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Abstract reflects neural reward prediction error. First, FRN is larger
When feedback follows a sequence of decisions, how do after unexpected than expected (_)utcomes.(Holroyd et al.,
peqle assign credit to intermediate actions within the 2009). Second, FRN correlates with behavioral adjustment
sequence? To explore this temporal credit assignment (Cohen & Ranganath, 2007). Third, neuroimaging
problem, we recorded event-related potentials (ERPs) as experiments, source localization studies, and single cell
participants performed a sequential decision task. Our ERP recordings suggest that FRN originates from the anterior
analyses focused on feedback-related negativity (FRN), a cingulate cortex (ACC), a region implicated in goal-direct
component thought to reflect neural reward prediction error. panavioral selection (Holroyd et al., 2009). These ideas have

The experiment showed that FRN followed negative feedback . . ; .
and negative intermediate states. This outcome suggests that been synthesized in the reinforcement learning theory of the

participants evaluated intermediate states in terms of expected €T0r-related negativity (RL-ERN), which proposes that
future reward, and that these evaluations guided acquisition of midbrain dopamine neurons transmit a prediction error
earlier actions within sequences. We compared these resultssignal to the ACC, and that this signal strengthens or
to the predictions of three reinforcement learning models that weakens the actions that precipitated outcomes (Holroyd &
address temporal credit assignment: Actor-critic, Q-Learning, Coles, 2002).
and SARSA. Although the RL-ERN theory has stimulated a great deal
Keywords: Actor-critic; ERP; Q-Learning; SARSA; of research (for review, see Nieuwenhuis et al., 2004),
Temporal credit assignment; Temporal difference learning.  feedback immediately follows actions in most studies of
) FRN. Similarly, although RL methods have stimulated a
Introduction great deal of psychological research (for review, see Fu &

To behave adaptively, humans and animals must learn foderson, 2006), most studies of RL in humans also
predict the outcomes of their actions. Reinforcementnvolve relatively simple tasks. These scenarios contrast
learning (RL) provides a mechanism for acquiring thiswith complex control problems we face in daily life. One
knowledge through trial-and-error interactions with ansuch problem is temporal credit assignment. When feedback
environment (Sutton & Barto, 1998). According to manyfollows a sequence of decisions, how should credit be
RL models, the difference between expected and actu@ssigned to intermediate actions within the sequence?
outcomes, or “reward prediction error”, provides a learning Here, we consider three TD learning methods that address
signal. By revising estimates based on prediction errothe temporal credit assignment problem: Actor-critic, Q-
humans and animals learn to anticipate outcomes, arkfarning, and SARSA. These methods evaluate actions in
consequently, to select actions that maximize reward arf@'ms of immediate and future reward. For example, an
minimize punishment. action may bring an individual into direct contact with
RL methods have influenced contemporaryreward. Alternatively, an action may bring an individual
neuroscientific theories. For example, one popular RlNto a state associated with a high probability of future
method, temporal difference (TD) learning, has been used feward. How should future reward be calculated? In the
characterize the phasic response of midbrain dopamir@ctor-critic model, future reward is treated as the value of
neurons to rewarding and punishing events (Schultz, DayaRotential options, weighted according to the probability of
& Montague, 1997). Several studies have confirmed that theelecting each (Sutton & Barto, 1998). In Q-Learning,
response of these neurons depends on reward magnitude dwdire reward is treated as the value of the best potential
reward likelihood (Tobler, Fiorillo, & Schultz, 2005). option (Watkins & Dayan, 1992). Finally, in SARSA, future
Rather than responding directly to experienced outcomeggward is treated as the value of the future option that is
however, these neurons respond to diéerence between actually selected (Rummery & Niranjan, 1994).
expected and actual rewards. Thus, midbrain dopamine!n the current experiment, we recorded ERPs as
neurons convey information about TD prediction error. participants performed a sequential decision task. The initial
Recent ERP research with humans has revealed @gcision in each sequence brought participants to an
frontocentral negative component that appears 200-300 nitermediate state associated with a high or a low
after the display of error feedback (Gehring & Willoughby, Probability of receiving positive feedback, and the final
2002; Miltner, Braun, & Coles, 1997). Three features of thiglecision was followed by positive or negative feedback.
feedback-related negativity (FRN) indicate that it tooBased on the idea that FRN reflects neural prediction error
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(Holroyd & Coles, 2002), we tested two main hypotheses.
First, FRN should be greater for unexpected than for

