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ABSTRACT 

 

 

 

Because most of the events in the world are probabilistic and changing, the 

extinction of probabilistic events that no longer occur is important for survival. Here, we 

investigated the effect of reward probability on the rate of extinction using behavioral and 

pharmacological experiments in rats and temporal difference model simulations. Our 

experimental results suggested that ambiguity during extinction and the value of 

probabilistic reward are the two major causes that resulted in the inverted U-shaped 

relationship between the rate of extinction and reward probability. Using pharmacological 

activation and inactivation of midbrain dopamine neurons, we reasoned that ambiguity 

may not be signaled by dopamine neurons. By adding an ambiguity signal into an 

existing temporal difference model, we reproduced the inverted U-shape for the first time 

and supported our conclusion. Our study provides insights into the extinction of 

probabilistic rewards and gives a useful computational model for further investigation. 

 

 

 

 

 

 



 

 
9 

CHAPTER 1: EXTINCTION OF PROBABILISTIC REWARDS – BEHAVIORAL 

EXPERIMENT 

 

 

 

1.1   Extinction 

 

Definition 

After the presentation of a neutral stimulus such as a bell preceding the presentation of a 

biologically significant stimulus, such as food or electric shock, natural responses to the 

biologically significant stimulus come to be elicited by the neutral stimulus. This 

association between the neutral stimulus and the biologically significant stimulus is 

called conditioning. In conditioning, the associated neutral stimulus is called the 

conditioned stimulus (CS); the biologically significant stimulus is called the 

unconditioned stimulus (US); and the natural response that is induced by the conditioned 

stimulus is called the conditioned response (CR).  

 

If the CS is no longer followed by the US, it weakens the ability of the CS to 

induce the conditioned response. This change to the association between the CS and US 

is called extinction1. Because extinction prevents conditioned responses which are no 

longer advantageous—or even harmful—from being uncontrollably induced by the CS, 

extinction is important for adaptation to a changing environment.  



 

 
10 

 

Figure 1.1. Evidence that extinction is not erasing memory. A: Spontaneous 
recovery shows that the memory is still present after extinction and can be recovered 
both 2 and 24 hours after extinction. B: After extinction, a brief reminder of the US 
(arrows) can reinstate the full strength of the memory. C: A simple contextual cue that 
was present during learning can fully renew the expression of a fully extinguished 
memory if its extinction occurred in a different context. Figure adapted from1 

 

 

Extinction is not forgetting 

Extinction is not merely the erasing or forgetting of the association between the CS and 

US1. The extinguished conditioned response reappears as time goes by after the 
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extinction training; this is called spontaneous recovery [Figure 1.1A]. On the other hand, 

if the US is presented before the presentation of the CS, the conditioned response is 

elicited again by the CS. This phenomenon is called reinstatement [Figure 1.1B]. When 

conditioning and extinction happen in different contexts, the conditioned response 

appears less in the extinction context than in the conditioning context. This context-

dependent expression of an extinguished conditioned response is called renewal [Figure 

1.1C]. Spontaneous recovery, reinstatement and renewal indicate that the memory of 

conditioning remains intact after extinction, which therefore must involve the learning of 

a new association between the CS and NO-US, rather than erasing or forgetting. 

 

 

Within-session extinction and between-session extinction 

If the CS is repeatedly presented without the presentation of the US during an extinction 

session, the conditioned response gradually wanes. However, even if the conditioned 

response completely disappears at the end of the extinction session, the conditioned 

response often reappears at the beginning of the following extinction session 

(spontaneous recovery). On the other hand, even if the level of the conditioned response 

declines only a little during extinction training, the conditioned response can decrease 

meaningfully in the next extinction session2 [Figure 1.2]. To separate the (1) decay of the 

conditioned response within an extinction session from (2) the decrement in the 

conditioned response between two consecutive extinction sessions, the former is termed 

within-session extinction and the latter is termed between-session extinction.  
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Figure 1.2. Within-session extinction and between-session extinction. Within-
session extinction and between-session extinction refer to the decay of the 
conditioned response within an extinction session (teal arrow) and between two 
consecutive sessions (orange arrow), respectively. 

