tHEvQTpUf07kTFnbU7FLKobX9q83EP/zGhl2Dpu5SNIMIeGjRZ1MUtR00BhtCwMcZc8Rxo1wf6X8mhlXjOu15EoI/548Sep7u6HjZ/vlysm4jiLZIJtkm4TkgFTIKamSGuHknjySZ/LiPXhP3pv3PooWvPHMOvkF7/MLFp2m7g==</latexit><latexit sha1_base64="c+lfQgqMn7N6apD8CUlTDkoQnZc=">AAACJHicbVDLSgMxFM3UV62vUZdugkXQjcyIoOCmIILLCrYKnVIy6a2GJpMhuSOWsR/jxl9x48IHLtz4LaYPQa0HAodzzuXmnjiVwmIQfHiFqemZ2bnifGlhcWl5xV9dq1udGQ41rqU2lzGzIEUCNRQo4TI1wFQs4SLuHg/8ixswVujkHHspNBW7SkRHcIZOavlHkc0UrW5HCLdoVK4z5FpB/+5bYHwQ7O/UJiI7Lb8c7AZD0EkSjkmZjFFt+a9RW/NMQYJcMmsbYZBiM2cGBZfQL0WZhZTxLruChqMJU2Cb+fDIPt1ySpt2tHEvQTpUf07kTFnbU7FLKobX9q83EP/zGhl2Dpu5SNIMIeGjRZ1MUtR00BhtCwMcZc8Rxo1wf6X8mhlXjOu15EoI/548Sep7u6HjZ/vlysm4jiLZIJtkm4TkgFTIKamSGuHknjySZ/LiPXhP3pv3PooWvPHMOvkF7/MLFp2m7g==</latexit>

DECISION THEORY

http://ai.berkeley.edu


P (h|o)
<latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit><latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit><latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit><latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit>

Percepció

P (o|h)P (h)
<latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit><latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit><latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit><latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit>

Döntéshozás



P (h|o)
<latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit><latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit><latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit><latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit>

E[U(action)]
<latexit sha1_base64="iksPBIXLs9NjwPUvj+bkR9970QM=">AAACB3icbZDNSsNAFIUn9a/Wv6hLQQaLUDclEUGXBSm4rGDaQhLKZDpph04mYWYilpCdG1/FjQtF3PoK7nwbJ20W2nph4OOce5l7T5AwKpVlfRuVldW19Y3qZm1re2d3z9w/6Mo4FZg4OGax6AdIEkY5cRRVjPQTQVAUMNILJteF37snQtKY36lpQvwIjTgNKUZKSwPz2IuQGgdB1s5dp+Ep8qBElCFcuPmZPzDrVtOaFVwGu4Q6KKszML+8YYzTiHCFGZLSta1E+RkSimJG8pqXSpIgPEEj4mrkKCLSz2Z35PBUK0MYxkI/ruBM/T2RoUjKaRTozmJruegV4n+em6rwys8oT1JFOJ5/FKYMqhgWocAhFQQrNtWAsKB6V4jHSOgYdHQ1HYK9ePIydM+btubbi3qrXcZRBUfgBDSADS5BC9yADnAABo/gGbyCN+PJeDHejY95a8UoZw7BnzI+fwCAsJm1</latexit><latexit sha1_base64="iksPBIXLs9NjwPUvj+bkR9970QM=">AAACB3icbZDNSsNAFIUn9a/Wv6hLQQaLUDclEUGXBSm4rGDaQhLKZDpph04mYWYilpCdG1/FjQtF3PoK7nwbJ20W2nph4OOce5l7T5AwKpVlfRuVldW19Y3qZm1re2d3z9w/6Mo4FZg4OGax6AdIEkY5cRRVjPQTQVAUMNILJteF37snQtKY36lpQvwIjTgNKUZKSwPz2IuQGgdB1s5dp+Ep8qBElCFcuPmZPzDrVtOaFVwGu4Q6KKszML+8YYzTiHCFGZLSta1E+RkSimJG8pqXSpIgPEEj4mrkKCLSz2Z35PBUK0MYxkI/ruBM/T2RoUjKaRTozmJruegV4n+em6rwys8oT1JFOJ5/FKYMqhgWocAhFQQrNtWAsKB6V4jHSOgYdHQ1HYK9ePIydM+btubbi3qrXcZRBUfgBDSADS5BC9yADnAABo/gGbyCN+PJeDHejY95a8UoZw7BnzI+fwCAsJm1</latexit><latexit sha1_base64="iksPBIXLs9NjwPUvj+bkR9970QM=">AAACB3icbZDNSsNAFIUn9a/Wv6hLQQaLUDclEUGXBSm4rGDaQhLKZDpph04mYWYilpCdG1/FjQtF3PoK7nwbJ20W2nph4OOce5l7T5AwKpVlfRuVldW19Y3qZm1re2d3z9w/6Mo4FZg4OGax6AdIEkY5cRRVjPQTQVAUMNILJteF37snQtKY36lpQvwIjTgNKUZKSwPz2IuQGgdB1s5dp+Ep8qBElCFcuPmZPzDrVtOaFVwGu4Q6KKszML+8YYzTiHCFGZLSta1E+RkSimJG8pqXSpIgPEEj4mrkKCLSz2Z35PBUK0MYxkI/ruBM/T2RoUjKaRTozmJruegV4n+em6rwys8oT1JFOJ5/FKYMqhgWocAhFQQrNtWAsKB6V4jHSOgYdHQ1HYK9ePIydM+btubbi3qrXcZRBUfgBDSADS5BC9yADnAABo/gGbyCN+PJeDHejY95a8UoZw7BnzI+fwCAsJm1</latexit><latexit sha1_base64="iksPBIXLs9NjwPUvj+bkR9970QM=">AAACB3icbZDNSsNAFIUn9a/Wv6hLQQaLUDclEUGXBSm4rGDaQhLKZDpph04mYWYilpCdG1/FjQtF3PoK7nwbJ20W2nph4OOce5l7T5AwKpVlfRuVldW19Y3qZm1re2d3z9w/6Mo4FZg4OGax6AdIEkY5cRRVjPQTQVAUMNILJteF37snQtKY36lpQvwIjTgNKUZKSwPz2IuQGgdB1s5dp+Ep8qBElCFcuPmZPzDrVtOaFVwGu4Q6KKszML+8YYzTiHCFGZLSta1E+RkSimJG8pqXSpIgPEEj4mrkKCLSz2Z35PBUK0MYxkI/ruBM/T2RoUjKaRTozmJruegV4n+em6rwys8oT1JFOJ5/FKYMqhgWocAhFQQrNtWAsKB6V4jHSOgYdHQ1HYK9ePIydM+btubbi3qrXcZRBUfgBDSADS5BC9yADnAABo/gGbyCN+PJeDHejY95a8UoZw7BnzI+fwCAsJm1</latexit>

Percepció

Döntéshozás

P (o|h)P (h)
<latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit><latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit><latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit><latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit>



P (h|o)
<latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit><latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit><latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit><latexit sha1_base64="dl5iIRVuXV4Pf1V6messjx2bCtU=">AAAB7XicbZDLSgMxFIZPvNZ6q7p0EyxC3ZQZEXRZEMFlBXuBdiiZNNPGZpIhyQhl7Du4caGIW9/HnW9j2s5CW38IfPznHHLOHyaCG+t532hldW19Y7OwVdze2d3bLx0cNo1KNWUNqoTS7ZAYJrhkDcutYO1EMxKHgrXC0fW03npk2nAl7+04YUFMBpJHnBLrrGa9MnxSZ71S2at6M+Fl8HMoQ656r/TV7SuaxkxaKogxHd9LbJARbTkVbFLspoYlhI7IgHUcShIzE2SzbSf41Dl9HCntnrR45v6eyEhszDgOXWdM7NAs1qbmf7VOaqOrIOMySS2TdP5RlApsFZ6ejvtcM2rF2AGhmrtdMR0STah1ARVdCP7iycvQPK/6ju8uyrWbPI4CHMMJVMCHS6jBLdShARQe4Ble4Q0p9ILe0ce8dQXlM0fwR+jzB+SWjq0=</latexit>

E[U(action)]
<latexit sha1_base64="iksPBIXLs9NjwPUvj+bkR9970QM=">AAACB3icbZDNSsNAFIUn9a/Wv6hLQQaLUDclEUGXBSm4rGDaQhLKZDpph04mYWYilpCdG1/FjQtF3PoK7nwbJ20W2nph4OOce5l7T5AwKpVlfRuVldW19Y3qZm1re2d3z9w/6Mo4FZg4OGax6AdIEkY5cRRVjPQTQVAUMNILJteF37snQtKY36lpQvwIjTgNKUZKSwPz2IuQGgdB1s5dp+Ep8qBElCFcuPmZPzDrVtOaFVwGu4Q6KKszML+8YYzTiHCFGZLSta1E+RkSimJG8pqXSpIgPEEj4mrkKCLSz2Z35PBUK0MYxkI/ruBM/T2RoUjKaRTozmJruegV4n+em6rwys8oT1JFOJ5/FKYMqhgWocAhFQQrNtWAsKB6V4jHSOgYdHQ1HYK9ePIydM+btubbi3qrXcZRBUfgBDSADS5BC9yADnAABo/gGbyCN+PJeDHejY95a8UoZw7BnzI+fwCAsJm1</latexit><latexit sha1_base64="iksPBIXLs9NjwPUvj+bkR9970QM=">AAACB3icbZDNSsNAFIUn9a/Wv6hLQQaLUDclEUGXBSm4rGDaQhLKZDpph04mYWYilpCdG1/FjQtF3PoK7nwbJ20W2nph4OOce5l7T5AwKpVlfRuVldW19Y3qZm1re2d3z9w/6Mo4FZg4OGax6AdIEkY5cRRVjPQTQVAUMNILJteF37snQtKY36lpQvwIjTgNKUZKSwPz2IuQGgdB1s5dp+Ep8qBElCFcuPmZPzDrVtOaFVwGu4Q6KKszML+8YYzTiHCFGZLSta1E+RkSimJG8pqXSpIgPEEj4mrkKCLSz2Z35PBUK0MYxkI/ruBM/T2RoUjKaRTozmJruegV4n+em6rwys8oT1JFOJ5/FKYMqhgWocAhFQQrNtWAsKB6V4jHSOgYdHQ1HYK9ePIydM+btubbi3qrXcZRBUfgBDSADS5BC9yADnAABo/gGbyCN+PJeDHejY95a8UoZw7BnzI+fwCAsJm1</latexit><latexit sha1_base64="iksPBIXLs9NjwPUvj+bkR9970QM=">AAACB3icbZDNSsNAFIUn9a/Wv6hLQQaLUDclEUGXBSm4rGDaQhLKZDpph04mYWYilpCdG1/FjQtF3PoK7nwbJ20W2nph4OOce5l7T5AwKpVlfRuVldW19Y3qZm1re2d3z9w/6Mo4FZg4OGax6AdIEkY5cRRVjPQTQVAUMNILJteF37snQtKY36lpQvwIjTgNKUZKSwPz2IuQGgdB1s5dp+Ep8qBElCFcuPmZPzDrVtOaFVwGu4Q6KKszML+8YYzTiHCFGZLSta1E+RkSimJG8pqXSpIgPEEj4mrkKCLSz2Z35PBUK0MYxkI/ruBM/T2RoUjKaRTozmJruegV4n+em6rwys8oT1JFOJ5/FKYMqhgWocAhFQQrNtWAsKB6V4jHSOgYdHQ1HYK9ePIydM+btubbi3qrXcZRBUfgBDSADS5BC9yADnAABo/gGbyCN+PJeDHejY95a8UoZw7BnzI+fwCAsJm1</latexit><latexit sha1_base64="iksPBIXLs9NjwPUvj+bkR9970QM=">AAACB3icbZDNSsNAFIUn9a/Wv6hLQQaLUDclEUGXBSm4rGDaQhLKZDpph04mYWYilpCdG1/FjQtF3PoK7nwbJ20W2nph4OOce5l7T5AwKpVlfRuVldW19Y3qZm1re2d3z9w/6Mo4FZg4OGax6AdIEkY5cRRVjPQTQVAUMNILJteF37snQtKY36lpQvwIjTgNKUZKSwPz2IuQGgdB1s5dp+Ep8qBElCFcuPmZPzDrVtOaFVwGu4Q6KKszML+8YYzTiHCFGZLSta1E+RkSimJG8pqXSpIgPEEj4mrkKCLSz2Z35PBUK0MYxkI/ruBM/T2RoUjKaRTozmJruegV4n+em6rwys8oT1JFOJ5/FKYMqhgWocAhFQQrNtWAsKB6V4jHSOgYdHQ1HYK9ePIydM+btubbi3qrXcZRBUfgBDSADS5BC9yADnAABo/gGbyCN+PJeDHejY95a8UoZw7BnzI+fwCAsJm1</latexit>

Percepció

Döntéshozás

P (o|h)P (h)
<latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit><latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit><latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit><latexit sha1_base64="q7N9JgM7oz3sGCmZNHBPDlfMaOs=">AAAB8XicbZDLSgMxFIbP1Futt6pLN8EitJsyI4IuCyK4HMFesB1KJs10QjPJkGSEUvsWblwo4ta3cefbmLaz0NYfAh//OYec84cpZ9q47rdTWFvf2Nwqbpd2dvf2D8qHRy0tM0Vok0guVSfEmnImaNMww2knVRQnIaftcHQ9q7cfqdJMinszTmmQ4KFgESPYWOvBr8qnuOZX41q/XHHr7lxoFbwcKpDL75e/egNJsoQKQzjWuuu5qQkmWBlGOJ2WepmmKSYjPKRdiwInVAeT+cZTdGadAYqksk8YNHd/T0xwovU4CW1ngk2sl2sz879aNzPRVTBhIs0MFWTxUZRxZCSanY8GTFFi+NgCJorZXRGJscLE2JBKNgRv+eRVaJ3XPct3F5XGTR5HEU7gFKrgwSU04BZ8aAIBAc/wCm+Odl6cd+dj0Vpw8plj+CPn8wcTsY/e</latexit>
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▸ Világ reprezentációja: P (h, o)
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h
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KÖLTSÉGFÜGGYVÉNY

▸ Hogyan határozza meg a költségfüggvény a döntésünket? 

▸ Speciális eset: a döntés ugyanabban a térben születik, 
mint az inferencia, ekkor a döntés eredménye egy speciális 
    kiválasztásax̂
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BAYESIAN DECISION THEORY
(HOW TO MAKE POINT ESTIMATES)

8

state of the world
x! x" x#

action

a! L(a!,x!) L(a!,x") L(a!,x#)

a" L(a",x!) L(a",x") L(a",x#)

a# L(a#,x!) L(a#,x") L(a#,x#)

...