expected outcomes. This follows from the fact that RL 20% 0% 0% 80%
models anticipate probable outcomes. Consequently, model Correct Correct Correct Correct
prediction error is greater for unexpected than for expected 4 4 4 4

outcomes. Second, if credit assignment occurs “on the fly”,

as predicted by the TD model, negative feedbank T v T v
negative intermediate states will evoke FRN. Alternate

methods exist for performing temporal credit assignment 7'} A
(e.g. model-based RL, eligibility traces). If credit is only

assigned at the end of the decision episode, as predicted by

these alternate models, ontegative feedback will evoke [I |Jl‘|
FRN. In addition to testing these two hypotheses, we

compared predictions of three TD models, actor-critic, Q- 100%N% AZA’
Learning, and SARSA, to the behavioral and neural results - .

of the experiment. R 7

Experiment
Task
A pair of letters appeared at the start of each trial. A cue g e 1 Experiment states, transition probabilities, and

appeared after participants selected a letter. A second pair of outcome likelihoods.
letters followed the cue. Feedback appeared after

participants selected a second letter. Participants completed-gaqpack-locked ERPs were analyzed for trials where

2 experiment blocks of 400 trial_s. 13 gra(_juate an(l)articipants selected the correct letter for the cue, and FRN
undergraduate students participated in the experiment. = /a5 cajculated as the difference between ERP waveforms
Within each block, one pair of letters appeared at the staffyer |osses and wins. FRN amplitude is often confounded

of all trials (Figure 1). When patrticipants chose the correclt)y changes in P300 amplitude, a component that is also

letter in the first pair ("J" in this example), a positive and asgnitive to event likelihoods. Consequently, we compared
negative cue appeared equally often. When they chose th&.cas and wins that were equally likely by creating an

incorrect letter in the first pair (“R”), a negative cue always‘expected outcome” difference wave (0.2 Cue losses — 0.8

appeared. A second pair of letters followed the cue. Thg o wins), and an “unexpected outcome” difference wave
correct letter in the second pair depended on the cu®_8 Cue losses — 0.2 Cue wins). FRN was measured as
identity. The correct letter for the positive cue (“V” in this -4 voltage of the difference waves from 200-300 ms after
1 0, ili . . .
example) was rewarded with 80% probability, and theeegpack onset, relative to the 200 ms prestimulus baseline.
correct letter for the negative cue (“T") was rewarded with~ ;e jocked ERPs were analyzed for trials where

20% probability. Incorrect letters were never rewardedn, icinants selected the correct starting letter (after which
Consequently, op.t|mal _selec'uons ylglded positive feedbac,, probability of receiving the 0.2 or the 0.8 Cue was
for 80% of trials involving the positive cue (0.8 Cue) a”dequal). Cue FRN was measured as mean voltage of the cue

for 20% of trials involving the negative cue (0.2 Cue). Theyittarence wave (0.2 Cue — 0.8 Cue) from 200-300 ms after
symbols “#” and **” denoted positive and negative . onset.

feedback.