 

 

Within-session extinction and between-session extinction are two neurobiologically 

different processes 

Within- and between-session extinction are different not only in their time courses but 

also in effectiveness of an extinction protocol. (1) A single long exposure to the CS and (2) 

several short exposures to the CS with variable interval both are effective at the same 

level for within-session extinction, but the latter is more effective for between-session 

extinction. 

The differences in the time course and task effectiveness between within- and 

between-session extinction suggest that the two types of extinction involve 

neurobiologically different cognitive processes that rely on distinct neural substrates. 

Previous studies support this notion. The infralimbic cortex (IL) in the medial prefrontal 

cortex is necessary for between-session extinction but not for within-session extinction. 
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Pharmacological blockade of protein synthesis or NMDA receptors in the IL during or 

immediately after an extinction session prevents between-session extinction while 

leaving within-session extinction intact3-4. Inactivation of brain-derived neurotrophic 

factor (BDNF) in the hippocampus impairs between-session extinction but has no effect 

on within-session extinction5-6.  

 

 

Within-session extinction 

When the goal of an extinction procedure is to permanently suppress a conditioned 

response from being elicited by its CS — such as the exposure therapy for PTSD (post-

traumatic stress disorder) — between-session extinction is more important than within-

session extinction. Therefore, extensive research has been done on the underlying 

mechanism of between-session extinction in terms of developing PTSD treatments.  

 

In contrast, in order to adapt to changes that happen in short time periods, within-

session extinction is more decisive than between-session extinction. Because most real 

world events change dynamically, successful within-session extinction has adaptive 

advantages for survival. However, relatively little research has been done on within-

session extinction. What determines the rate of within-session extinction? What are the 

neural substrates of within-session extinction and what is the underlying mechanism of it? 

In this thesis, I addressed these questions in the within-session extinction of probabilistic 

rewards using behavioral and pharmacological experiments and computational models.   
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1.2   The rate of within-session extinction of a reward depends on the probability 

of the reward.  

 

 

Previous studies in humans have found that the rate of within-session extinction of a 

probabilistic reward is an inverted-U shaped function of the probability of reward; with 

high and low probabilities eliciting fewer conditioned responses until within-session 

extinction than intermediate probabilities [Figure 1.3]7-8. However, the reason for this 

phenomenon has not been fully understood.  

 

 

 
Figure 1.3. The rate of within-session extinction of a probabilistic reward is an 
inverted-U shaped function of the probability of the reward. In the acquisition 
phase of each session of this human study, a monetary reward was given with a 
certain probability whenever the human subject pulled a lever. After eight trials of 
the acquisition phase, an extinction phase immediately followed, during which the 
monetary reward was no longer delivered. The number of lever pulling (attempts) 
until the subject gave up (extinction) was counted. The rate of within-session 
extinction (the number of attempts until extinction) is an inverted-U shaped 
function of the probability of the reward. Figure adapted from7 



 

 
15 

Potential reason 1: the total number of trials or the number of rewards delivered 

Because reward probability is the number of rewards delivered divided by the total 

number of trials, two rewards with different probabilities always entail either a different 

number of total trials or a different amount of reward delivered. Therefore, the inverted 

U-shape relationship between reward probabilities and the rate of within-session 

extinction might result from either the different number of total trials or the different 

amount of reward delivered — rather than the probability of reward itself.  

 

 

Potential reason 2: probability of reward 

On the other hand, probability of reward itself might be the major reason for the 

phenomenon. Probability of reward has a strong influence on the decision whether or not 

to make an effort to obtain the reward. First of all, it determines the value of the reward. 

Although the exact way of evaluating probabilistic rewards differs in different theories, 

the value of a probabilistic reward increases with its probability9. Probability of reward 

also determines the risk of the reward — uncertainty in delivery of the reward when 

probability of the reward is known. Risk is measured as reward variance which results 

from the probability distribution of the reward. Risk is maximal when the probability is 

50% and minimal when the probability is 0% or 100%10. Previous studies have found that 

risk affects decisions, although its influence is not consistent across individuals or within 

the same individuals11.  
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Potential reason 3: ambiguity 

Ambiguity means uncertainty in delivery of the reward resulting from incomplete 

knowledge of reward probability and has been found to affect decisions10, 12. Ambiguity 

at the end of the acquisition phase or ambiguity during the extinction phase also might 

contribute to the inverted U-shape relationship between reward probabilities and the rate 

of within-session extinction. To recognize that the reward probability is 100% within 8 

trials is easier than to recognize that the reward probability is 25% within 8 trials7. It is 

easier to recognize that the reward that used to be delivered with 100% probability no 

longer happens than it is to recognize that the reward that used to be delivered with 25% 

probability no longer occurs.  