..
.

action to choose:

note: a and x need not live in the same space

special cases when                     and x do live in the same space

posterior mean

posterior median

maximum a posteriori (MAP)

loss function

a∗ = argmin
a

∑

x

L(a, x) P(x)

a = x̂

L(x̂, x) = (x̂− x)2 x̂ =
∑

x

xP(x)

L(x̂, x) = |x̂− x|
x̂∑

x=−∞
P(x) =

1
2

L(x̂, x) =
{

0 if x=x̂
−1 otherwise

x̂ = argmax
x

P(x)
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KÖLTSÉGFÜGGYVÉNY

▸ Hogyan határozza meg a költségfüggvény a döntésünket? 

▸ Speciális eset: a döntés ugyanabban a térben születik, 
mint az inferencia, ekkor a döntés eredménye egy speciális 
    kiválasztása

Probabilistic models of learning and memory — Uncertainty and Bayesian Inference http://www.eng.cam.ac.uk/~m.lengyelCEU, Budapest, 22-26 June 2009

BAYESIAN DECISION THEORY
(HOW TO MAKE POINT ESTIMATES)

8

state of the world
x! x" x#

action

a! L(a!,x!) L(a!,x") L(a!,x#)

a" L(a",x!) L(a",x") L(a",x#)

a# L(a#,x!) L(a#,x") L(a#,x#)

...

..
.

action to choose:

note: a and x need not live in the same space

special cases when                     and x do live in the same space

posterior mean

posterior median

maximum a posteriori (MAP)

loss function

a∗ = argmin
a

∑

x

L(a, x) P(x)

a = x̂

L(x̂, x) = (x̂− x)2 x̂ =
∑

x

xP(x)

L(x̂, x) = |x̂− x|
x̂∑

x=−∞
P(x) =

1
2

L(x̂, x) =
{

0 if x=x̂
−1 otherwise

x̂ = argmax
x

P(x)

Probabilistic models of learning and memory — Uncertainty and Bayesian Inference http://www.eng.cam.ac.uk/~m.lengyelCEU, Budapest, 22-26 June 2009

BAYESIAN DECISION THEORY
(HOW TO MAKE POINT ESTIMATES)

8

state of the world
x! x" x#

action

a! L(a!,x!) L(a!,x") L(a!,x#)

a" L(a",x!) L(a",x") L(a",x#)

a# L(a#,x!) L(a#,x") L(a#,x#)

...

..
.

action to choose:

note: a and x need not live in the same space

special cases when                     and x do live in the same space

posterior mean

posterior median

maximum a posteriori (MAP)

loss function

a∗ = argmin
a

∑

x

L(a, x) P(x)

a = x̂

L(x̂, x) = (x̂− x)2 x̂ =
∑

x

xP(x)

L(x̂, x) = |x̂− x|
x̂∑

x=−∞
P(x) =

1
2

L(x̂, x) =
{

0 if x=x̂
−1 otherwise

x̂ = argmax
x

P(x)

Probabilistic models of learning and memory — Uncertainty and Bayesian Inference http://www.eng.cam.ac.uk/~m.lengyelCEU, Budapest, 22-26 June 2009

BAYESIAN DECISION THEORY
(HOW TO MAKE POINT ESTIMATES)

8

state of the world
x! x" x#

action

a! L(a!,x!) L(a!,x") L(a!,x#)

a" L(a",x!) L(a",x") L(a",x#)

a# L(a#,x!) L(a#,x") L(a#,x#)

...

..
.

action to choose:

note: a and x need not live in the same space

special cases when                     and x do live in the same space

posterior mean

posterior median

maximum a posteriori (MAP)

loss function

a∗ = argmin
a

∑

x

L(a, x) P(x)

a = x̂

L(x̂, x) = (x̂− x)2 x̂ =
∑

x

xP(x)

L(x̂, x) = |x̂− x|
x̂∑

x=−∞
P(x) =

1
2

L(x̂, x) =
{

0 if x=x̂
−1 otherwise

x̂ = argmax
x

P(x)

0 0.2 0.4 0.6 0.8 10

1

2

3

4

x

P(
x)

0 0.2 0.4 0.6 0.8 10

1

2

3

4

x

P(
x)

0 0.2 0.4 0.6 0.8 10

1

2

3

4

x

P(
x)

0 0.2 0.4 0.6 0.8 10

1

2

3

4

x

P(
x)

x̂



TROMMERHAUSER, MALONEY, & LANDY, 2008

▸ Motoros/szenzoros zaj 

▸ Kísérletben kontrollált költségfüggvény

changing stochastic variability [8,25] or combining noisy
sensory input with prior information [26–29].

These results have implications for understanding
movement planning and motor control. Typical compu-
tational approaches to modeling movement-planning take
the form of an optimization problem, in which the cost
function to be minimized is biomechanical and the optim-
ization goal is to minimize some measure of stress on the
muscles and joints. These models differ primarily in the
choice of the cost function. Possible biomechanical cost
functions include measures of joint mobility [30,31],
muscle-tension changes [32], mean-squared rate of change
of acceleration [33], mean torque change [34], total energy
expenditure [35] and peak work [36]. These biomechanical
models have successfully been applied to model the nearly
straight paths and bell-shaped velocity profiles of arm
movements and also capture the human ability to adapt
to forces applied during movement execution [37]. We
emphasize that these models cannot be used to predict
subjects’ performance in our movement-decision tasks in
which performance also depends on externally imposed
rewards and penalties. Moreover, subjects came close to
maximizing expected gain with arbitrary, novel penalties
and rewards imposed on outcomes by the experimenter.

Subjects do not always come close to maximizing
expected gain in movement planning; for example when
the number of penalty and reward regions is increased [38]
and when the reward or penalty received is stochastic
rather than determined by the outcome of the subject’s
movement [39]. Furthermore, when the penalty is so high
that the aim point that maximizes expected gain lies out-
side of the target, results indicate that subjects prefer not
to aim outside of the target that they are trying to hit [8].
Thus, although there is a collection of motor tasks (as
described earlier) in which performance is remarkably
good, we cannot simply claim that performance in any
task with a speeded motor response will come close to
maximizing expected gain. Further work is needed to
delimit the range of movement-planning tasks in which
subjects do well.

One evident question is: are subjects maximizing
expected gain gradually by a process of trial and error?

Learning probabilities versus practicing the task
We were surprised to learn that subjects do not show
trends that are consistent with a gradual approach to
maximizing expected gain. The design of our studies [6–
8] and related work [23] had a peculiar structure. Before
the ‘decision-making’ phase of the experiment, subjects
practiced the speededmotor task extensively by repeatedly
touching single circular targets. During this initial train-
ing period, the experimenter monitored their motor per-
formance until it stabilized and the experimenter could
measure the residual motor variability of each subject.

Only after training did subjects learn about the gains
and losses assigned to each region in the experimental
condition. They were not explicitly told to take into account
the spatial locations of reward and penalty regions and the
magnitude of penalty and reward, but their highly efficient
performance indicates that they did so from the first trial in
which rewards and penalties were specified.

To summarize, in these experiments subjects were first
trained to be ‘motor experts’ in a simple task in which they
were instructed to touch targets on the screen. Only then
were they given a task involving trade-offs between
rewards and penalties. There were no obvious trends in
the aim points of subjects [6,7] that would indicate that
they were modifying their decision-making strategy as
they gained experience with the decision-making task
(Figure 2a).

To see how unusual this outcome is, consider applying a
simple reinforcement-learning model according to which
the aim point is adjusted gradually in response to rewards
and penalties incurred [40–42]. In the absence of any
reward or penalty, a learning model based on reward
and penalty would predict that the subject should aim
at the center of the green circle, just as in the training
trials. The subject would then gradually alter the aim point
in response to rewards and penalties incurred until the
final aim point maximized expected gain (Figure 2b).

Figure 1. Reaching under risk. (a) An example of a stimulus configuration presented on a display screen. The subject must rapidly reach out and touch the screen. If the
screen is hit within the green circle, 2.5 cents are awarded. If hit within the red circle, there is a penalty of 12.5 cents. The circles are small (9 mm radius) and the subject
cannot completely control this rapid movement because timing constraints force it to be rapid. In Box 1 we explain what the subject should do to maximize winnings. (b) A
comparison of subjects’ performance to the performance that would maximize expected gain. The shift of subjects’ mean movement end points from the center of the
green target region is plotted as a function of the shift of mean movement end point that would maximize expected gain for five different subjects (indicated by five different
symbols) and the six different target-penalty configurations shown in Figure 2a. Replotted, with permission, from Figure 5a in Ref. [6].
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touching single circular targets. During this initial train-
ing period, the experimenter monitored their motor per-
formance until it stabilized and the experimenter could
measure the residual motor variability of each subject.

Only after training did subjects learn about the gains
and losses assigned to each region in the experimental
condition. They were not explicitly told to take into account
the spatial locations of reward and penalty regions and the
magnitude of penalty and reward, but their highly efficient
performance indicates that they did so from the first trial in
which rewards and penalties were specified.

To summarize, in these experiments subjects were first
trained to be ‘motor experts’ in a simple task in which they
were instructed to touch targets on the screen. Only then
were they given a task involving trade-offs between
rewards and penalties. There were no obvious trends in
the aim points of subjects [6,7] that would indicate that
they were modifying their decision-making strategy as
they gained experience with the decision-making task
(Figure 2a).

To see how unusual this outcome is, consider applying a
simple reinforcement-learning model according to which
the aim point is adjusted gradually in response to rewards
and penalties incurred [40–42]. In the absence of any
reward or penalty, a learning model based on reward
and penalty would predict that the subject should aim
at the center of the green circle, just as in the training
trials. The subject would then gradually alter the aim point
in response to rewards and penalties incurred until the
final aim point maximized expected gain (Figure 2b).

Figure 1. Reaching under risk. (a) An example of a stimulus configuration presented on a display screen. The subject must rapidly reach out and touch the screen. If the
screen is hit within the green circle, 2.5 cents are awarded. If hit within the red circle, there is a penalty of 12.5 cents. The circles are small (9 mm radius) and the subject
cannot completely control this rapid movement because timing constraints force it to be rapid. In Box 1 we explain what the subject should do to maximize winnings. (b) A
comparison of subjects’ performance to the performance that would maximize expected gain. The shift of subjects’ mean movement end points from the center of the
green target region is plotted as a function of the shift of mean movement end point that would maximize expected gain for five different subjects (indicated by five different
symbols) and the six different target-penalty configurations shown in Figure 2a. Replotted, with permission, from Figure 5a in Ref. [6].
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Figure 1. Reaching under risk. (a) An example of a stimulus configuration presented on a display screen. The subject must rapidly reach out and touch the screen. If the
screen is hit within the green circle, 2.5 cents are awarded. If hit within the red circle, there is a penalty of 12.5 cents. The circles are small (9 mm radius) and the subject
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practiced the speededmotor task extensively by repeatedly
touching single circular targets. During this initial train-
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measure the residual motor variability of each subject.

Only after training did subjects learn about the gains
and losses assigned to each region in the experimental
condition. They were not explicitly told to take into account
the spatial locations of reward and penalty regions and the
magnitude of penalty and reward, but their highly efficient
performance indicates that they did so from the first trial in
which rewards and penalties were specified.

To summarize, in these experiments subjects were first
trained to be ‘motor experts’ in a simple task in which they
were instructed to touch targets on the screen. Only then
were they given a task involving trade-offs between
rewards and penalties. There were no obvious trends in
the aim points of subjects [6,7] that would indicate that
they were modifying their decision-making strategy as
they gained experience with the decision-making task
(Figure 2a).

To see how unusual this outcome is, consider applying a
simple reinforcement-learning model according to which
the aim point is adjusted gradually in response to rewards
and penalties incurred [40–42]. In the absence of any
reward or penalty, a learning model based on reward
and penalty would predict that the subject should aim
at the center of the green circle, just as in the training
trials. The subject would then gradually alter the aim point
in response to rewards and penalties incurred until the
final aim point maximized expected gain (Figure 2b).

Figure 1. Reaching under risk. (a) An example of a stimulus configuration presented on a display screen. The subject must rapidly reach out and touch the screen. If the
screen is hit within the green circle, 2.5 cents are awarded. If hit within the red circle, there is a penalty of 12.5 cents. The circles are small (9 mm radius) and the subject
cannot completely control this rapid movement because timing constraints force it to be rapid. In Box 1 we explain what the subject should do to maximize winnings. (b) A
comparison of subjects’ performance to the performance that would maximize expected gain. The shift of subjects’ mean movement end points from the center of the
green target region is plotted as a function of the shift of mean movement end point that would maximize expected gain for five different subjects (indicated by five different
symbols) and the six different target-penalty configurations shown in Figure 2a. Replotted, with permission, from Figure 5a in Ref. [6].
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Subjects do not always come close to maximizing
expected gain in movement planning; for example when
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and losses assigned to each region in the experimental
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which rewards and penalties were specified.

To summarize, in these experiments subjects were first
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the ‘decision-making’ phase of the experiment, subjects
practiced the speededmotor task extensively by repeatedly
touching single circular targets. During this initial train-
ing period, the experimenter monitored their motor per-
formance until it stabilized and the experimenter could
measure the residual motor variability of each subject.

Only after training did subjects learn about the gains
and losses assigned to each region in the experimental
condition. They were not explicitly told to take into account
the spatial locations of reward and penalty regions and the
magnitude of penalty and reward, but their highly efficient
performance indicates that they did so from the first trial in
which rewards and penalties were specified.

To summarize, in these experiments subjects were first
trained to be ‘motor experts’ in a simple task in which they
were instructed to touch targets on the screen. Only then
were they given a task involving trade-offs between
rewards and penalties. There were no obvious trends in
the aim points of subjects [6,7] that would indicate that
they were modifying their decision-making strategy as
they gained experience with the decision-making task
(Figure 2a).

To see how unusual this outcome is, consider applying a
simple reinforcement-learning model according to which
the aim point is adjusted gradually in response to rewards
and penalties incurred [40–42]. In the absence of any
reward or penalty, a learning model based on reward
and penalty would predict that the subject should aim
at the center of the green circle, just as in the training
trials. The subject would then gradually alter the aim point
in response to rewards and penalties incurred until the
final aim point maximized expected gain (Figure 2b).

Figure 1. Reaching under risk. (a) An example of a stimulus configuration presented on a display screen. The subject must rapidly reach out and touch the screen. If the
screen is hit within the green circle, 2.5 cents are awarded. If hit within the red circle, there is a penalty of 12.5 cents. The circles are small (9 mm radius) and the subject
cannot completely control this rapid movement because timing constraints force it to be rapid. In Box 1 we explain what the subject should do to maximize winnings. (b) A
comparison of subjects’ performance to the performance that would maximize expected gain. The shift of subjects’ mean movement end points from the center of the
green target region is plotted as a function of the shift of mean movement end point that would maximize expected gain for five different subjects (indicated by five different
symbols) and the six different target-penalty configurations shown in Figure 2a. Replotted, with permission, from Figure 5a in Ref. [6].
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Within the short time limit for movement execution, the
movement cannot be completely controlled: even if the
subject aims at the center of the green circle there is a
real chance of missing it. And, if the subject aims too close
to the center of the green circle, there is a risk of hitting
inside the red. So, where should the subject aim?