. Models
Recording -
The EEG was recorded from 32 Ag-AgCl sinteredActor-critic (Sutton & Barto, 1998) _
electrodes  (10-20 system), and recordings werel he _actor-crlt|c (AC) model computed a state-action value
algebraically re-referenced offline to the average of the rightnction, Q(s,2), and a state value functiovi(s). The state-
and left mastoids. The vertical EOG was recorded as thaction value function, which corresponded to the actor,
potential between electrodes placed above and below tisdabled action select|or!.. The state-value fu.nctlon, wh_lch
left eye, and the horizontal EOG was recorded as theorresponded to t_he critic, enabled evg!uauon of action
potential between electrodes placed at the external cantffonseguences. Actions affected the transition from stede
The EEG and EOG signals were amplified by a Neurosca#+: and actions affected the presentation of reward,
bioamplification system with a bandpass of 0.1-70 Hz androllowing the selection of an actio, the critic issued an
digitized at 250 Hz. Eye blinks were corrected using ICA&vauation in the form of prediction erraf,
800 ms epochs were extracted from the continuous
recording and these epochs were baseline corrected relatie® [fsa + ¥+ V(s0)] - V() (1)
to the 200 ms prestimulus interval.
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The AC model maximized the combined immediatg,, Positive feedback had a value of 1.0 and negative feedback
andfuture rewardV/(s.1), and future reward was discounted had a value of 010

by y (y < 1.0). The value of the previous sta¥#s), was Model predictions were based on 500 simulations. All

updated according to state and state-action pairs began with values of 0.5 and
values were updated according to prediction error. In each

V(St) - V(5t)+0" J, (2 trial, logistically distributed noise was added to state-action

values, and the state-action pair with the greatest value was
where o controlled the learning rate (0.0e<< 1.0). The Selected. Two model parameters, learning rate (05) and
value of the previous state-action p&Xs,a), was updated the temporal discounting factor (¥ 0.8), were fixed

according to according to values reported in Fu & Anderson (2006).
Interestingly, wherm andi were treated as free parameters,
Q(St aJ _ Q(St aJ+a- 5 3) mean squared error (MSE) for each model was minimized at

values of a and y within £0.02 of their fixed values.

) ) Selection noiset( defined as the standard deviation of the
Q-Learning (Watkins & Dayan, 1992)  logistically distributed noise added to state-action pairs)
The AC and. Q-Learning models d|ffered in two ways. F'TSt’remained as a free parameter. We compared model
the Q-Learning model used an action-state value functionsg|ections to participant performance. Additionally, we
Q(s,a), to select actions and to evaluate outcomes. Secongomputed the difference infor expected feedback (0.2 Cue
the Q-Learning model treated future reward as the value gfsses — 0.8 Cue wins), unexpected feedback (0.8 Cue losses
the optimal selection policy in state- 1, — 0.2 Cue wins), and cues (0.2 Cue — 0.8 Cue) to derive

model FRN. We then fit model FRN to observed FRN using

o= [rHl + y* max, Q(Sm, a)] - Q(S , at) : 4) a slope termr) and a zero intercept.

As in the AC model, future reward was discounted,tgnd Results

the state-action value function was updated according tBehavioral Results

Equation 3. Selection accuracy varied by choid&2,24) = 10.33p <
.001, and selection accuracy increased by block half,

SARSA (Rummery & Niranjan, 1994) F(1,12) = 102.54p < .0001 (Figure 2). Selection times for

Like the Q-Learning model, the SARSA model only correct responses did not vary by choleg,24) = 2.47p >
required an action-state value functio@(s,a). Unlike the .1, or block halfF(1,12) = 2.55p > .1.