 

 

Rationale of the behavioral experiment  

To identify the underlying reason for the inverted U-shape relationship between the 

reward probabilities and the rate of within-session extinction, we conducted two types of 

experiments: a trial-constant experiment and a reward-constant experiment. During the 

acquisition phase of the former, we fixed the total number of trials to 20 while varying 

the number of rewarded trials and vice versa during the acquisition phase of the latter 

(Table 1). A food pellet was delivered with the tweezers in the rewarded trials. During the 

extinction phase of both types of experiments, we presented empty tweezers until the 

animal did not make an attempt to get food from the tweezers (smelling or biting the 

tweezers) for 5 consecutive trials (extinction). We used fixed inter-trial intervals and the 
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rate of within-session extinction was measured as the number of attempts until extinction. 

In addition, to test if there is a significant amount of ambiguity at the end of the 

acquisition phase, we compared the reaction times at the beginning and at the end of the 

acquisition phase.  

 

If the inverted U-shape relationship between the reward probabilities and the 

number of attempts until extinction is apparent in both types of experiment, and if the 

animals respond significantly faster to rewards with higher probabilities, this would 

suggest that the reward probability itself and ambiguity during the extinction phase are 

the major causes of the inverted U-shape relationship.  

 

 

 

1.3   Materials and Methods of behavioral experiment 

 

 

Animals   

For the behavioral experiment, eight BN/RijHsd and two FBNF1/Hsd rats were used. 

Since one of the rats did not focus on the experiment, we re-conducted the experiment 

with this particular rat. All rats were male and obtained from Harlan Sprague Dawley. 

The experiment was conducted when the rats were 5-12 months old. The animals were 

housed in a reversed 12h light/dark cycle and maintained at 85% of their normal weight 
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during experiment. The experiment was conducted in accordance with the University of 

Arizona Institutional Animal Care and Use Committee (IACUC).  

 

 

Pretraining  

A Plexiglas cylinder (height: 12.5”; diameter: 12”) with three holes (4’’ apart between 

two adjacent holes) 1.5 inches from the bottom was used. A food pellet (Research Diet, 

20mg) was inserted through one of the three holes with the tweezers. Animals were 

pretrained until they ate the food pellet within 15 seconds of presentation for more than 

30 consecutive trials when the tweezers were presented every 20 seconds by hand.  

 

 

Experimental paradigm 

We conducted two types of experiments: a trial-constant experiment and a reward-

constant experiment [Table 1]. Each experiment was composed of four sessions with 

different probabilities, 25%, 50%, 75%, and 100% (order counter-balanced) and each 

session consists of the acquisition phase and the extinction phase.  During the 

acquisition phase of the trial-constant experiment, we fixed the total number of trials to 

20 and presented food pellets with the tweezers in a pseudorandom order according to the 

given probability of the session. In contrast, during the acquisition phase of the reward-

constant experiment, the number of pellet presentation trial was fixed to 20 while the 

total number of trials varied according to the probability of the given session. The 
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extinction phase immediately followed the acquisition phase during which only empty 

tweezers were presented until the rat did not bite or smell the tweezers for 5 consecutive 

trials. The inter-trial interval was 20 seconds and the animals were put back to their home 

cage for more than 15 minutes between sessions. Each rat underwent both trial-constant 

and reward-constant experiments (order counter-balanced) but on different days. 

Throughout the experiment, the timing of tweezers presentation, rats’ smelling and biting 

were recorded by simultaneous key pressing on the electronic lab book for reaction time 

analysis.  

 

 

 

Table 1.1. Experimental paradigm. The numbers outside the parenthesis indicate 
the total number of trials whereas those inside the parenthesis indicate the number of 
rewarded trials. 