In Box 1, we show how to interpret the subject’s choice
of aim point as a choice among lotteries and how to
determine the aim point that maximizes expected gain.
An economist would use the term ‘utility’, whereas a
researcher inmotor controlwould opt for ‘cost’ or ‘biological
cost’, and a statistician would use ‘loss’ or ‘loss function’.
Adopting a field-neutral term, we refer to rewards and
penalties associated with outcomes as ‘gains’, whether
positive or negative.

We were surprised to discover that, in this decision task
in motor form, participants typically chose visuo-motor
plans that came close to maximizing expected gain.
Figure 1b is a plot of the subjects’ displacement in the
horizontal direction away from the center of the green
circle versus the displacement that would maximize
expected gain, combining data across several experimental
conditions varying the penalty amount and distance be-
tween target and penalty circles [6,7].

Additional research has extended this conclusion to
tasks that involve precise timing and trade-off between
movement time and reward [23,24] and to tasks involving
rapid choices between possible movement targets [9]. In
most cases, human subjects choose strategies that come
close to maximizing expected gain in motor tasks with

Box 1. Constructing motor lotteries

In the main text, we describe a movement task equivalent to decision
making under risk. On each trial in the task, subjects have to reach out
and touch a computer screen within a limited period of time (e.g.
700 ms). Hits inside a green target region, displayed on a computer
screen, yield a gain of 2.5 cents; accidental hits inside a nearby red
penalty region incur losses of 12.5 cents. Movements that do not
reach the screen within the time limit are heavily penalized (after
training, they almost never occur). The subject is not completely
under control of the movement outcome due to the short time limit
[43]. Figure I shows simulated outcomes of attempts to hit the target
center.

A movement that reaches the screen within the time limit can end in
one of four possible regions: penalty only (region R1, gain G1 = !12.5),
target and penalty overlap (region R2, gain G2 = !10), target only
(region R3, gain G3 = 2.5) or neither/background (region R4, gain
G4 = 0). On evaluating movement plans in this task, visuo-motor
plans that lead to a touch on the screen within the time limit differ
only to the extent that they affect the probability Ps(Ri) of hitting each
of the four regions Ri, where i = !1, . . ., 4. The combination of event

probabilities Ps(Ri) resulting from a particular visuo-motor plan (aim
point) s and associated gains Gi form a lottery:

LðsÞ ¼ ½PsðR1Þ;G1;PsðR2Þ;G2;PsðR3Þ;G3;PsðR4Þ;G4& [Equation I]
An alternative visuo-motor plan s0 corresponds to a second lottery:

Lðs0Þ ¼ ½Ps0 ðR1Þ;G1;Ps0 ðR2Þ;G2;Ps0 ðR3Þ;G3;Ps0 ðR4Þ;G4& [Equation II]

Each lottery corresponds to an aim point. The lottery corresponding to
the aim point in Figure Ia has an expected gain of !2.8 cents per trial
(on average, the subject loses money), the expected gain associated
with the aim point in Figure Ib is 0.78 cents per trial. Obviously, the aim
point in Figure Ib offers higher expected gain. In planningmovement in
this task, subjects effectively choose between not just these two aim
points but an infinite number of aim points (lotteries). They are
engaged in a continuous decision-making task of extraordinary com-
plexity, and it is a task that is performed every time they move.

Figure Ic is a plot the expected gain associated with every possible
aim point with four of them highlighted. The aim point corresponding
to the yellow diamond maximizes expected gain for the subject in this
task.

Figure I. Equivalence of a movement task and decision making under risk. Subjects must touch a computer screen within a limited period of time (e.g. 700 ms). Subjects
can win 2.5 cents by hitting inside the green circle, lose 12.5 cents by hitting inside the red circle, lose 10 cents by hitting where the green and red circle overlap or win
nothing by hitting outside the stimulus configuration. Each possible aim point on the computer screen corresponds to a lottery. (a) Expected gain for a subject aiming at
the center of the green target (aim point indicated by the blue diamond). Black points indicate simulated end points for a representative subject (with 5.6 mm end-point
standard deviation); target and penalty circles have radii of 9 mm. This motor strategy yields an expected loss of 2.8 cents per trial. The numbers shown below the target
configuration describe the lottery corresponding to this aim point (i.e. the probabilities for hitting inside each region and the associated gain). (b) Expected gain for a
subject with the same motor uncertainty as in (a). Here, we simulate the same subject aiming towards the right of the target center (yellow diamond) to avoid accidental
hits inside the penalty circle. This strategy results in an expected gain of 0.78 cents per trial and corresponds to the strategy (aim point) that maximizes expected gain.
(c) Each possible aim point corresponds to a lottery and has a corresponding expected gain, shown by the grayscale background with four particular aim points
highlighted.
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changing stochastic variability [8,25] or combining noisy
sensory input with prior information [26–29].

These results have implications for understanding
movement planning and motor control. Typical compu-
tational approaches to modeling movement-planning take
the form of an optimization problem, in which the cost
function to be minimized is biomechanical and the optim-
ization goal is to minimize some measure of stress on the
muscles and joints. These models differ primarily in the
choice of the cost function. Possible biomechanical cost
functions include measures of joint mobility [30,31],
muscle-tension changes [32], mean-squared rate of change
of acceleration [33], mean torque change [34], total energy
expenditure [35] and peak work [36]. These biomechanical
models have successfully been applied to model the nearly
straight paths and bell-shaped velocity profiles of arm
movements and also capture the human ability to adapt
to forces applied during movement execution [37]. We
emphasize that these models cannot be used to predict
subjects’ performance in our movement-decision tasks in
which performance also depends on externally imposed
rewards and penalties. Moreover, subjects came close to
maximizing expected gain with arbitrary, novel penalties
and rewards imposed on outcomes by the experimenter.

Subjects do not always come close to maximizing
expected gain in movement planning; for example when
the number of penalty and reward regions is increased [38]
and when the reward or penalty received is stochastic
rather than determined by the outcome of the subject’s
movement [39]. Furthermore, when the penalty is so high
that the aim point that maximizes expected gain lies out-
side of the target, results indicate that subjects prefer not
to aim outside of the target that they are trying to hit [8].
Thus, although there is a collection of motor tasks (as
described earlier) in which performance is remarkably
good, we cannot simply claim that performance in any
task with a speeded motor response will come close to
maximizing expected gain. Further work is needed to
delimit the range of movement-planning tasks in which
subjects do well.

One evident question is: are subjects maximizing
expected gain gradually by a process of trial and error?

Learning probabilities versus practicing the task
We were surprised to learn that subjects do not show
trends that are consistent with a gradual approach to
maximizing expected gain. The design of our studies [6–
8] and related work [23] had a peculiar structure. Before
the ‘decision-making’ phase of the experiment, subjects
practiced the speededmotor task extensively by repeatedly
touching single circular targets. During this initial train-
ing period, the experimenter monitored their motor per-
formance until it stabilized and the experimenter could
measure the residual motor variability of each subject.

Only after training did subjects learn about the gains
and losses assigned to each region in the experimental
condition. They were not explicitly told to take into account
the spatial locations of reward and penalty regions and the
magnitude of penalty and reward, but their highly efficient
performance indicates that they did so from the first trial in
which rewards and penalties were specified.

To summarize, in these experiments subjects were first
trained to be ‘motor experts’ in a simple task in which they
were instructed to touch targets on the screen. Only then
were they given a task involving trade-offs between
rewards and penalties. There were no obvious trends in
the aim points of subjects [6,7] that would indicate that
they were modifying their decision-making strategy as
they gained experience with the decision-making task
(Figure 2a).

To see how unusual this outcome is, consider applying a
simple reinforcement-learning model according to which
the aim point is adjusted gradually in response to rewards
and penalties incurred [40–42]. In the absence of any
reward or penalty, a learning model based on reward
and penalty would predict that the subject should aim
at the center of the green circle, just as in the training
trials. The subject would then gradually alter the aim point
in response to rewards and penalties incurred until the
final aim point maximized expected gain (Figure 2b).

Figure 1. Reaching under risk. (a) An example of a stimulus configuration presented on a display screen. The subject must rapidly reach out and touch the screen. If the
screen is hit within the green circle, 2.5 cents are awarded. If hit within the red circle, there is a penalty of 12.5 cents. The circles are small (9 mm radius) and the subject
cannot completely control this rapid movement because timing constraints force it to be rapid. In Box 1 we explain what the subject should do to maximize winnings. (b) A
comparison of subjects’ performance to the performance that would maximize expected gain. The shift of subjects’ mean movement end points from the center of the
green target region is plotted as a function of the shift of mean movement end point that would maximize expected gain for five different subjects (indicated by five different
symbols) and the six different target-penalty configurations shown in Figure 2a. Replotted, with permission, from Figure 5a in Ref. [6].
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Within the short time limit for movement execution, the
movement cannot be completely controlled: even if the
subject aims at the center of the green circle there is a
real chance of missing it. And, if the subject aims too close
to the center of the green circle, there is a risk of hitting
inside the red. So, where should the subject aim?

In Box 1, we show how to interpret the subject’s choice
of aim point as a choice among lotteries and how to
determine the aim point that maximizes expected gain.
An economist would use the term ‘utility’, whereas a
researcher inmotor controlwould opt for ‘cost’ or ‘biological
cost’, and a statistician would use ‘loss’ or ‘loss function’.
Adopting a field-neutral term, we refer to rewards and
penalties associated with outcomes as ‘gains’, whether
positive or negative.

We were surprised to discover that, in this decision task
in motor form, participants typically chose visuo-motor
plans that came close to maximizing expected gain.
Figure 1b is a plot of the subjects’ displacement in the
horizontal direction away from the center of the green
circle versus the displacement that would maximize
expected gain, combining data across several experimental
conditions varying the penalty amount and distance be-
tween target and penalty circles [6,7].

Additional research has extended this conclusion to
tasks that involve precise timing and trade-off between
movement time and reward [23,24] and to tasks involving
rapid choices between possible movement targets [9]. In
most cases, human subjects choose strategies that come
close to maximizing expected gain in motor tasks with

Box 1. Constructing motor lotteries

In the main text, we describe a movement task equivalent to decision
making under risk. On each trial in the task, subjects have to reach out
and touch a computer screen within a limited period of time (e.g.
700 ms). Hits inside a green target region, displayed on a computer
screen, yield a gain of 2.5 cents; accidental hits inside a nearby red
penalty region incur losses of 12.5 cents. Movements that do not
reach the screen within the time limit are heavily penalized (after
training, they almost never occur). The subject is not completely
under control of the movement outcome due to the short time limit
[43]. Figure I shows simulated outcomes of attempts to hit the target
center.

A movement that reaches the screen within the time limit can end in
one of four possible regions: penalty only (region R1, gain G1 = !12.5),
target and penalty overlap (region R2, gain G2 = !10), target only
(region R3, gain G3 = 2.5) or neither/background (region R4, gain
G4 = 0). On evaluating movement plans in this task, visuo-motor
plans that lead to a touch on the screen within the time limit differ
only to the extent that they affect the probability Ps(Ri) of hitting each
of the four regions Ri, where i = !1, . . ., 4. The combination of event

probabilities Ps(Ri) resulting from a particular visuo-motor plan (aim
point) s and associated gains Gi form a lottery:

LðsÞ ¼ ½PsðR1Þ;G1;PsðR2Þ;G2;PsðR3Þ;G3;PsðR4Þ;G4& [Equation I]
An alternative visuo-motor plan s0 corresponds to a second lottery:

Lðs0Þ ¼ ½Ps0 ðR1Þ;G1;Ps0 ðR2Þ;G2;Ps0 ðR3Þ;G3;Ps0 ðR4Þ;G4& [Equation II]

Each lottery corresponds to an aim point. The lottery corresponding to
the aim point in Figure Ia has an expected gain of !2.8 cents per trial
(on average, the subject loses money), the expected gain associated
with the aim point in Figure Ib is 0.78 cents per trial. Obviously, the aim
point in Figure Ib offers higher expected gain. In planningmovement in
this task, subjects effectively choose between not just these two aim
points but an infinite number of aim points (lotteries). They are
engaged in a continuous decision-making task of extraordinary com-
plexity, and it is a task that is performed every time they move.

Figure Ic is a plot the expected gain associated with every possible
aim point with four of them highlighted. The aim point corresponding
to the yellow diamond maximizes expected gain for the subject in this
task.

Figure I. Equivalence of a movement task and decision making under risk. Subjects must touch a computer screen within a limited period of time (e.g. 700 ms). Subjects
can win 2.5 cents by hitting inside the green circle, lose 12.5 cents by hitting inside the red circle, lose 10 cents by hitting where the green and red circle overlap or win
nothing by hitting outside the stimulus configuration. Each possible aim point on the computer screen corresponds to a lottery. (a) Expected gain for a subject aiming at
the center of the green target (aim point indicated by the blue diamond). Black points indicate simulated end points for a representative subject (with 5.6 mm end-point
standard deviation); target and penalty circles have radii of 9 mm. This motor strategy yields an expected loss of 2.8 cents per trial. The numbers shown below the target
configuration describe the lottery corresponding to this aim point (i.e. the probabilities for hitting inside each region and the associated gain). (b) Expected gain for a
subject with the same motor uncertainty as in (a). Here, we simulate the same subject aiming towards the right of the target center (yellow diamond) to avoid accidental
hits inside the penalty circle. This strategy results in an expected gain of 0.78 cents per trial and corresponds to the strategy (aim point) that maximizes expected gain.
(c) Each possible aim point corresponds to a lottery and has a corresponding expected gain, shown by the grayscale background with four particular aim points
highlighted.
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Within the short time limit for movement execution, the
movement cannot be completely controlled: even if the
subject aims at the center of the green circle there is a
real chance of missing it. And, if the subject aims too close
to the center of the green circle, there is a risk of hitting
inside the red. So, where should the subject aim?

In Box 1, we show how to interpret the subject’s choice
of aim point as a choice among lotteries and how to
determine the aim point that maximizes expected gain.
An economist would use the term ‘utility’, whereas a
researcher inmotor controlwould opt for ‘cost’ or ‘biological
cost’, and a statistician would use ‘loss’ or ‘loss function’.
Adopting a field-neutral term, we refer to rewards and
penalties associated with outcomes as ‘gains’, whether
positive or negative.

We were surprised to discover that, in this decision task
in motor form, participants typically chose visuo-motor
plans that came close to maximizing expected gain.
Figure 1b is a plot of the subjects’ displacement in the
horizontal direction away from the center of the green
circle versus the displacement that would maximize
expected gain, combining data across several experimental
conditions varying the penalty amount and distance be-
tween target and penalty circles [6,7].