Q-Learning model, however, the SARSA model treated

future reward as the value of the actual state-action pafRP Results

selected in state t +,1 We first analyzed feedback-locked ERPs. Waveforms
showed a pronounced negativity from 200-300 ms after loss
5=[ra + ¥* QS a140)] - Q(s1.2,)- (5) feedback (Figure 3). This FRN (loss — win) appeared to be

greater for unexpected than for expected outcomes. A 3
As with the AC and Q-Learning models, future reward wadSite: Fz, Cz, Pz) by 2 (outcome likelihood: expected,
discounted byy, and the state-action value function wasunexpected) ANOVA on FRN amplitude revealed effects of
updated according to Equation 3. site, F(2,24) = 10.91,p = .005, and outcome likelihood,

To summarize, all models usédo learn the values of the F(1,12) =13.26p =.003. FRN was greater for unexpected
state-action pairs that comprised the experiment task (Figuf8@n for expected outcomes at site ¥2) = 3.69p = .003.
1), and all models sought to select actions that maximizef/® @lso considered FRN over the first and the second
immediate and future reward. Although the initial selectior&/ves of blocks (Figure S). A 2 (outcome likelihood) by 2
in each trial was not followed by immediate reward fi.g.  (Pl0ck half) ANOVA at Fz showed an effect of outcome
= 0), the initial selection was followed by future reward kelihood, F(1,12) = 11.68p = .005, but not block half,
associated with a subsequent state (AC model), or H(1:12) = 0.10,p > .1. Although the interaction was not
subsequent state-action pair (Q-Learning and SARSAdnificant,F(1,12) = 3.13p > .1, experience caused FRN
models). As such, prediction error for the initial selectioni© increase for unexpected outcomes and to decrease for
was calculated as the difference between discounted futuféPected outcomés _
reward and the value of the first state (AC model), or the Wethen analyzed cue-locked ERPs. A 3 (site) by 2 (cue)
value of the first state-action pair (Q-Learning and SARSA\NOVA revealed a nonsignificant effect of sif§(2,24) =
models). Prediction error for the final selection was 7 o ] )
calculated as the difference between immediate reward and Because the model used a soft-max decision policy, choice

roportions depended only on the absolute differences between Q-
the value of the second state (AC model), or the value of thx%lues. Consequently, changes to the noise parantetean

second state-action pair (Q-Learning and SARSA mOdelsliccommodate a wide range of positive and negative reward values.

2 In a subsequent experiment with a larger sample size, this
interaction reached significance.
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0.24,p > .1, a marginal effect of cug(1,12) =3.05p=.1, theAC model, MSE was also minimizedrmat= 2.6 (MSE =

and a nonsignificant interactiof(2,24) = 1.78,p > .1.  0.262,r? = 0.86). As seen in Figure 5, all models predicted
ERPs were relatively more negative for 0.2 than for 0.8ha cue FRN would increase with experience, and that FRN
Cues at site Fz, but the effect failed to reach significancdor unexpected outcomes would increase with experience
t(12) = 1.77,p = .1. When we considered the first and thewhile FRN for expected outcomes would decrease with
second halves of blocks separately, however, a differemxperience. These trends were observed.

picture emerged (Figure 4). A 2 (cue) by 2 (block half)

ANOVA at Fz revealed a significant interaction between Unexpected
cue and block half(1,12) = 6.56p = .025. In the first half 7 -
of blocks, ERPs did not vary by cu¢l2) = .46,p > .1, but RN
in the second half of blocks, ERPs were relatively more 0 =
negative for 0.2 than for 0.8 Cud§l2) = 2.76,p = .017.
The discovery of cue FRN indicates that participants = 7
evaluated intermediate outcomes in terms of future reward, 14
as predicted by the temporal difference models.
21 Loss-Win
100 Expected
0 O ) -6
80 ~
8 % 0 p— 2 S -4
5 o Jstan 2 \as~s 2
% 40 ‘:I 0.8 Cue 14 - - Loss-Win 0
Loss
A~ 21 ————  Loss-Win 2
20 200 0 200 400 600
Time (ms)
0 1 2
Block Half Figure 3.ERPs evoked by unexpected and expected losses

and wins at site Fz (left panels). Scalp voltage topography

] . . for loss — win comparison from 200-300 ms (right panels).
Figure 2.Selection accuracy for start pair, 0.8 Cues, and 0.2

Cues by block half and for participants (bars), AC (squares), Half 1
Q-Learning (circles), and SARSA (triangles).