 

 

Data Analysis  

Reaction times were measured as the time interval between the tweezers presentation and 

the animals’ attempt to get food from the tweezers—bite or smell. To remove individual 
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differences, the average of the first three reaction times of each rat in each session was 

divided by the average of the first three reaction times of the corresponding rat in all four 

sessions. The last three reaction times were also normalized in the same way. The same 

normalization method was applied to remove individual differences in the number of 

attempts until extinction. The number of attempts until extinction of each rat in each 

session was divided by the average number of attempts until extinction of the 

corresponding rat in all four sessions. Normalized data were than analyzed with t-tests. 

Significant differences were assumed when p<0.05. 

 

 

 

1.4   Result of behavioral experiment  

 

 

The animals learned the probability of reward within the acquisition phase.    

[Figure 1.4] shows the average of the first three reaction times and the average of the last 

three reaction times during the acquisition phase of the trial-constant experiment. At the 

beginning of the acquisition phase, reaction times did not differ among different 

probabilities. However, by the end of the acquisition phase, the animals responded 

significantly faster when the reward was delivered 50%, 75% or 100% of the time 

compared to 25% of the time (n=10; t-test; p<0.05) [Figure 1.4]. Although not 

statistically significant, the average reactions times to 50%, 75% and 100% rewards were 
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shorter for larger reward probabilities. The acquisition phase of the reward-constant 

experiment was equal to or longer than that of the trial-constant experiment. The fact that 

the animals learned the probabilities of reward within the acquisition phase in both types 

of experiments excludes ambiguity at the end of the acquisition phase as a major reason 

for the inverted U-shaped relationship between reward probabilities and the number of 

attempts until extinction. 

 

 

 

Figure 1.4. Reaction time to the tweezers at the beginning and end of the 
acquisition phase. During the first three trials of the acquisition phase (blue line), 
there was no significant difference in the normalized reaction times among different 
probabilities. However, during the last three trials of the acquisition phase, the 
normalized reaction times were significantly shorter when the reward was delivered 
with 50%, 75%, and 100% probability, than when the reward was delivered with 25% 
probability. * indicates a significant difference between the reaction times in the last 
three trials (n=10; t-test; p<0.05). 
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The number of attempts until extinction did not depend on the amount of reward or the 

total number of acquisition trials 

In both trial- and reward-constant experiments, the rats made fewer attempts until 

extinction when the reward was given with 25% or 100% probability during the 

acquisition phase than when the reward was delivered with 50% probability (n=10; t-test; 

p<0.05) [Figure 1.5]. Although not statistically significant, the number of attempts until 

extinction when the reward was delivered with 75% probability was larger than 100% 

and smaller than 50% in both types of experiments. Thus, the reward probability itself, 

not the number of total trials or the amount of reward delivered, causes the inverted U-

shape relationship between reward probability and the number of attempts until 

extinction.  
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Figure 1.5. The number of attempts until extinction did not depend on the 
amount of reward or the total number of acquisition trials. In both trial-constant 
experiment (A) and reward-constant experiment (B), the normalized number of 
attempts until extinction was an inverted U-shaped function of reward probability. * 
indicates a significant difference (n=10; t-test; p<0.05).  
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1.5   Summary and discussion 

 

 

Here, we found that ambiguity during the extinction phase and the reward probability 

itself — not the number of total trials, the amount of reward delivered, or ambiguity at 

the end of the acquisition phase — are the major causes of the inverted U-shape 

relationship between reward probability and the rate of within-session extinction.  

 

The reward probability determines the value and risk of reward. In our 

experimental result, the number of attempts until extinction peaked when the reward 

probability was 50% at which the risk of reward is also maximal. However, it is not likely 

that the risk of reward was the primary determinant of the number of attempts until 

extinction because in human studies, the number of attempts until extinction peaked at 

12.5%7.  

 

It is more plausible that the inverted-U shape relationship resulted from the 

mixture of effects of the value of reward and ambiguity during the extinction phase. 