Additional research has extended this conclusion to
tasks that involve precise timing and trade-off between
movement time and reward [23,24] and to tasks involving
rapid choices between possible movement targets [9]. In
most cases, human subjects choose strategies that come
close to maximizing expected gain in motor tasks with

Box 1. Constructing motor lotteries

In the main text, we describe a movement task equivalent to decision
making under risk. On each trial in the task, subjects have to reach out
and touch a computer screen within a limited period of time (e.g.
700 ms). Hits inside a green target region, displayed on a computer
screen, yield a gain of 2.5 cents; accidental hits inside a nearby red
penalty region incur losses of 12.5 cents. Movements that do not
reach the screen within the time limit are heavily penalized (after
training, they almost never occur). The subject is not completely
under control of the movement outcome due to the short time limit
[43]. Figure I shows simulated outcomes of attempts to hit the target
center.

A movement that reaches the screen within the time limit can end in
one of four possible regions: penalty only (region R1, gain G1 = !12.5),
target and penalty overlap (region R2, gain G2 = !10), target only
(region R3, gain G3 = 2.5) or neither/background (region R4, gain
G4 = 0). On evaluating movement plans in this task, visuo-motor
plans that lead to a touch on the screen within the time limit differ
only to the extent that they affect the probability Ps(Ri) of hitting each
of the four regions Ri, where i = !1, . . ., 4. The combination of event

probabilities Ps(Ri) resulting from a particular visuo-motor plan (aim
point) s and associated gains Gi form a lottery:

LðsÞ ¼ ½PsðR1Þ;G1;PsðR2Þ;G2;PsðR3Þ;G3;PsðR4Þ;G4& [Equation I]
An alternative visuo-motor plan s0 corresponds to a second lottery:

Lðs0Þ ¼ ½Ps0 ðR1Þ;G1;Ps0 ðR2Þ;G2;Ps0 ðR3Þ;G3;Ps0 ðR4Þ;G4& [Equation II]

Each lottery corresponds to an aim point. The lottery corresponding to
the aim point in Figure Ia has an expected gain of !2.8 cents per trial
(on average, the subject loses money), the expected gain associated
with the aim point in Figure Ib is 0.78 cents per trial. Obviously, the aim
point in Figure Ib offers higher expected gain. In planningmovement in
this task, subjects effectively choose between not just these two aim
points but an infinite number of aim points (lotteries). They are
engaged in a continuous decision-making task of extraordinary com-
plexity, and it is a task that is performed every time they move.

Figure Ic is a plot the expected gain associated with every possible
aim point with four of them highlighted. The aim point corresponding
to the yellow diamond maximizes expected gain for the subject in this
task.

Figure I. Equivalence of a movement task and decision making under risk. Subjects must touch a computer screen within a limited period of time (e.g. 700 ms). Subjects
can win 2.5 cents by hitting inside the green circle, lose 12.5 cents by hitting inside the red circle, lose 10 cents by hitting where the green and red circle overlap or win
nothing by hitting outside the stimulus configuration. Each possible aim point on the computer screen corresponds to a lottery. (a) Expected gain for a subject aiming at
the center of the green target (aim point indicated by the blue diamond). Black points indicate simulated end points for a representative subject (with 5.6 mm end-point
standard deviation); target and penalty circles have radii of 9 mm. This motor strategy yields an expected loss of 2.8 cents per trial. The numbers shown below the target
configuration describe the lottery corresponding to this aim point (i.e. the probabilities for hitting inside each region and the associated gain). (b) Expected gain for a
subject with the same motor uncertainty as in (a). Here, we simulate the same subject aiming towards the right of the target center (yellow diamond) to avoid accidental
hits inside the penalty circle. This strategy results in an expected gain of 0.78 cents per trial and corresponds to the strategy (aim point) that maximizes expected gain.
(c) Each possible aim point corresponds to a lottery and has a corresponding expected gain, shown by the grayscale background with four particular aim points
highlighted.
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changing stochastic variability [8,25] or combining noisy
sensory input with prior information [26–29].

These results have implications for understanding
movement planning and motor control. Typical compu-
tational approaches to modeling movement-planning take
the form of an optimization problem, in which the cost
function to be minimized is biomechanical and the optim-
ization goal is to minimize some measure of stress on the
muscles and joints. These models differ primarily in the
choice of the cost function. Possible biomechanical cost
functions include measures of joint mobility [30,31],
muscle-tension changes [32], mean-squared rate of change
of acceleration [33], mean torque change [34], total energy
expenditure [35] and peak work [36]. These biomechanical
models have successfully been applied to model the nearly
straight paths and bell-shaped velocity profiles of arm
movements and also capture the human ability to adapt
to forces applied during movement execution [37]. We
emphasize that these models cannot be used to predict
subjects’ performance in our movement-decision tasks in
which performance also depends on externally imposed
rewards and penalties. Moreover, subjects came close to
maximizing expected gain with arbitrary, novel penalties
and rewards imposed on outcomes by the experimenter.

Subjects do not always come close to maximizing
expected gain in movement planning; for example when
the number of penalty and reward regions is increased [38]
and when the reward or penalty received is stochastic
rather than determined by the outcome of the subject’s
movement [39]. Furthermore, when the penalty is so high
that the aim point that maximizes expected gain lies out-
side of the target, results indicate that subjects prefer not
to aim outside of the target that they are trying to hit [8].
Thus, although there is a collection of motor tasks (as
described earlier) in which performance is remarkably
good, we cannot simply claim that performance in any
task with a speeded motor response will come close to
maximizing expected gain. Further work is needed to
delimit the range of movement-planning tasks in which
subjects do well.

One evident question is: are subjects maximizing
expected gain gradually by a process of trial and error?

Learning probabilities versus practicing the task
We were surprised to learn that subjects do not show
trends that are consistent with a gradual approach to
maximizing expected gain. The design of our studies [6–
8] and related work [23] had a peculiar structure. Before
the ‘decision-making’ phase of the experiment, subjects
practiced the speededmotor task extensively by repeatedly
touching single circular targets. During this initial train-
ing period, the experimenter monitored their motor per-
formance until it stabilized and the experimenter could
measure the residual motor variability of each subject.

Only after training did subjects learn about the gains
and losses assigned to each region in the experimental
condition. They were not explicitly told to take into account
the spatial locations of reward and penalty regions and the
magnitude of penalty and reward, but their highly efficient
performance indicates that they did so from the first trial in
which rewards and penalties were specified.

To summarize, in these experiments subjects were first
trained to be ‘motor experts’ in a simple task in which they
were instructed to touch targets on the screen. Only then
were they given a task involving trade-offs between
rewards and penalties. There were no obvious trends in
the aim points of subjects [6,7] that would indicate that
they were modifying their decision-making strategy as
they gained experience with the decision-making task
(Figure 2a).

To see how unusual this outcome is, consider applying a
simple reinforcement-learning model according to which
the aim point is adjusted gradually in response to rewards
and penalties incurred [40–42]. In the absence of any
reward or penalty, a learning model based on reward
and penalty would predict that the subject should aim
at the center of the green circle, just as in the training
trials. The subject would then gradually alter the aim point
in response to rewards and penalties incurred until the
final aim point maximized expected gain (Figure 2b).

Figure 1. Reaching under risk. (a) An example of a stimulus configuration presented on a display screen. The subject must rapidly reach out and touch the screen. If the
screen is hit within the green circle, 2.5 cents are awarded. If hit within the red circle, there is a penalty of 12.5 cents. The circles are small (9 mm radius) and the subject
cannot completely control this rapid movement because timing constraints force it to be rapid. In Box 1 we explain what the subject should do to maximize winnings. (b) A
comparison of subjects’ performance to the performance that would maximize expected gain. The shift of subjects’ mean movement end points from the center of the
green target region is plotted as a function of the shift of mean movement end point that would maximize expected gain for five different subjects (indicated by five different
symbols) and the six different target-penalty configurations shown in Figure 2a. Replotted, with permission, from Figure 5a in Ref. [6].
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Within the short time limit for movement execution, the
movement cannot be completely controlled: even if the
subject aims at the center of the green circle there is a
real chance of missing it. And, if the subject aims too close
to the center of the green circle, there is a risk of hitting
inside the red. So, where should the subject aim?

In Box 1, we show how to interpret the subject’s choice
of aim point as a choice among lotteries and how to
determine the aim point that maximizes expected gain.
An economist would use the term ‘utility’, whereas a
researcher inmotor controlwould opt for ‘cost’ or ‘biological
cost’, and a statistician would use ‘loss’ or ‘loss function’.
Adopting a field-neutral term, we refer to rewards and
penalties associated with outcomes as ‘gains’, whether
positive or negative.

We were surprised to discover that, in this decision task
in motor form, participants typically chose visuo-motor
plans that came close to maximizing expected gain.
Figure 1b is a plot of the subjects’ displacement in the
horizontal direction away from the center of the green
circle versus the displacement that would maximize
expected gain, combining data across several experimental
conditions varying the penalty amount and distance be-
tween target and penalty circles [6,7].

Additional research has extended this conclusion to
tasks that involve precise timing and trade-off between
movement time and reward [23,24] and to tasks involving
rapid choices between possible movement targets [9]. In
most cases, human subjects choose strategies that come
close to maximizing expected gain in motor tasks with

Box 1. Constructing motor lotteries

In the main text, we describe a movement task equivalent to decision
making under risk. On each trial in the task, subjects have to reach out
and touch a computer screen within a limited period of time (e.g.
700 ms). Hits inside a green target region, displayed on a computer
screen, yield a gain of 2.5 cents; accidental hits inside a nearby red
penalty region incur losses of 12.5 cents. Movements that do not
reach the screen within the time limit are heavily penalized (after
training, they almost never occur). The subject is not completely
under control of the movement outcome due to the short time limit
[43]. Figure I shows simulated outcomes of attempts to hit the target
center.

A movement that reaches the screen within the time limit can end in
one of four possible regions: penalty only (region R1, gain G1 = !12.5),
target and penalty overlap (region R2, gain G2 = !10), target only
(region R3, gain G3 = 2.5) or neither/background (region R4, gain
G4 = 0). On evaluating movement plans in this task, visuo-motor
plans that lead to a touch on the screen within the time limit differ
only to the extent that they affect the probability Ps(Ri) of hitting each
of the four regions Ri, where i = !1, . . ., 4. The combination of event

probabilities Ps(Ri) resulting from a particular visuo-motor plan (aim
point) s and associated gains Gi form a lottery:

LðsÞ ¼ ½PsðR1Þ;G1;PsðR2Þ;G2;PsðR3Þ;G3;PsðR4Þ;G4& [Equation I]
An alternative visuo-motor plan s0 corresponds to a second lottery:

Lðs0Þ ¼ ½Ps0 ðR1Þ;G1;Ps0 ðR2Þ;G2;Ps0 ðR3Þ;G3;Ps0 ðR4Þ;G4& [Equation II]

Each lottery corresponds to an aim point. The lottery corresponding to
the aim point in Figure Ia has an expected gain of !2.8 cents per trial
(on average, the subject loses money), the expected gain associated
with the aim point in Figure Ib is 0.78 cents per trial. Obviously, the aim
point in Figure Ib offers higher expected gain. In planningmovement in
this task, subjects effectively choose between not just these two aim
points but an infinite number of aim points (lotteries). They are
engaged in a continuous decision-making task of extraordinary com-
plexity, and it is a task that is performed every time they move.

Figure Ic is a plot the expected gain associated with every possible
aim point with four of them highlighted. The aim point corresponding
to the yellow diamond maximizes expected gain for the subject in this
task.

Figure I. Equivalence of a movement task and decision making under risk. Subjects must touch a computer screen within a limited period of time (e.g. 700 ms). Subjects
can win 2.5 cents by hitting inside the green circle, lose 12.5 cents by hitting inside the red circle, lose 10 cents by hitting where the green and red circle overlap or win
nothing by hitting outside the stimulus configuration. Each possible aim point on the computer screen corresponds to a lottery. (a) Expected gain for a subject aiming at
the center of the green target (aim point indicated by the blue diamond). Black points indicate simulated end points for a representative subject (with 5.6 mm end-point
standard deviation); target and penalty circles have radii of 9 mm. This motor strategy yields an expected loss of 2.8 cents per trial. The numbers shown below the target
configuration describe the lottery corresponding to this aim point (i.e. the probabilities for hitting inside each region and the associated gain). (b) Expected gain for a
subject with the same motor uncertainty as in (a). Here, we simulate the same subject aiming towards the right of the target center (yellow diamond) to avoid accidental
hits inside the penalty circle. This strategy results in an expected gain of 0.78 cents per trial and corresponds to the strategy (aim point) that maximizes expected gain.
(c) Each possible aim point corresponds to a lottery and has a corresponding expected gain, shown by the grayscale background with four particular aim points
highlighted.
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Within the short time limit for movement execution, the
movement cannot be completely controlled: even if the
subject aims at the center of the green circle there is a
real chance of missing it. And, if the subject aims too close
to the center of the green circle, there is a risk of hitting
inside the red. So, where should the subject aim?

In Box 1, we show how to interpret the subject’s choice
of aim point as a choice among lotteries and how to
determine the aim point that maximizes expected gain.
An economist would use the term ‘utility’, whereas a
researcher inmotor controlwould opt for ‘cost’ or ‘biological
cost’, and a statistician would use ‘loss’ or ‘loss function’.
Adopting a field-neutral term, we refer to rewards and
penalties associated with outcomes as ‘gains’, whether
positive or negative.

We were surprised to discover that, in this decision task
in motor form, participants typically chose visuo-motor
plans that came close to maximizing expected gain.
Figure 1b is a plot of the subjects’ displacement in the
horizontal direction away from the center of the green
circle versus the displacement that would maximize
expected gain, combining data across several experimental
conditions varying the penalty amount and distance be-
tween target and penalty circles [6,7].

Additional research has extended this conclusion to
tasks that involve precise timing and trade-off between
movement time and reward [23,24] and to tasks involving
rapid choices between possible movement targets [9]. In
most cases, human subjects choose strategies that come
close to maximizing expected gain in motor tasks with

Box 1. Constructing motor lotteries

In the main text, we describe a movement task equivalent to decision
making under risk. On each trial in the task, subjects have to reach out
and touch a computer screen within a limited period of time (e.g.
700 ms). Hits inside a green target region, displayed on a computer
screen, yield a gain of 2.5 cents; accidental hits inside a nearby red
penalty region incur losses of 12.5 cents. Movements that do not
reach the screen within the time limit are heavily penalized (after
training, they almost never occur). The subject is not completely
under control of the movement outcome due to the short time limit
[43]. Figure I shows simulated outcomes of attempts to hit the target
center.