Model Performance 0
For each model, we estimated the value of nejgbat best

accounted for selection accuracy over the first and second é 2
halves of experiment blocks. For the Q-Learning and
SARSA models, MSE was minimized at= 0.1 (Q- 4
Learning: MSE = 0.002;? = 0.90; SARSA: MSE = 0.002, 6

r? = 0.90). For the AC model, MSE was minimizedt a Haifz 0.2-0.8 Cue
0.2 (MSE = 0.004r2 = 0.71). As seen in Figure 2, all 2
mockls displayed effects of choice and block half like those I\ -2

RV
seen for participants. Additionally, the Q-Learning and 0 bt A MV

SARSA models, which were structurally most similar,

yielded nearly identical predictions to one anothér X § 2

0.99). Finally, the AC model outperformed participants and --02-0.8

the other two models over the second half of blocks. 4 0.2 0
Next, we examined whether FRN related to madelo Fz —0.38

do so, we computed model FRN as the differencé fior -gOO 0 200 400 600 SRR 1

expected feedback, unexpected feedback, and cues. For eact Time (ms)

model, we estimated the value of the slope parameter,
that best accounted for FRN over the first and second halve|§

: i . igure 4. ERPs evoked by 0.2 and 0.8 Cues for the first and
gogéﬂer,'\;nseg twg!:(r:rh(i?im[:igerz dﬂ;?:% Iéegﬂ'_ggnigg_ fAAéFéSA the second halves of blocks at site Fz (left panels). Scalp

= 0.295,r2 = 0.85; SARSA: MSE = 0.2942 = 0.85). For voltage topography for 0.2 Cl_Je — 0.8 Cue comparison from
200-300 ms (right panels).
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Figure 5. FRN for unexpected outcomes, expected Figure 6 Cue-locked voltages preceding correct and

outcomes, and cues by block half and for participants (bars),incorrect responses by cue and for participants (bars), AC
AC (squares), Q-Learning (circles), and SARSA (triangles). (squares), Q-Learning (circles), and SARSA (triangles).

The behavioral results favored the Q-Learning and General Discussion

SARSA models. The AC model outperformed participantsyjihough the RL-ERN theory has stimulated a great deal of
and the other two models over the second half of block§egarch, feedback immediately follows actions in most

Performance differences between models related to thg,qgies of FRN. Similarly, although RL methods have
nuanced meaning of state-action pa@sa), for each. In gimylated a great deal of psychological research, most

the Q-Learning and SARSA models, Q-values approximatgygies of RL in humans involve simple environments. In

values of state-action pairs. In the AC model, Q-value$he cyrrent experiment, we examined leaming in a more

approximate selection preferences that maximize the Statgymplex problem space. We asked how people assign credit
value function, V(s). Because a deterministic selectioni, intermediate actions when making sequences of

policy maximized the state-value functiof(s), in our task,  yecisions

Q-values in the AC model became increasingly polarized The experiment yielded two clear results. First, FRN was

until near-deterministic selections emerged. The same effegioater for unexpected than for expected outcomes

could be achieved in the Q-Learning and SARSA models by though some studies have reported a relationship between
annealing the noise parameter. _ FRN and prediction error (Holroyd et al., 2009), others have
To further distinguish between the Q-Learning andn, (Hajcak et al., 2005). This discrepancy has led to the
SARSA models, we re-analyzed cue-locked waveforms, ,osa) that FRN relates most strongly to prediction error
based on cue identity (0.2 Cue, 0.8 Cue) and the responggany outcomes are contingent on behavior (Holroyd et al.,
that followed the cue. If prediction error depended on th%OOQ). In our experiments, feedback was contingent on
value of future actions, as predicted by SARSA, Weyenavior, and consistent with the proposal of Holroyd et al.
expected that cue-locked waveforms would be more;0n9) we did observe a relationship between prediction
negative before participants chose the incorrect respongg.or 'and FRN. Second, FRN also followed negative
than before they chose the correct response. From 200-3Qf}ermediate outcomes even though these outcomes did not
ms after cue presentation, average area under the 0.2 Céﬂ?ectly signal reward. This result shows that people