Because rewards with higher probabilities have higher values, the extinction of rewards 

with higher probabilities should be slower than the extinction of rewards with lower 

probabilities when everything else is matched. Since it is more difficult to recognize the 

cessation of a reward when the reward probability is higher (i.e. ambiguity during the 

extinction phase is higher when the reward probability is higher), the extinction of 
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rewards with higher probabilities should be faster than the extinction of rewards with 

lower probabilities when everything else is matched. However, when the two effects co-

exist, the number of attempts until extinction should peak at some intermediate 

probability. If this interpretation is true, exactly at which probability the inverted-U shape 

curve peaks should depend on the animal’s evaluation and the ability to recognize the 

cessation of probabilistic rewards. This would explain why the inverted-U shape curve of 

humans with better cognitive ability peaked at 12.5%7 while rats that should have more 

difficulties in noticing the cessation of probabilistic rewards had the peak of the inverted-

U shape curve at 50%.  

 

Based on this identification of the value of reward and ambiguity during 

extinction as primary reasons for the inverted-U shaped relationship between the rate of 

within-session extinction and reward probability, we investigated a potential neural 

substrate of this phenomenon — dopamine neurons in the mid brain — with a 

pharmacological experiment in chapter 3 and the underlying mechanism of this 

phenomenon with computational models in chapter 4 and 5.  
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CHAPTER 2: DOPAMINERGIC SYSTEM 

 

 

 

2.1   Dopamine neurons in the midbrain  

 

 

Although the arcuate nucleus of the hypothalamus and the retina also have some 

dopamine neurons, the dopamine neurons that project to diverse areas of the cerebrum are 

restricted to the ventral tegmental area (VTA) and substantia nigra pars compacta (SNc) 

in the midbrain  [Figure 2.1]13. When the dopamine system is referenced in terms of 

reward, reinforcement learning, motivation, addiction or decision making, this reference 

is to the latter dopamine neurons. About 90% of SNc neurons are dopaminergic and 

project to the dorsal striatum (caudate and putamen)14-15. On the other hand, the VTA 

consists of 60-65% dopamine neurons, 30-35% GABAergic neurons and 2-3% 

glutamatergic neurons16. VTA dopamine neurons project mainly to the ventral striatum 

(nucleus accumbens), and prefrontal cortex, but also more sparsely to the amygdala, 

hippocampus and other subcortical areas15 .  
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Figure 2.1. Projection targets of dopamine neurons in the ventral tegmental 
area (VTA). The primary projection target of VTA dopamine neurons is the 
nucleus accumbens. The prefrontal cortex, amygdala, ventral pallidum and 
hippocampus also receive dopaminergic projection from the VTA. Abbreviations: 
LH, lateral hypothalamus; LDT, laterodorsal tegmental nucleus; PPTg, 
pedunculopontine tegmental nucleus; SC, superior colliculus; and VP, ventral 
pallidum. Figure adapted from15 

 

 

 

2.2   Firing patterns of dopamine neurons   

 

 

Dopamine neurons in the VTA and SNc fire in two different modes: tonic and burst 

modes. The usual firing mode of dopamine neurons is the tonic mode, which consists of 

individual spikes with resting frequency in the range 0.8-8Hz (mean: 3.7Hz)17. There are 
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some dopamine neurons that fire in burst mode at the resting state but the number of 

dopamine neurons in the burst mode and the amount of burst firing substantially 

increases when the firing rate of dopamine neurons increases in response to external 

events or stimuli such as reward18.  

 

Previous studies have suggested that there might be a separate input and cellular 

mechanism for tonic and burst firing of dopamine neurons in the VTA. Grace and 

colleagues have found that stimulation of the nucleus accumbens — which disinhibits the 

VTA by inhibiting the ventral pallidum which itself inhibits the VTA — raised the overall 

activity of VTA dopamine neurons without increasing the number of dopamine neurons in 

the burst mode. On the other hand, stimulation of the pedunculopontine tegmental 

nucleus (PPTg) — which sends glutamatergic projections to the VTA — enhanced burst 

firing specifically19-21.  

 

Because burst firing of dopamine neurons depends on the activity of NMDA (N-Methyl-

D-aspartic acid) receptors in large part, blocking NMDA receptors in the VTA can 

selectively reduce burst firing. A recent study found that NMDA antagonists suppressed 

burst firing without affecting tonic firing22. Since burst firing is thought to be responsible 

for a significant portion —although not all — of the dopamine release that happens 

during the phasic response of dopamine, blocking VTA NMDA receptors is occasionally 

used to investigate the role of dopamine phasic firing23.  
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2.3   Dopamine receptors 

 

 

D1-like receptors and D2-like receptors 

All dopamine receptor subtypes, D1, D2, D3, D4, and D5, are G-protein-coupled 

receptors (GPCRs). Upon binding to their ligands, GPCRs activate G proteins by 

dissociating Gα subunits from Gαβγ heterotrimers, the inactive form of G proteins. 