A movement that reaches the screen within the time limit can end in
one of four possible regions: penalty only (region R1, gain G1 = !12.5),
target and penalty overlap (region R2, gain G2 = !10), target only
(region R3, gain G3 = 2.5) or neither/background (region R4, gain
G4 = 0). On evaluating movement plans in this task, visuo-motor
plans that lead to a touch on the screen within the time limit differ
only to the extent that they affect the probability Ps(Ri) of hitting each
of the four regions Ri, where i = !1, . . ., 4. The combination of event

probabilities Ps(Ri) resulting from a particular visuo-motor plan (aim
point) s and associated gains Gi form a lottery:

LðsÞ ¼ ½PsðR1Þ;G1;PsðR2Þ;G2;PsðR3Þ;G3;PsðR4Þ;G4& [Equation I]
An alternative visuo-motor plan s0 corresponds to a second lottery:

Lðs0Þ ¼ ½Ps0 ðR1Þ;G1;Ps0 ðR2Þ;G2;Ps0 ðR3Þ;G3;Ps0 ðR4Þ;G4& [Equation II]

Each lottery corresponds to an aim point. The lottery corresponding to
the aim point in Figure Ia has an expected gain of !2.8 cents per trial
(on average, the subject loses money), the expected gain associated
with the aim point in Figure Ib is 0.78 cents per trial. Obviously, the aim
point in Figure Ib offers higher expected gain. In planningmovement in
this task, subjects effectively choose between not just these two aim
points but an infinite number of aim points (lotteries). They are
engaged in a continuous decision-making task of extraordinary com-
plexity, and it is a task that is performed every time they move.

Figure Ic is a plot the expected gain associated with every possible
aim point with four of them highlighted. The aim point corresponding
to the yellow diamond maximizes expected gain for the subject in this
task.

Figure I. Equivalence of a movement task and decision making under risk. Subjects must touch a computer screen within a limited period of time (e.g. 700 ms). Subjects
can win 2.5 cents by hitting inside the green circle, lose 12.5 cents by hitting inside the red circle, lose 10 cents by hitting where the green and red circle overlap or win
nothing by hitting outside the stimulus configuration. Each possible aim point on the computer screen corresponds to a lottery. (a) Expected gain for a subject aiming at
the center of the green target (aim point indicated by the blue diamond). Black points indicate simulated end points for a representative subject (with 5.6 mm end-point
standard deviation); target and penalty circles have radii of 9 mm. This motor strategy yields an expected loss of 2.8 cents per trial. The numbers shown below the target
configuration describe the lottery corresponding to this aim point (i.e. the probabilities for hitting inside each region and the associated gain). (b) Expected gain for a
subject with the same motor uncertainty as in (a). Here, we simulate the same subject aiming towards the right of the target center (yellow diamond) to avoid accidental
hits inside the penalty circle. This strategy results in an expected gain of 0.78 cents per trial and corresponds to the strategy (aim point) that maximizes expected gain.
(c) Each possible aim point corresponds to a lottery and has a corresponding expected gain, shown by the grayscale background with four particular aim points
highlighted.
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Within the short time limit for movement execution, the
movement cannot be completely controlled: even if the
subject aims at the center of the green circle there is a
real chance of missing it. And, if the subject aims too close
to the center of the green circle, there is a risk of hitting
inside the red. So, where should the subject aim?

In Box 1, we show how to interpret the subject’s choice
of aim point as a choice among lotteries and how to
determine the aim point that maximizes expected gain.
An economist would use the term ‘utility’, whereas a
researcher inmotor controlwould opt for ‘cost’ or ‘biological
cost’, and a statistician would use ‘loss’ or ‘loss function’.
Adopting a field-neutral term, we refer to rewards and
penalties associated with outcomes as ‘gains’, whether
positive or negative.

We were surprised to discover that, in this decision task
in motor form, participants typically chose visuo-motor
plans that came close to maximizing expected gain.
Figure 1b is a plot of the subjects’ displacement in the
horizontal direction away from the center of the green
circle versus the displacement that would maximize
expected gain, combining data across several experimental
conditions varying the penalty amount and distance be-
tween target and penalty circles [6,7].

Additional research has extended this conclusion to
tasks that involve precise timing and trade-off between
movement time and reward [23,24] and to tasks involving
rapid choices between possible movement targets [9]. In
most cases, human subjects choose strategies that come
close to maximizing expected gain in motor tasks with

Box 1. Constructing motor lotteries

In the main text, we describe a movement task equivalent to decision
making under risk. On each trial in the task, subjects have to reach out
and touch a computer screen within a limited period of time (e.g.
700 ms). Hits inside a green target region, displayed on a computer
screen, yield a gain of 2.5 cents; accidental hits inside a nearby red
penalty region incur losses of 12.5 cents. Movements that do not
reach the screen within the time limit are heavily penalized (after
training, they almost never occur). The subject is not completely
under control of the movement outcome due to the short time limit
[43]. Figure I shows simulated outcomes of attempts to hit the target
center.

A movement that reaches the screen within the time limit can end in
one of four possible regions: penalty only (region R1, gain G1 = !12.5),
target and penalty overlap (region R2, gain G2 = !10), target only
(region R3, gain G3 = 2.5) or neither/background (region R4, gain
G4 = 0). On evaluating movement plans in this task, visuo-motor
plans that lead to a touch on the screen within the time limit differ
only to the extent that they affect the probability Ps(Ri) of hitting each
of the four regions Ri, where i = !1, . . ., 4. The combination of event

probabilities Ps(Ri) resulting from a particular visuo-motor plan (aim
point) s and associated gains Gi form a lottery:

LðsÞ ¼ ½PsðR1Þ;G1;PsðR2Þ;G2;PsðR3Þ;G3;PsðR4Þ;G4& [Equation I]
An alternative visuo-motor plan s0 corresponds to a second lottery:

Lðs0Þ ¼ ½Ps0 ðR1Þ;G1;Ps0 ðR2Þ;G2;Ps0 ðR3Þ;G3;Ps0 ðR4Þ;G4& [Equation II]

Each lottery corresponds to an aim point. The lottery corresponding to
the aim point in Figure Ia has an expected gain of !2.8 cents per trial
(on average, the subject loses money), the expected gain associated
with the aim point in Figure Ib is 0.78 cents per trial. Obviously, the aim
point in Figure Ib offers higher expected gain. In planningmovement in
this task, subjects effectively choose between not just these two aim
points but an infinite number of aim points (lotteries). They are
engaged in a continuous decision-making task of extraordinary com-
plexity, and it is a task that is performed every time they move.

Figure Ic is a plot the expected gain associated with every possible
aim point with four of them highlighted. The aim point corresponding
to the yellow diamond maximizes expected gain for the subject in this
task.

Figure I. Equivalence of a movement task and decision making under risk. Subjects must touch a computer screen within a limited period of time (e.g. 700 ms). Subjects
can win 2.5 cents by hitting inside the green circle, lose 12.5 cents by hitting inside the red circle, lose 10 cents by hitting where the green and red circle overlap or win
nothing by hitting outside the stimulus configuration. Each possible aim point on the computer screen corresponds to a lottery. (a) Expected gain for a subject aiming at
the center of the green target (aim point indicated by the blue diamond). Black points indicate simulated end points for a representative subject (with 5.6 mm end-point
standard deviation); target and penalty circles have radii of 9 mm. This motor strategy yields an expected loss of 2.8 cents per trial. The numbers shown below the target
configuration describe the lottery corresponding to this aim point (i.e. the probabilities for hitting inside each region and the associated gain). (b) Expected gain for a
subject with the same motor uncertainty as in (a). Here, we simulate the same subject aiming towards the right of the target center (yellow diamond) to avoid accidental
hits inside the penalty circle. This strategy results in an expected gain of 0.78 cents per trial and corresponds to the strategy (aim point) that maximizes expected gain.
(c) Each possible aim point corresponds to a lottery and has a corresponding expected gain, shown by the grayscale background with four particular aim points
highlighted.
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changing stochastic variability [8,25] or combining noisy
sensory input with prior information [26–29].

These results have implications for understanding
movement planning and motor control. Typical compu-
tational approaches to modeling movement-planning take
the form of an optimization problem, in which the cost
function to be minimized is biomechanical and the optim-
ization goal is to minimize some measure of stress on the
muscles and joints. These models differ primarily in the
choice of the cost function. Possible biomechanical cost
functions include measures of joint mobility [30,31],
muscle-tension changes [32], mean-squared rate of change
of acceleration [33], mean torque change [34], total energy
expenditure [35] and peak work [36]. These biomechanical
models have successfully been applied to model the nearly
straight paths and bell-shaped velocity profiles of arm
movements and also capture the human ability to adapt
to forces applied during movement execution [37]. We
emphasize that these models cannot be used to predict
subjects’ performance in our movement-decision tasks in
which performance also depends on externally imposed
rewards and penalties. Moreover, subjects came close to
maximizing expected gain with arbitrary, novel penalties
and rewards imposed on outcomes by the experimenter.

Subjects do not always come close to maximizing
expected gain in movement planning; for example when
the number of penalty and reward regions is increased [38]
and when the reward or penalty received is stochastic
rather than determined by the outcome of the subject’s
movement [39]. Furthermore, when the penalty is so high
that the aim point that maximizes expected gain lies out-
side of the target, results indicate that subjects prefer not
to aim outside of the target that they are trying to hit [8].
Thus, although there is a collection of motor tasks (as
described earlier) in which performance is remarkably
good, we cannot simply claim that performance in any
task with a speeded motor response will come close to
maximizing expected gain. Further work is needed to
delimit the range of movement-planning tasks in which
subjects do well.

One evident question is: are subjects maximizing
expected gain gradually by a process of trial and error?

Learning probabilities versus practicing the task
We were surprised to learn that subjects do not show
trends that are consistent with a gradual approach to
maximizing expected gain. The design of our studies [6–
8] and related work [23] had a peculiar structure. Before
the ‘decision-making’ phase of the experiment, subjects
practiced the speededmotor task extensively by repeatedly
touching single circular targets. During this initial train-
ing period, the experimenter monitored their motor per-
formance until it stabilized and the experimenter could
measure the residual motor variability of each subject.

Only after training did subjects learn about the gains
and losses assigned to each region in the experimental
condition. They were not explicitly told to take into account
the spatial locations of reward and penalty regions and the
magnitude of penalty and reward, but their highly efficient
performance indicates that they did so from the first trial in
which rewards and penalties were specified.

To summarize, in these experiments subjects were first
trained to be ‘motor experts’ in a simple task in which they
were instructed to touch targets on the screen. Only then
were they given a task involving trade-offs between
rewards and penalties. There were no obvious trends in
the aim points of subjects [6,7] that would indicate that
they were modifying their decision-making strategy as
they gained experience with the decision-making task
(Figure 2a).

To see how unusual this outcome is, consider applying a
simple reinforcement-learning model according to which
the aim point is adjusted gradually in response to rewards
and penalties incurred [40–42]. In the absence of any
reward or penalty, a learning model based on reward
and penalty would predict that the subject should aim
at the center of the green circle, just as in the training
trials. The subject would then gradually alter the aim point
in response to rewards and penalties incurred until the
final aim point maximized expected gain (Figure 2b).

Figure 1. Reaching under risk. (a) An example of a stimulus configuration presented on a display screen. The subject must rapidly reach out and touch the screen. If the
screen is hit within the green circle, 2.5 cents are awarded. If hit within the red circle, there is a penalty of 12.5 cents. The circles are small (9 mm radius) and the subject
cannot completely control this rapid movement because timing constraints force it to be rapid. In Box 1 we explain what the subject should do to maximize winnings. (b) A
comparison of subjects’ performance to the performance that would maximize expected gain. The shift of subjects’ mean movement end points from the center of the
green target region is plotted as a function of the shift of mean movement end point that would maximize expected gain for five different subjects (indicated by five different
symbols) and the six different target-penalty configurations shown in Figure 2a. Replotted, with permission, from Figure 5a in Ref. [6].
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Within the short time limit for movement execution, the
movement cannot be completely controlled: even if the
subject aims at the center of the green circle there is a
real chance of missing it. And, if the subject aims too close
to the center of the green circle, there is a risk of hitting
inside the red. So, where should the subject aim?

In Box 1, we show how to interpret the subject’s choice
of aim point as a choice among lotteries and how to
determine the aim point that maximizes expected gain.
An economist would use the term ‘utility’, whereas a
researcher inmotor controlwould opt for ‘cost’ or ‘biological
cost’, and a statistician would use ‘loss’ or ‘loss function’.
Adopting a field-neutral term, we refer to rewards and
penalties associated with outcomes as ‘gains’, whether
positive or negative.

We were surprised to discover that, in this decision task
in motor form, participants typically chose visuo-motor
plans that came close to maximizing expected gain.
Figure 1b is a plot of the subjects’ displacement in the
horizontal direction away from the center of the green
circle versus the displacement that would maximize
expected gain, combining data across several experimental
conditions varying the penalty amount and distance be-
tween target and penalty circles [6,7].

Additional research has extended this conclusion to
tasks that involve precise timing and trade-off between
movement time and reward [23,24] and to tasks involving
rapid choices between possible movement targets [9]. In
most cases, human subjects choose strategies that come
close to maximizing expected gain in motor tasks with

Box 1. Constructing motor lotteries

In the main text, we describe a movement task equivalent to decision
making under risk. On each trial in the task, subjects have to reach out
and touch a computer screen within a limited period of time (e.g.
700 ms). Hits inside a green target region, displayed on a computer
screen, yield a gain of 2.5 cents; accidental hits inside a nearby red
penalty region incur losses of 12.5 cents. Movements that do not
reach the screen within the time limit are heavily penalized (after
training, they almost never occur). The subject is not completely
under control of the movement outcome due to the short time limit
[43]. Figure I shows simulated outcomes of attempts to hit the target
center.

A movement that reaches the screen within the time limit can end in
one of four possible regions: penalty only (region R1, gain G1 = !12.5),
target and penalty overlap (region R2, gain G2 = !10), target only
(region R3, gain G3 = 2.5) or neither/background (region R4, gain
G4 = 0). On evaluating movement plans in this task, visuo-motor
plans that lead to a touch on the screen within the time limit differ
only to the extent that they affect the probability Ps(Ri) of hitting each
of the four regions Ri, where i = !1, . . ., 4. The combination of event

probabilities Ps(Ri) resulting from a particular visuo-motor plan (aim
point) s and associated gains Gi form a lottery:

LðsÞ ¼ ½PsðR1Þ;G1;PsðR2Þ;G2;PsðR3Þ;G3;PsðR4Þ;G4& [Equation I]
An alternative visuo-motor plan s0 corresponds to a second lottery:

Lðs0Þ ¼ ½Ps0 ðR1Þ;G1;Ps0 ðR2Þ;G2;Ps0 ðR3Þ;G3;Ps0 ðR4Þ;G4& [Equation II]

Each lottery corresponds to an aim point. The lottery corresponding to
the aim point in Figure Ia has an expected gain of !2.8 cents per trial
(on average, the subject loses money), the expected gain associated
with the aim point in Figure Ib is 0.78 cents per trial. Obviously, the aim
point in Figure Ib offers higher expected gain. In planningmovement in
this task, subjects effectively choose between not just these two aim
points but an infinite number of aim points (lotteries). They are
engaged in a continuous decision-making task of extraordinary com-
plexity, and it is a task that is performed every time they move.