waveform was Iiess than_area under the 0.8 Cue waveform &fa,ated intermediate outcomes in terms of expected future
site Fz,F(1,12) = 8.40p = .013 (Figure 6). Waveforms did e\yard. Although many theories propose that such
not depend on the accuracy of the forthcoming responsgyayations underlie temporal credit assignment (Fu &

howeverF(1,12) =1.71p > .1. o Anderson, 2006; Holroyd & Coles, 2002; Schultz, Dayan, &
We computed modeb for the same combination of \j5ntague, 1997: Sutton & Barto, 1998), these results

factors. Q-Learning and AC predictions were consistents oyide one of the clearest demonstrations of TD learning to

with observations (Q-Learning: MSE = 0.237,= .0.77; our knowledge.

AC: MSE = 0.225,r* = .0.76) in that they predicted an ~\ye also examined three TD methods: Actor-critic, Q-

effect of cue but not response accuracy. In contrast, th_eearning, and SARSA. A recent neuroimaging study

SARSA model predicted a more negétive isignal beforeyovided support for the AC model by showing that activity
incorrect than correct responses (MSE = 0.41%;.0.32), i, the dorsal and ventral striatum of the basal ganglia

owing to how the algorithm computed future reward (EQ. 5)¢orresponded to the behavior of the actor and the critic in
A . ~ the AC model (O'Doherty et al., 2004). Alternatively,
This analysis was based on the area under individuadingle-cell recordings from midbrain dopamine neurons in

waveforms rather then FRN. Consequently, we computed neY’ﬁonkeys have supported SARSA (Morris et al., 2006), and
slope and intercept terms to compare médel observations.
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recordings from dopamine neurons in rats have supported Refer ences

.Q'Lea”_“”g (Roesch, Calu, &. S_choer_1bau_m, 2007). Ar‘bohen, M.X., & Ranganath, C. (2007). Reinforcement
integrative account of these findings is hindered by the learning signals predict future decisiorhe Journal of
between species comparison. Consequently, it is unclear, aS\auroscience. 27. 371-378 '

Ef yet, Wq_'ﬁh {)orrr]n (.)f TID c&)ntrol ISI mosltt ap?ht%able to Ftu, W.T., & Anderson, J.R. (2006). From recurrent choice
umans. 1he behavioral and neural resufis of the current,, oy, learning: a reinforcement-learning modigurnal
experiment were consistent with Q-Learning. This

considerations not withstanding, the current data do nc&ggﬁgerm tm&Ps\i/\?irl}gISg%:b(;en:r SI ’ %23012?4.?22 medial

definitively distinguish between TD variants. The more . . .
Do . . . frontal cortex and the rapid processing of monetary gains
valuable contribution of this work is the demonstration that and lossesScience, 295, 2279-2282.

intermediate states inherit value, a feature central to eaq_tp

. ; . ajcak, G., Holroyd, C.B., Moser, J.S., & Simons, R.F.
D _model. Future _stud|es should aim o elumdate_ the (2005). Brain potentials associated with expected and
precise TD algorithms that underlie neurological

computations. dei(gfcltsg good and bad outcomesychophysiology,

Our simulations demonstrated that the core Q—Learning10| royd, C.B., & Coles, M.G.H. (2002). The neural basis
model could account for the behavioral and neural data. o%/ rilur:nar} .érror prc;ceésiﬁg: reinfo.rcement learning

Additionally, our computational instantiation clarified two . . ;
’ . , dopamine, and the error-related negativiRgychological
nuanced features of the experiment results. First, FRN Review, 109, 679-700.