Functions of GPCRs depend on the kind of Gα subunits they activate. D1-like receptors, 

D1 and D5, are coupled with Gαs, Gαq or GαOlf, whereas D2-like receptors, D2, D3 and D4, 

are coupled with Gαi/o
24. Gαs and Gαq activates adenylyl cyclase and phospholipase C, 

respectively, which activates cell signaling molecules such as cAMP dependent protein 

kinase (PKA), protein kinase C (PKC), Ca2+/calmodulin-dependent protein kinase-ll 

(CaMK-ll), and cAMP response element binding protein (CREB). Because activity of 

these molecules enhances excitability of cells, activation of D1-like receptors enhances 

neuronal excitability and synaptic plasticity in general13, 24. On the contrary, activation of 

D2-like receptors inhibits adenylyl cyclase and suppresses cell activity in general13, 24.  

 

However, the actual effect of the activation of a dopamine receptor on the neuron 

does not follow this rule of thumb because it also depends on the activity level and type 

of neuron on which the receptor is expressed24-25. On medium spiny neurons in the 

striatum, or on pyramidal neurons in the prefrontal cortex, D1-like receptor activation is 

excitatory to neurons that have high enough membrane potential or firing rate (‘up’ state) 
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at the moment but suppressive to neurons that have low membrane potential and firing 

rate (‘down’ state). In the prefrontal cortex, D1-like receptor activation enhances 

excitability of GABAergic interneurons (gamma-aminobutyric acid) but it has a complex 

effect on pyramidal neurons that depends on the level of pyramidal neuronal activity24-25.  

 

 

Variations among dopamine receptor subtypes 

Different dopamine receptor subtypes have different levels of affinity to dopamine. D3 

and D4 receptors have 10 to 30 fold higher affinity to dopamine than D2 receptors26. D2 

receptors have higher affinity to dopamine compared to D1 receptors27. This difference in 

the affinity level among dopamine receptor subtypes has significant functional and 

clinical implications. (1) Phasic activity of dopamine neurons results in much higher 

synaptic dopamine concentration than does tonic activity of dopamine. In the striatum, 

tonic activation of dopamine neurons can activate D2 receptors but not D1 receptors 

because the former have higher affinity. Only phasic dopaminergic activity can activate 

D1 receptors25, 27. (2) In some brain areas, dopamine receptors are in extrasynaptic 

locations (e.g. D5 receptors in the prefrontal cortex)28. Extrasynaptic dopamine receptors 

should have higher affinity than those in the synapse. (3) Dopamine receptor subtypes 

have different distribution patterns. For example, the majority of the D2-like receptors 

expressed in the striatum are the D2 receptors while it is the D4 receptor in the prefrontal 

cortex29. D4 subtype-specific antagonists, such as clozapine, are better for treating 

schizophrenia than non-specific D2-like receptor antagonists because the former have 
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less influence on locomotor activity —which is related to the role of the D2 receptor 

subtype in the striatum30. Even within the same region, distribution of dopamine receptor 

subtypes can vary. In the prefrontal cortex, D1 receptors are mostly expressed on the 

pyramidal neurons whereas D4 receptors are preferentially expressed on GABAergic 

interneurons31-32.  