Figure Ic is a plot the expected gain associated with every possible
aim point with four of them highlighted. The aim point corresponding
to the yellow diamond maximizes expected gain for the subject in this
task.

Figure I. Equivalence of a movement task and decision making under risk. Subjects must touch a computer screen within a limited period of time (e.g. 700 ms). Subjects
can win 2.5 cents by hitting inside the green circle, lose 12.5 cents by hitting inside the red circle, lose 10 cents by hitting where the green and red circle overlap or win
nothing by hitting outside the stimulus configuration. Each possible aim point on the computer screen corresponds to a lottery. (a) Expected gain for a subject aiming at
the center of the green target (aim point indicated by the blue diamond). Black points indicate simulated end points for a representative subject (with 5.6 mm end-point
standard deviation); target and penalty circles have radii of 9 mm. This motor strategy yields an expected loss of 2.8 cents per trial. The numbers shown below the target
configuration describe the lottery corresponding to this aim point (i.e. the probabilities for hitting inside each region and the associated gain). (b) Expected gain for a
subject with the same motor uncertainty as in (a). Here, we simulate the same subject aiming towards the right of the target center (yellow diamond) to avoid accidental
hits inside the penalty circle. This strategy results in an expected gain of 0.78 cents per trial and corresponds to the strategy (aim point) that maximizes expected gain.
(c) Each possible aim point corresponds to a lottery and has a corresponding expected gain, shown by the grayscale background with four particular aim points
highlighted.
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Within the short time limit for movement execution, the
movement cannot be completely controlled: even if the
subject aims at the center of the green circle there is a
real chance of missing it. And, if the subject aims too close
to the center of the green circle, there is a risk of hitting
inside the red. So, where should the subject aim?

In Box 1, we show how to interpret the subject’s choice
of aim point as a choice among lotteries and how to
determine the aim point that maximizes expected gain.
An economist would use the term ‘utility’, whereas a
researcher inmotor controlwould opt for ‘cost’ or ‘biological
cost’, and a statistician would use ‘loss’ or ‘loss function’.
Adopting a field-neutral term, we refer to rewards and
penalties associated with outcomes as ‘gains’, whether
positive or negative.

We were surprised to discover that, in this decision task
in motor form, participants typically chose visuo-motor
plans that came close to maximizing expected gain.
Figure 1b is a plot of the subjects’ displacement in the
horizontal direction away from the center of the green
circle versus the displacement that would maximize
expected gain, combining data across several experimental
conditions varying the penalty amount and distance be-
tween target and penalty circles [6,7].

Additional research has extended this conclusion to
tasks that involve precise timing and trade-off between
movement time and reward [23,24] and to tasks involving
rapid choices between possible movement targets [9]. In
most cases, human subjects choose strategies that come
close to maximizing expected gain in motor tasks with

Box 1. Constructing motor lotteries

In the main text, we describe a movement task equivalent to decision
making under risk. On each trial in the task, subjects have to reach out
and touch a computer screen within a limited period of time (e.g.
700 ms). Hits inside a green target region, displayed on a computer
screen, yield a gain of 2.5 cents; accidental hits inside a nearby red
penalty region incur losses of 12.5 cents. Movements that do not
reach the screen within the time limit are heavily penalized (after
training, they almost never occur). The subject is not completely
under control of the movement outcome due to the short time limit
[43]. Figure I shows simulated outcomes of attempts to hit the target
center.

A movement that reaches the screen within the time limit can end in
one of four possible regions: penalty only (region R1, gain G1 = !12.5),
target and penalty overlap (region R2, gain G2 = !10), target only
(region R3, gain G3 = 2.5) or neither/background (region R4, gain
G4 = 0). On evaluating movement plans in this task, visuo-motor
plans that lead to a touch on the screen within the time limit differ
only to the extent that they affect the probability Ps(Ri) of hitting each
of the four regions Ri, where i = !1, . . ., 4. The combination of event

probabilities Ps(Ri) resulting from a particular visuo-motor plan (aim
point) s and associated gains Gi form a lottery:

LðsÞ ¼ ½PsðR1Þ;G1;PsðR2Þ;G2;PsðR3Þ;G3;PsðR4Þ;G4& [Equation I]
An alternative visuo-motor plan s0 corresponds to a second lottery:

Lðs0Þ ¼ ½Ps0 ðR1Þ;G1;Ps0 ðR2Þ;G2;Ps0 ðR3Þ;G3;Ps0 ðR4Þ;G4& [Equation II]

Each lottery corresponds to an aim point. The lottery corresponding to
the aim point in Figure Ia has an expected gain of !2.8 cents per trial
(on average, the subject loses money), the expected gain associated
with the aim point in Figure Ib is 0.78 cents per trial. Obviously, the aim
point in Figure Ib offers higher expected gain. In planningmovement in
this task, subjects effectively choose between not just these two aim
points but an infinite number of aim points (lotteries). They are
engaged in a continuous decision-making task of extraordinary com-
plexity, and it is a task that is performed every time they move.

Figure Ic is a plot the expected gain associated with every possible
aim point with four of them highlighted. The aim point corresponding
to the yellow diamond maximizes expected gain for the subject in this
task.

Figure I. Equivalence of a movement task and decision making under risk. Subjects must touch a computer screen within a limited period of time (e.g. 700 ms). Subjects
can win 2.5 cents by hitting inside the green circle, lose 12.5 cents by hitting inside the red circle, lose 10 cents by hitting where the green and red circle overlap or win
nothing by hitting outside the stimulus configuration. Each possible aim point on the computer screen corresponds to a lottery. (a) Expected gain for a subject aiming at
the center of the green target (aim point indicated by the blue diamond). Black points indicate simulated end points for a representative subject (with 5.6 mm end-point
standard deviation); target and penalty circles have radii of 9 mm. This motor strategy yields an expected loss of 2.8 cents per trial. The numbers shown below the target
configuration describe the lottery corresponding to this aim point (i.e. the probabilities for hitting inside each region and the associated gain). (b) Expected gain for a
subject with the same motor uncertainty as in (a). Here, we simulate the same subject aiming towards the right of the target center (yellow diamond) to avoid accidental
hits inside the penalty circle. This strategy results in an expected gain of 0.78 cents per trial and corresponds to the strategy (aim point) that maximizes expected gain.
(c) Each possible aim point corresponds to a lottery and has a corresponding expected gain, shown by the grayscale background with four particular aim points
highlighted.
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Within the short time limit for movement execution, the
movement cannot be completely controlled: even if the
subject aims at the center of the green circle there is a
real chance of missing it. And, if the subject aims too close
to the center of the green circle, there is a risk of hitting
inside the red. So, where should the subject aim?

In Box 1, we show how to interpret the subject’s choice
of aim point as a choice among lotteries and how to
determine the aim point that maximizes expected gain.
An economist would use the term ‘utility’, whereas a
researcher inmotor controlwould opt for ‘cost’ or ‘biological
cost’, and a statistician would use ‘loss’ or ‘loss function’.
Adopting a field-neutral term, we refer to rewards and
penalties associated with outcomes as ‘gains’, whether
positive or negative.

We were surprised to discover that, in this decision task
in motor form, participants typically chose visuo-motor
plans that came close to maximizing expected gain.
Figure 1b is a plot of the subjects’ displacement in the
horizontal direction away from the center of the green
circle versus the displacement that would maximize
expected gain, combining data across several experimental
conditions varying the penalty amount and distance be-
tween target and penalty circles [6,7].

Additional research has extended this conclusion to
tasks that involve precise timing and trade-off between
movement time and reward [23,24] and to tasks involving
rapid choices between possible movement targets [9]. In
most cases, human subjects choose strategies that come
close to maximizing expected gain in motor tasks with

Box 1. Constructing motor lotteries

In the main text, we describe a movement task equivalent to decision
making under risk. On each trial in the task, subjects have to reach out
and touch a computer screen within a limited period of time (e.g.
700 ms). Hits inside a green target region, displayed on a computer
screen, yield a gain of 2.5 cents; accidental hits inside a nearby red
penalty region incur losses of 12.5 cents. Movements that do not
reach the screen within the time limit are heavily penalized (after
training, they almost never occur). The subject is not completely
under control of the movement outcome due to the short time limit
[43]. Figure I shows simulated outcomes of attempts to hit the target
center.

A movement that reaches the screen within the time limit can end in
one of four possible regions: penalty only (region R1, gain G1 = !12.5),
target and penalty overlap (region R2, gain G2 = !10), target only
(region R3, gain G3 = 2.5) or neither/background (region R4, gain
G4 = 0). On evaluating movement plans in this task, visuo-motor
plans that lead to a touch on the screen within the time limit differ
only to the extent that they affect the probability Ps(Ri) of hitting each
of the four regions Ri, where i = !1, . . ., 4. The combination of event

probabilities Ps(Ri) resulting from a particular visuo-motor plan (aim
point) s and associated gains Gi form a lottery:

LðsÞ ¼ ½PsðR1Þ;G1;PsðR2Þ;G2;PsðR3Þ;G3;PsðR4Þ;G4& [Equation I]
An alternative visuo-motor plan s0 corresponds to a second lottery:

Lðs0Þ ¼ ½Ps0 ðR1Þ;G1;Ps0 ðR2Þ;G2;Ps0 ðR3Þ;G3;Ps0 ðR4Þ;G4& [Equation II]

Each lottery corresponds to an aim point. The lottery corresponding to
the aim point in Figure Ia has an expected gain of !2.8 cents per trial
(on average, the subject loses money), the expected gain associated
with the aim point in Figure Ib is 0.78 cents per trial. Obviously, the aim
point in Figure Ib offers higher expected gain. In planningmovement in
this task, subjects effectively choose between not just these two aim
points but an infinite number of aim points (lotteries). They are
engaged in a continuous decision-making task of extraordinary com-
plexity, and it is a task that is performed every time they move.

Figure Ic is a plot the expected gain associated with every possible
aim point with four of them highlighted. The aim point corresponding
to the yellow diamond maximizes expected gain for the subject in this
task.

Figure I. Equivalence of a movement task and decision making under risk. Subjects must touch a computer screen within a limited period of time (e.g. 700 ms). Subjects
can win 2.5 cents by hitting inside the green circle, lose 12.5 cents by hitting inside the red circle, lose 10 cents by hitting where the green and red circle overlap or win
nothing by hitting outside the stimulus configuration. Each possible aim point on the computer screen corresponds to a lottery. (a) Expected gain for a subject aiming at
the center of the green target (aim point indicated by the blue diamond). Black points indicate simulated end points for a representative subject (with 5.6 mm end-point
standard deviation); target and penalty circles have radii of 9 mm. This motor strategy yields an expected loss of 2.8 cents per trial. The numbers shown below the target
configuration describe the lottery corresponding to this aim point (i.e. the probabilities for hitting inside each region and the associated gain). (b) Expected gain for a
subject with the same motor uncertainty as in (a). Here, we simulate the same subject aiming towards the right of the target center (yellow diamond) to avoid accidental
hits inside the penalty circle. This strategy results in an expected gain of 0.78 cents per trial and corresponds to the strategy (aim point) that maximizes expected gain.
(c) Each possible aim point corresponds to a lottery and has a corresponding expected gain, shown by the grayscale background with four particular aim points
highlighted.
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Within the short time limit for movement execution, the
movement cannot be completely controlled: even if the
subject aims at the center of the green circle there is a
real chance of missing it. And, if the subject aims too close
to the center of the green circle, there is a risk of hitting
inside the red. So, where should the subject aim?

In Box 1, we show how to interpret the subject’s choice
of aim point as a choice among lotteries and how to
determine the aim point that maximizes expected gain.
An economist would use the term ‘utility’, whereas a
researcher inmotor controlwould opt for ‘cost’ or ‘biological
cost’, and a statistician would use ‘loss’ or ‘loss function’.
Adopting a field-neutral term, we refer to rewards and
penalties associated with outcomes as ‘gains’, whether
positive or negative.

We were surprised to discover that, in this decision task
in motor form, participants typically chose visuo-motor
plans that came close to maximizing expected gain.
Figure 1b is a plot of the subjects’ displacement in the
horizontal direction away from the center of the green
circle versus the displacement that would maximize
expected gain, combining data across several experimental
conditions varying the penalty amount and distance be-
tween target and penalty circles [6,7].

Additional research has extended this conclusion to
tasks that involve precise timing and trade-off between
movement time and reward [23,24] and to tasks involving
rapid choices between possible movement targets [9]. In
most cases, human subjects choose strategies that come
close to maximizing expected gain in motor tasks with

Box 1. Constructing motor lotteries

In the main text, we describe a movement task equivalent to decision
making under risk. On each trial in the task, subjects have to reach out
and touch a computer screen within a limited period of time (e.g.
700 ms). Hits inside a green target region, displayed on a computer
screen, yield a gain of 2.5 cents; accidental hits inside a nearby red
penalty region incur losses of 12.5 cents. Movements that do not
reach the screen within the time limit are heavily penalized (after
training, they almost never occur). The subject is not completely
under control of the movement outcome due to the short time limit
[43]. Figure I shows simulated outcomes of attempts to hit the target
center.

A movement that reaches the screen within the time limit can end in
one of four possible regions: penalty only (region R1, gain G1 = !12.5),
target and penalty overlap (region R2, gain G2 = !10), target only
(region R3, gain G3 = 2.5) or neither/background (region R4, gain
G4 = 0). On evaluating movement plans in this task, visuo-motor
plans that lead to a touch on the screen within the time limit differ
only to the extent that they affect the probability Ps(Ri) of hitting each
of the four regions Ri, where i = !1, . . ., 4. The combination of event

probabilities Ps(Ri) resulting from a particular visuo-motor plan (aim
point) s and associated gains Gi form a lottery:

LðsÞ ¼ ½PsðR1Þ;G1;PsðR2Þ;G2;PsðR3Þ;G3;PsðR4Þ;G4& [Equation I]
An alternative visuo-motor plan s0 corresponds to a second lottery:

Lðs0Þ ¼ ½Ps0 ðR1Þ;G1;Ps0 ðR2Þ;G2;Ps0 ðR3Þ;G3;Ps0 ðR4Þ;G4& [Equation II]

Each lottery corresponds to an aim point. The lottery corresponding to
the aim point in Figure Ia has an expected gain of !2.8 cents per trial
(on average, the subject loses money), the expected gain associated
with the aim point in Figure Ib is 0.78 cents per trial. Obviously, the aim
point in Figure Ib offers higher expected gain. In planningmovement in
this task, subjects effectively choose between not just these two aim
points but an infinite number of aim points (lotteries). They are
engaged in a continuous decision-making task of extraordinary com-
plexity, and it is a task that is performed every time they move.