decreased for expected outcomes and m_creased fﬂrolroyd, C.B., Krigolson, O.E., Baker, R., Lee, S., &
unexpected outcomes. Mode_l FRN changed in the SameGibson, J. (2009). When is an error not a prediction error?
manner. Because utility estimates began _aF_B.S/,vas An  electrophysiological investigation. Cognitive,
initially -0.5 (0.0 — 0.5) for all losses, aadvas initially 0.5 Affective. & Behavioral Neuroscience. 9 59-70

(1.0 — 0.5) for all wins. As the model learned, the utility of iitner W HR. Braun. CH. & Cé)le’s M G H. (1997)
the correct response for the 0.2 Cue approached 0.2 and 'M ven't—rel.atéd” brain ' pbté}]tials foI’Iowi.ng. .incorrec.t
utility of the correct response for the 0.8 Cue approached feedback in a time-estimation task: evidence for a

0.8. Consequently, magnitude decreased for expected wins “generic’ neural system for error detectiofournal of
and losses, andl magnitude increased for unexpected wins Cognitive Neuroscience, 9, 788-798.

and losses, giving rise to the observed changes in FRN. d\_/lorris, G., Nevet, A, Arkadir, D., Vaadia, E., & Bergman,

L Sec_ond, Cgel FRS‘. mfcretassz(_JII_Dth de>|<per||encer.1 Th% H. (2006). Midbrain dopamine neurons encode decisions
earning model (and in fact a models) alsa showed an for future actionNature Neuroscience, 9, 1057-1063.

experience-dependent increase in cue FRN. The mOdeILﬁeuwenhuis S., Holroyd, C.B., Mol, N., & Coles, M.G.H
only distinguished between positive and negative cues after(2004). Réini‘brcement’—re.laféd b’rai'n’ potentiéls. f.ror.‘n

the values of the states and actions that followed t_hose CUeSmedial frontal cortex: origins and functional significance.
(e.g. future reward) became polarized. As this result

demonstrates, the TD models learn the utility of actions th Neuroscience and Biobehavioral Reviews, 28, 441-448.

; " . '‘Doherty, J., Dayan, P., Schultz, J., Deichmann, R.,
are near to rewards before learning the utility of actions tha Friston, K., & Dolan, R.J. (2004). Dissociable roles of
are f".” from r_ewards. Humans and animals also exhibit this ventral and dorsal striatum in instrumental conditioning.
learning gradient (Fu & Anderson, 2006). :

Do th It f thi . t indicate that TD Science, 304, 452-454.

0 the resulls ot his experiment Indicate ha .Boesch, M.R., Calu, D.J., & Schoenbaum, G. (2007).
methods alone are sufficient for coping with temporal credi Dopamine neurons encode the better option in rats
assignment? We think not. Although participants faced a deciding between differently delayed or sized rewards
discrete Markov decision process (MDP) in our experiment '

eople must sometimes identify current staded recall ' Nature Neuroscience, 10, 1615-1624.
peop y Rummery, G.A., & Niranjan, M. (1994). On-line Q-learning

past transitions. Violations of the Markov property may be usin o
: L g connectionist systems. (Tech. Rep. CUED/F-
problematic for TD methods. Additionally, although TD INFENG/TR166). Cambridge University.

learning reduces the delay between action selection a@chultz W., Dayan, P., & Montague, P.R. (1997). A neural
credit assignment, TD learning does not typically eliminate subst,rate.’of yred’icti.(’)n and re%varétiéncé 275 '1593_
delays in continuous time domain tasks. An important 1599 P ’ '

question for future research is how people integrate T . .
learning with other RL methods, like eligibility traces a”d%u;;ﬂgﬁidi&%fg;%éﬁé élifmﬁog:gzzn tlearning:
model-based RL, to behave proficiently in complexrq .o N\ “Fiorillo, C.D., & Schultz, W. (2005). Adaptive
environments. coding of reward value by dopamine neuroSsience,
307, 1642-1645.
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