Figure Ic is a plot the expected gain associated with every possible
aim point with four of them highlighted. The aim point corresponding
to the yellow diamond maximizes expected gain for the subject in this
task.

Figure I. Equivalence of a movement task and decision making under risk. Subjects must touch a computer screen within a limited period of time (e.g. 700 ms). Subjects
can win 2.5 cents by hitting inside the green circle, lose 12.5 cents by hitting inside the red circle, lose 10 cents by hitting where the green and red circle overlap or win
nothing by hitting outside the stimulus configuration. Each possible aim point on the computer screen corresponds to a lottery. (a) Expected gain for a subject aiming at
the center of the green target (aim point indicated by the blue diamond). Black points indicate simulated end points for a representative subject (with 5.6 mm end-point
standard deviation); target and penalty circles have radii of 9 mm. This motor strategy yields an expected loss of 2.8 cents per trial. The numbers shown below the target
configuration describe the lottery corresponding to this aim point (i.e. the probabilities for hitting inside each region and the associated gain). (b) Expected gain for a
subject with the same motor uncertainty as in (a). Here, we simulate the same subject aiming towards the right of the target center (yellow diamond) to avoid accidental
hits inside the penalty circle. This strategy results in an expected gain of 0.78 cents per trial and corresponds to the strategy (aim point) that maximizes expected gain.
(c) Each possible aim point corresponds to a lottery and has a corresponding expected gain, shown by the grayscale background with four particular aim points
highlighted.
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changing stochastic variability [8,25] or combining noisy
sensory input with prior information [26–29].

These results have implications for understanding
movement planning and motor control. Typical compu-
tational approaches to modeling movement-planning take
the form of an optimization problem, in which the cost
function to be minimized is biomechanical and the optim-
ization goal is to minimize some measure of stress on the
muscles and joints. These models differ primarily in the
choice of the cost function. Possible biomechanical cost
functions include measures of joint mobility [30,31],
muscle-tension changes [32], mean-squared rate of change
of acceleration [33], mean torque change [34], total energy
expenditure [35] and peak work [36]. These biomechanical
models have successfully been applied to model the nearly
straight paths and bell-shaped velocity profiles of arm
movements and also capture the human ability to adapt
to forces applied during movement execution [37]. We
emphasize that these models cannot be used to predict
subjects’ performance in our movement-decision tasks in
which performance also depends on externally imposed
rewards and penalties. Moreover, subjects came close to
maximizing expected gain with arbitrary, novel penalties
and rewards imposed on outcomes by the experimenter.

Subjects do not always come close to maximizing
expected gain in movement planning; for example when
the number of penalty and reward regions is increased [38]
and when the reward or penalty received is stochastic
rather than determined by the outcome of the subject’s
movement [39]. Furthermore, when the penalty is so high
that the aim point that maximizes expected gain lies out-
side of the target, results indicate that subjects prefer not
to aim outside of the target that they are trying to hit [8].
Thus, although there is a collection of motor tasks (as
described earlier) in which performance is remarkably
good, we cannot simply claim that performance in any
task with a speeded motor response will come close to
maximizing expected gain. Further work is needed to
delimit the range of movement-planning tasks in which
subjects do well.

One evident question is: are subjects maximizing
expected gain gradually by a process of trial and error?

Learning probabilities versus practicing the task
We were surprised to learn that subjects do not show
trends that are consistent with a gradual approach to
maximizing expected gain. The design of our studies [6–
8] and related work [23] had a peculiar structure. Before
the ‘decision-making’ phase of the experiment, subjects
practiced the speededmotor task extensively by repeatedly
touching single circular targets. During this initial train-
ing period, the experimenter monitored their motor per-
formance until it stabilized and the experimenter could
measure the residual motor variability of each subject.

Only after training did subjects learn about the gains
and losses assigned to each region in the experimental
condition. They were not explicitly told to take into account
the spatial locations of reward and penalty regions and the
magnitude of penalty and reward, but their highly efficient
performance indicates that they did so from the first trial in
which rewards and penalties were specified.

To summarize, in these experiments subjects were first
trained to be ‘motor experts’ in a simple task in which they
were instructed to touch targets on the screen. Only then
were they given a task involving trade-offs between
rewards and penalties. There were no obvious trends in
the aim points of subjects [6,7] that would indicate that
they were modifying their decision-making strategy as
they gained experience with the decision-making task
(Figure 2a).

To see how unusual this outcome is, consider applying a
simple reinforcement-learning model according to which
the aim point is adjusted gradually in response to rewards
and penalties incurred [40–42]. In the absence of any
reward or penalty, a learning model based on reward
and penalty would predict that the subject should aim
at the center of the green circle, just as in the training
trials. The subject would then gradually alter the aim point
in response to rewards and penalties incurred until the
final aim point maximized expected gain (Figure 2b).

Figure 1. Reaching under risk. (a) An example of a stimulus configuration presented on a display screen. The subject must rapidly reach out and touch the screen. If the
screen is hit within the green circle, 2.5 cents are awarded. If hit within the red circle, there is a penalty of 12.5 cents. The circles are small (9 mm radius) and the subject
cannot completely control this rapid movement because timing constraints force it to be rapid. In Box 1 we explain what the subject should do to maximize winnings. (b) A
comparison of subjects’ performance to the performance that would maximize expected gain. The shift of subjects’ mean movement end points from the center of the
green target region is plotted as a function of the shift of mean movement end point that would maximize expected gain for five different subjects (indicated by five different
symbols) and the six different target-penalty configurations shown in Figure 2a. Replotted, with permission, from Figure 5a in Ref. [6].
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Within the short time limit for movement execution, the
movement cannot be completely controlled: even if the
subject aims at the center of the green circle there is a
real chance of missing it. And, if the subject aims too close
to the center of the green circle, there is a risk of hitting
inside the red. So, where should the subject aim?

In Box 1, we show how to interpret the subject’s choice
of aim point as a choice among lotteries and how to
determine the aim point that maximizes expected gain.
An economist would use the term ‘utility’, whereas a
researcher inmotor controlwould opt for ‘cost’ or ‘biological
cost’, and a statistician would use ‘loss’ or ‘loss function’.
Adopting a field-neutral term, we refer to rewards and
penalties associated with outcomes as ‘gains’, whether
positive or negative.

We were surprised to discover that, in this decision task
in motor form, participants typically chose visuo-motor
plans that came close to maximizing expected gain.
Figure 1b is a plot of the subjects’ displacement in the
horizontal direction away from the center of the green
circle versus the displacement that would maximize
expected gain, combining data across several experimental
conditions varying the penalty amount and distance be-
tween target and penalty circles [6,7].

Additional research has extended this conclusion to
tasks that involve precise timing and trade-off between
movement time and reward [23,24] and to tasks involving
rapid choices between possible movement targets [9]. In
most cases, human subjects choose strategies that come
close to maximizing expected gain in motor tasks with

Box 1. Constructing motor lotteries

In the main text, we describe a movement task equivalent to decision
making under risk. On each trial in the task, subjects have to reach out
and touch a computer screen within a limited period of time (e.g.
700 ms). Hits inside a green target region, displayed on a computer
screen, yield a gain of 2.5 cents; accidental hits inside a nearby red
penalty region incur losses of 12.5 cents. Movements that do not
reach the screen within the time limit are heavily penalized (after
training, they almost never occur). The subject is not completely
under control of the movement outcome due to the short time limit
[43]. Figure I shows simulated outcomes of attempts to hit the target
center.

A movement that reaches the screen within the time limit can end in
one of four possible regions: penalty only (region R1, gain G1 = !12.5),
target and penalty overlap (region R2, gain G2 = !10), target only
(region R3, gain G3 = 2.5) or neither/background (region R4, gain
G4 = 0). On evaluating movement plans in this task, visuo-motor
plans that lead to a touch on the screen within the time limit differ
only to the extent that they affect the probability Ps(Ri) of hitting each
of the four regions Ri, where i = !1, . . ., 4. The combination of event

probabilities Ps(Ri) resulting from a particular visuo-motor plan (aim
point) s and associated gains Gi form a lottery:

LðsÞ ¼ ½PsðR1Þ;G1;PsðR2Þ;G2;PsðR3Þ;G3;PsðR4Þ;G4& [Equation I]
An alternative visuo-motor plan s0 corresponds to a second lottery:

Lðs0Þ ¼ ½Ps0 ðR1Þ;G1;Ps0 ðR2Þ;G2;Ps0 ðR3Þ;G3;Ps0 ðR4Þ;G4& [Equation II]

Each lottery corresponds to an aim point. The lottery corresponding to
the aim point in Figure Ia has an expected gain of !2.8 cents per trial
(on average, the subject loses money), the expected gain associated
with the aim point in Figure Ib is 0.78 cents per trial. Obviously, the aim
point in Figure Ib offers higher expected gain. In planningmovement in
this task, subjects effectively choose between not just these two aim
points but an infinite number of aim points (lotteries). They are
engaged in a continuous decision-making task of extraordinary com-
plexity, and it is a task that is performed every time they move.

Figure Ic is a plot the expected gain associated with every possible
aim point with four of them highlighted. The aim point corresponding
to the yellow diamond maximizes expected gain for the subject in this
task.

Figure I. Equivalence of a movement task and decision making under risk. Subjects must touch a computer screen within a limited period of time (e.g. 700 ms). Subjects
can win 2.5 cents by hitting inside the green circle, lose 12.5 cents by hitting inside the red circle, lose 10 cents by hitting where the green and red circle overlap or win
nothing by hitting outside the stimulus configuration. Each possible aim point on the computer screen corresponds to a lottery. (a) Expected gain for a subject aiming at
the center of the green target (aim point indicated by the blue diamond). Black points indicate simulated end points for a representative subject (with 5.6 mm end-point
standard deviation); target and penalty circles have radii of 9 mm. This motor strategy yields an expected loss of 2.8 cents per trial. The numbers shown below the target
configuration describe the lottery corresponding to this aim point (i.e. the probabilities for hitting inside each region and the associated gain). (b) Expected gain for a
subject with the same motor uncertainty as in (a). Here, we simulate the same subject aiming towards the right of the target center (yellow diamond) to avoid accidental
hits inside the penalty circle. This strategy results in an expected gain of 0.78 cents per trial and corresponds to the strategy (aim point) that maximizes expected gain.
(c) Each possible aim point corresponds to a lottery and has a corresponding expected gain, shown by the grayscale background with four particular aim points
highlighted.
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Within the short time limit for movement execution, the
movement cannot be completely controlled: even if the
subject aims at the center of the green circle there is a
real chance of missing it. And, if the subject aims too close
to the center of the green circle, there is a risk of hitting
inside the red. So, where should the subject aim?

In Box 1, we show how to interpret the subject’s choice
of aim point as a choice among lotteries and how to
determine the aim point that maximizes expected gain.
An economist would use the term ‘utility’, whereas a
researcher inmotor controlwould opt for ‘cost’ or ‘biological
cost’, and a statistician would use ‘loss’ or ‘loss function’.
Adopting a field-neutral term, we refer to rewards and
penalties associated with outcomes as ‘gains’, whether
positive or negative.

We were surprised to discover that, in this decision task
in motor form, participants typically chose visuo-motor
plans that came close to maximizing expected gain.
Figure 1b is a plot of the subjects’ displacement in the
horizontal direction away from the center of the green
circle versus the displacement that would maximize
expected gain, combining data across several experimental
conditions varying the penalty amount and distance be-
tween target and penalty circles [6,7].

Additional research has extended this conclusion to
tasks that involve precise timing and trade-off between
movement time and reward [23,24] and to tasks involving
rapid choices between possible movement targets [9]. In
most cases, human subjects choose strategies that come
close to maximizing expected gain in motor tasks with

Box 1. Constructing motor lotteries

In the main text, we describe a movement task equivalent to decision
making under risk. On each trial in the task, subjects have to reach out
and touch a computer screen within a limited period of time (e.g.
700 ms). Hits inside a green target region, displayed on a computer
screen, yield a gain of 2.5 cents; accidental hits inside a nearby red
penalty region incur losses of 12.5 cents. Movements that do not
reach the screen within the time limit are heavily penalized (after
training, they almost never occur). The subject is not completely
under control of the movement outcome due to the short time limit
[43]. Figure I shows simulated outcomes of attempts to hit the target
center.

A movement that reaches the screen within the time limit can end in
one of four possible regions: penalty only (region R1, gain G1 = !12.5),
target and penalty overlap (region R2, gain G2 = !10), target only
(region R3, gain G3 = 2.5) or neither/background (region R4, gain
G4 = 0). On evaluating movement plans in this task, visuo-motor
plans that lead to a touch on the screen within the time limit differ
only to the extent that they affect the probability Ps(Ri) of hitting each
of the four regions Ri, where i = !1, . . ., 4. The combination of event

probabilities Ps(Ri) resulting from a particular visuo-motor plan (aim
point) s and associated gains Gi form a lottery:

LðsÞ ¼ ½PsðR1Þ;G1;PsðR2Þ;G2;PsðR3Þ;G3;PsðR4Þ;G4& [Equation I]
An alternative visuo-motor plan s0 corresponds to a second lottery:

Lðs0Þ ¼ ½Ps0 ðR1Þ;G1;Ps0 ðR2Þ;G2;Ps0 ðR3Þ;G3;Ps0 ðR4Þ;G4& [Equation II]

Each lottery corresponds to an aim point. The lottery corresponding to
the aim point in Figure Ia has an expected gain of !2.8 cents per trial
(on average, the subject loses money), the expected gain associated
with the aim point in Figure Ib is 0.78 cents per trial. Obviously, the aim
point in Figure Ib offers higher expected gain. In planningmovement in
this task, subjects effectively choose between not just these two aim
points but an infinite number of aim points (lotteries). They are
engaged in a continuous decision-making task of extraordinary com-
plexity, and it is a task that is performed every time they move.

Figure Ic is a plot the expected gain associated with every possible
aim point with four of them highlighted. The aim point corresponding
to the yellow diamond maximizes expected gain for the subject in this
task.

Figure I. Equivalence of a movement task and decision making under risk. Subjects must touch a computer screen within a limited period of time (e.g. 700 ms). Subjects
can win 2.5 cents by hitting inside the green circle, lose 12.5 cents by hitting inside the red circle, lose 10 cents by hitting where the green and red circle overlap or win
nothing by hitting outside the stimulus configuration. Each possible aim point on the computer screen corresponds to a lottery. (a) Expected gain for a subject aiming at
the center of the green target (aim point indicated by the blue diamond). Black points indicate simulated end points for a representative subject (with 5.6 mm end-point
standard deviation); target and penalty circles have radii of 9 mm. This motor strategy yields an expected loss of 2.8 cents per trial. The numbers shown below the target
configuration describe the lottery corresponding to this aim point (i.e. the probabilities for hitting inside each region and the associated gain). (b) Expected gain for a
subject with the same motor uncertainty as in (a). Here, we simulate the same subject aiming towards the right of the target center (yellow diamond) to avoid accidental
hits inside the penalty circle. This strategy results in an expected gain of 0.78 cents per trial and corresponds to the strategy (aim point) that maximizes expected gain.
(c) Each possible aim point corresponds to a lottery and has a corresponding expected gain, shown by the grayscale background with four particular aim points
highlighted.
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Within the short time limit for movement execution, the
movement cannot be completely controlled: even if the
subject aims at the center of the green circle there is a
real chance of missing it. And, if the subject aims too close
to the center of the green circle, there is a risk of hitting
inside the red. So, where should the subject aim?

In Box 1, we show how to interpret the subject’s choice
of aim point as a choice among lotteries and how to
determine the aim point that maximizes expected gain.
An economist would use the term ‘utility’, whereas a
researcher inmotor controlwould opt for ‘cost’ or ‘biological
cost’, and a statistician would use ‘loss’ or ‘loss function’.
Adopting a field-neutral term, we refer to rewards and
penalties associated with outcomes as ‘gains’, whether
positive or negative.

We were surprised to discover that, in this decision task
in motor form, participants typically chose visuo-motor
plans that came close to maximizing expected gain.
Figure 1b is a plot of the subjects’ displacement in the
horizontal direction away from the center of the green
circle versus the displacement that would maximize
expected gain, combining data across several experimental
conditions varying the penalty amount and distance be-
tween target and penalty circles [6,7].

Additional research has extended this conclusion to
tasks that involve precise timing and trade-off between
movement time and reward [23,24] and to tasks involving
rapid choices between possible movement targets [9]. In
most cases, human subjects choose strategies that come
close to maximizing expected gain in motor tasks with

Box 1. Constructing motor lotteries

In the main text, we describe a movement task equivalent to decision
making under risk. On each trial in the task, subjects have to reach out
and touch a computer screen within a limited period of time (e.g.
700 ms). Hits inside a green target region, displayed on a computer
screen, yield a gain of 2.5 cents; accidental hits inside a nearby red
penalty region incur losses of 12.5 cents. Movements that do not
reach the screen within the time limit are heavily penalized (after
training, they almost never occur). The subject is not completely
under control of the movement outcome due to the short time limit
[43]. Figure I shows simulated outcomes of attempts to hit the target
center.

A movement that reaches the screen within the time limit can end in
one of four possible regions: penalty only (region R1, gain G1 = !12.5),
target and penalty overlap (region R2, gain G2 = !10), target only
(region R3, gain G3 = 2.5) or neither/background (region R4, gain
G4 = 0). On evaluating movement plans in this task, visuo-motor
plans that lead to a touch on the screen within the time limit differ
only to the extent that they affect the probability Ps(Ri) of hitting each
of the four regions Ri, where i = !1, . . ., 4. The combination of event

probabilities Ps(Ri) resulting from a particular visuo-motor plan (aim
point) s and associated gains Gi form a lottery:

LðsÞ ¼ ½PsðR1Þ;G1;PsðR2Þ;G2;PsðR3Þ;G3;PsðR4Þ;G4& [Equation I]
An alternative visuo-motor plan s0 corresponds to a second lottery:

Lðs0Þ ¼ ½Ps0 ðR1Þ;G1;Ps0 ðR2Þ;G2;Ps0 ðR3Þ;G3;Ps0 ðR4Þ;G4& [Equation II]

Each lottery corresponds to an aim point. The lottery corresponding to
the aim point in Figure Ia has an expected gain of !2.8 cents per trial
(on average, the subject loses money), the expected gain associated
with the aim point in Figure Ib is 0.78 cents per trial. Obviously, the aim
point in Figure Ib offers higher expected gain. In planningmovement in
this task, subjects effectively choose between not just these two aim
points but an infinite number of aim points (lotteries). They are
engaged in a continuous decision-making task of extraordinary com-
plexity, and it is a task that is performed every time they move.

Figure Ic is a plot the expected gain associated with every possible
aim point with four of them highlighted. The aim point corresponding
to the yellow diamond maximizes expected gain for the subject in this
task.

Figure I. Equivalence of a movement task and decision making under risk. Subjects must touch a computer screen within a limited period of time (e.g. 700 ms). Subjects
can win 2.5 cents by hitting inside the green circle, lose 12.5 cents by hitting inside the red circle, lose 10 cents by hitting where the green and red circle overlap or win
nothing by hitting outside the stimulus configuration. Each possible aim point on the computer screen corresponds to a lottery. (a) Expected gain for a subject aiming at
the center of the green target (aim point indicated by the blue diamond). Black points indicate simulated end points for a representative subject (with 5.6 mm end-point
standard deviation); target and penalty circles have radii of 9 mm. This motor strategy yields an expected loss of 2.8 cents per trial. The numbers shown below the target
configuration describe the lottery corresponding to this aim point (i.e. the probabilities for hitting inside each region and the associated gain). (b) Expected gain for a
subject with the same motor uncertainty as in (a). Here, we simulate the same subject aiming towards the right of the target center (yellow diamond) to avoid accidental
hits inside the penalty circle. This strategy results in an expected gain of 0.78 cents per trial and corresponds to the strategy (aim point) that maximizes expected gain.
(c) Each possible aim point corresponds to a lottery and has a corresponding expected gain, shown by the grayscale background with four particular aim points
highlighted.
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Within the short time limit for movement execution, the
movement cannot be completely controlled: even if the
subject aims at the center of the green circle there is a
real chance of missing it. And, if the subject aims too close
to the center of the green circle, there is a risk of hitting
inside the red. So, where should the subject aim?

In Box 1, we show how to interpret the subject’s choice
of aim point as a choice among lotteries and how to
determine the aim point that maximizes expected gain.
An economist would use the term ‘utility’, whereas a
researcher inmotor controlwould opt for ‘cost’ or ‘biological
cost’, and a statistician would use ‘loss’ or ‘loss function’.
Adopting a field-neutral term, we refer to rewards and
penalties associated with outcomes as ‘gains’, whether
positive or negative.

We were surprised to discover that, in this decision task
in motor form, participants typically chose visuo-motor
plans that came close to maximizing expected gain.
Figure 1b is a plot of the subjects’ displacement in the
horizontal direction away from the center of the green
circle versus the displacement that would maximize
expected gain, combining data across several experimental
conditions varying the penalty amount and distance be-
tween target and penalty circles [6,7].

Additional research has extended this conclusion to
tasks that involve precise timing and trade-off between
movement time and reward [23,24] and to tasks involving
rapid choices between possible movement targets [9]. In
most cases, human subjects choose strategies that come
close to maximizing expected gain in motor tasks with

Box 1. Constructing motor lotteries

In the main text, we describe a movement task equivalent to decision
making under risk. On each trial in the task, subjects have to reach out
and touch a computer screen within a limited period of time (e.g.
700 ms). Hits inside a green target region, displayed on a computer
screen, yield a gain of 2.5 cents; accidental hits inside a nearby red
penalty region incur losses of 12.5 cents. Movements that do not
reach the screen within the time limit are heavily penalized (after
training, they almost never occur). The subject is not completely
under control of the movement outcome due to the short time limit
[43]. Figure I shows simulated outcomes of attempts to hit the target
center.

A movement that reaches the screen within the time limit can end in
one of four possible regions: penalty only (region R1, gain G1 = !12.5),
target and penalty overlap (region R2, gain G2 = !10), target only
(region R3, gain G3 = 2.5) or neither/background (region R4, gain
G4 = 0). On evaluating movement plans in this task, visuo-motor
plans that lead to a touch on the screen within the time limit differ
only to the extent that they affect the probability Ps(Ri) of hitting each
of the four regions Ri, where i = !1, . . ., 4. The combination of event

probabilities Ps(Ri) resulting from a particular visuo-motor plan (aim
point) s and associated gains Gi form a lottery:

LðsÞ ¼ ½PsðR1Þ;G1;PsðR2Þ;G2;PsðR3Þ;G3;PsðR4Þ;G4& [Equation I]
An alternative visuo-motor plan s0 corresponds to a second lottery:

Lðs0Þ ¼ ½Ps0 ðR1Þ;G1;Ps0 ðR2Þ;G2;Ps0 ðR3Þ;G3;Ps0 ðR4Þ;G4& [Equation II]

Each lottery corresponds to an aim point. The lottery corresponding to
the aim point in Figure Ia has an expected gain of !2.8 cents per trial
(on average, the subject loses money), the expected gain associated
with the aim point in Figure Ib is 0.78 cents per trial. Obviously, the aim
point in Figure Ib offers higher expected gain. In planningmovement in
this task, subjects effectively choose between not just these two aim
points but an infinite number of aim points (lotteries). They are
engaged in a continuous decision-making task of extraordinary com-
plexity, and it is a task that is performed every time they move.

Figure Ic is a plot the expected gain associated with every possible
aim point with four of them highlighted. The aim point corresponding
to the yellow diamond maximizes expected gain for the subject in this
task.

Figure I. Equivalence of a movement task and decision making under risk. Subjects must touch a computer screen within a limited period of time (e.g. 700 ms). Subjects
can win 2.5 cents by hitting inside the green circle, lose 12.5 cents by hitting inside the red circle, lose 10 cents by hitting where the green and red circle overlap or win
nothing by hitting outside the stimulus configuration. Each possible aim point on the computer screen corresponds to a lottery. (a) Expected gain for a subject aiming at
the center of the green target (aim point indicated by the blue diamond). Black points indicate simulated end points for a representative subject (with 5.6 mm end-point
standard deviation); target and penalty circles have radii of 9 mm. This motor strategy yields an expected loss of 2.8 cents per trial. The numbers shown below the target
configuration describe the lottery corresponding to this aim point (i.e. the probabilities for hitting inside each region and the associated gain). (b) Expected gain for a
subject with the same motor uncertainty as in (a). Here, we simulate the same subject aiming towards the right of the target center (yellow diamond) to avoid accidental
hits inside the penalty circle. This strategy results in an expected gain of 0.78 cents per trial and corresponds to the strategy (aim point) that maximizes expected gain.
(c) Each possible aim point corresponds to a lottery and has a corresponding expected gain, shown by the grayscale background with four particular aim points
highlighted.
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tween target and penalty circles [6,7].
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plexity, and it is a task that is performed every time they move.
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OPTIMÁLIS DÖNTÉSEK EMBEREKNÉL

changing stochastic variability [8,25] or combining noisy
sensory input with prior information [26–29].

These results have implications for understanding
movement planning and motor control. Typical compu-
tational approaches to modeling movement-planning take
the form of an optimization problem, in which the cost
function to be minimized is biomechanical and the optim-
ization goal is to minimize some measure of stress on the
muscles and joints. These models differ primarily in the
choice of the cost function. Possible biomechanical cost
functions include measures of joint mobility [30,31],
muscle-tension changes [32], mean-squared rate of change
of acceleration [33], mean torque change [34], total energy
expenditure [35] and peak work [36]. These biomechanical
models have successfully been applied to model the nearly
straight paths and bell-shaped velocity profiles of arm
movements and also capture the human ability to adapt
to forces applied during movement execution [37]. We
emphasize that these models cannot be used to predict
subjects’ performance in our movement-decision tasks in
which performance also depends on externally imposed
rewards and penalties. Moreover, subjects came close to
maximizing expected gain with arbitrary, novel penalties
and rewards imposed on outcomes by the experimenter.

Subjects do not always come close to maximizing
expected gain in movement planning; for example when
the number of penalty and reward regions is increased [38]
and when the reward or penalty received is stochastic
rather than determined by the outcome of the subject’s
movement [39]. Furthermore, when the penalty is so high
that the aim point that maximizes expected gain lies out-
side of the target, results indicate that subjects prefer not
to aim outside of the target that they are trying to hit [8].
Thus, although there is a collection of motor tasks (as
described earlier) in which performance is remarkably
good, we cannot simply claim that performance in any
task with a speeded motor response will come close to
maximizing expected gain. Further work is needed to
delimit the range of movement-planning tasks in which
subjects do well.

One evident question is: are subjects maximizing
expected gain gradually by a process of trial and error?

Learning probabilities versus practicing the task
We were surprised to learn that subjects do not show
trends that are consistent with a gradual approach to
maximizing expected gain. The design of our studies [6–
8] and related work [23] had a peculiar structure. Before
the ‘decision-making’ phase of the experiment, subjects
practiced the speededmotor task extensively by repeatedly
touching single circular targets. During this initial train-
ing period, the experimenter monitored their motor per-
formance until it stabilized and the experimenter could
measure the residual motor variability of each subject.

Only after training did subjects learn about the gains
and losses assigned to each region in the experimental
condition. They were not explicitly told to take into account
the spatial locations of reward and penalty regions and the
magnitude of penalty and reward, but their highly efficient
performance indicates that they did so from the first trial in
which rewards and penalties were specified.

To summarize, in these experiments subjects were first
trained to be ‘motor experts’ in a simple task in which they
were instructed to touch targets on the screen. Only then
were they given a task involving trade-offs between
rewards and penalties. There were no obvious trends in
the aim points of subjects [6,7] that would indicate that
they were modifying their decision-making strategy as
they gained experience with the decision-making task
(Figure 2a).

To see how unusual this outcome is, consider applying a
simple reinforcement-learning model according to which
the aim point is adjusted gradually in response to rewards
and penalties incurred [40–42]. In the absence of any
reward or penalty, a learning model based on reward
and penalty would predict that the subject should aim
at the center of the green circle, just as in the training
trials. The subject would then gradually alter the aim point
in response to rewards and penalties incurred until the
final aim point maximized expected gain (Figure 2b).

Figure 1. Reaching under risk. (a) An example of a stimulus configuration presented on a display screen. The subject must rapidly reach out and touch the screen. If the
screen is hit within the green circle, 2.5 cents are awarded. If hit within the red circle, there is a penalty of 12.5 cents. The circles are small (9 mm radius) and the subject
cannot completely control this rapid movement because timing constraints force it to be rapid. In Box 1 we explain what the subject should do to maximize winnings. (b) A
comparison of subjects’ performance to the performance that would maximize expected gain. The shift of subjects’ mean movement end points from the center of the
green target region is plotted as a function of the shift of mean movement end point that would maximize expected gain for five different subjects (indicated by five different
symbols) and the six different target-penalty configurations shown in Figure 2a. Replotted, with permission, from Figure 5a in Ref. [6].
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BAYES-I VISELKEDÉS

HÁZI FELADAT
▸ 1. Cue integration: lássuk be, használva a Bayes szabályt és a megadott prior és 

likelihood függvényeket, hogy a látens (s) posteriorja Gauss a következő 
paraméterekkel: 
(Keressük ki a Gauss eloszlás sűrűségfüggvényét és használjuk a Bayes-i inferencia 
szabályait: posterior ~ prior * likelihood). 

▸ 2. Ernst&Banks: Cue integration:  

▸ Miért nem kellett számolnunk a priorral? 

▸ Milyen forrásokból jöhet zaj a csak haptikus esetben?
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