 

 

 

2.4   What dopamine signals 

 

 

Hedonia 

The idea that the midbrain dopamine system is the ‘hedonic center’ in the brain arose 

from early intracranial self-stimulation studies. These studies found that animals eagerly 

pressed a lever for electrical stimulation via permanently implanted electrodes into their 

nucleus accumbens. Although the animals were so obsessed to self-stimulate that they 

neglected natural rewards such as food, water and sex, depletion of dopamine neurons 

using 6-OHDA (6-hydroxydopamine) stopped intracranial self-stimulation. These results 

had been interpreted as showing that dopamine signals hedonia33. However, even if 

dopamine does not signal hedonia, the same results can occur if dopamine is related to 

learning or motivating behaviors. Evidence from later studies disagrees with the latter 

interpretation. First, after appetitive conditioning, dopamine neurons do not show phasic 
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firing to the rewarding unconditioned stimulus (US) but to the conditioned stimulus (CS) 

even though the hedonic effects of the US remains34. Second, human studies using L-

DOPA or cocaine to control dopamine level in the body have found that dopamine level 

correlates more with craving for the drugs rather than euphoria from the drugs35-36. These 

findings are related to two other theories about the role of dopamine.  

 

 

Prediction error signal  

Before conditioning, dopamine neurons show phasic excitation at the presentation of 

reward (the US) [Figure 2.2]. After conditioning, however, dopamine neurons show 

phasic firing at the presentation of the CS but not at the presentation of reward [Figure 

2.2]. This phasic response of dopamine is sensitive to timing and amount of reward after 

conditioning. If the presented reward is greater than expected, dopamine neurons show 

phasic excitation at the presentation of reward. If the expected reward is not presented at 

the predicted time, the baseline tonic activity is suppressed, the duration of which is 

proportional to the decrement of reward [Figure 2.2]34, 37.   

 



 

 
33 

 

Figure 2.2. The phasic activity pattern of dopamine neurons resembles the 
prediction error. This figure shows the peri-stimulus time histogram (PSTH) of a 
dopamine neuron in a conditioning experiment. Before conditioning, dopamine 
neurons fire at the presentation of reward (top). After conditioning, dopamine 
neurons fire at the presentation of the CS, but not at the presentation of the reward 
(middle). When the expected reward is not given at the predicted time, firing of 
dopamine neurons is inhibited (bottom). R: rewards. Figure adapted from38 

 

 

This firing pattern of dopamine neurons is similar to the so-called prediction 

error, which is a central part of modern conditioning theories34. According to Rescorla 

and Wagner, learning is driven by the prediction error: the larger the prediction error is, 

the greater the amount of updating from previous knowledge (and thereby, the more 

learning); the smaller the prediction error is, the less updating occurs (and therefore, the 
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less learning). How critical the prediction error is for learning is apparent in the blocking 

effect. Blocking means that a stimulus presented at the same time with the CS that has 

been previously associated with the US cannot elicit the conditioned response alone even 

after repetitive pairings34 [Figure 2.3]. Blocking happens because the new stimulus does 

not elicit any prediction error when presentation of the CS fully predicts the presentation 

of the US. Not only in the simple conditioning paradigm but also in the blocking 

paradigm, phasic activity of dopamine neurons resembles the prediction error34 [Figure 

2.3].  

 

This resemblance between phasic dopamine activity and the prediction error 

suggested a role for dopamine in reinforcement learning. It has been found that 

optogenetically elicited phasic dopamine activity was sufficient to form a conditioned 

place preference39. Fast clearance of dopamine from the synaptic cleft in the striatum—

the major projection target of dopamine—and the work of dopamine in the direct and 

indirect pathway in the striatum fit for phasic dopamine to support reinforcement as the 

prediction error signal (see 2.5 and 3.2). 
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Figure 2.3. The phasic firing pattern of dopamine neurons resembles the 
prediction error in the blocking paradigm. The left column shows the PSTH of the 
conditioned licking response and the right column shows the PSTH of a dopamine 
neuron in a blocking experiment. During pretraining (top), CS A was paired with 
reward but CS C was not. After pretraining the animal underwent compound learning 
(middle). During compound learning, CS A was presented with CS B and the reward 
followed. CS C was presented with CS D and the reward followed. When CS B alone 
is presented after compound learning (bottom), the conditioned licking response was 
not induced because presenting CS A and CS B together did not elicit any prediction 
error during compound learning. In contrast, when CS D alone is presented after 
compound learning (bottom), the conditioned licking response was induced because 
presenting CS C and CS D caused prediction error during compound learning. Figure 
adapted from34 
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Motivation  

It has been proposed that dopamine assists conditioning by assigning motivational drive 

on the CS but not by signaling the prediction error signal. In an experiment where the 

CS1 occurs 10 seconds before the US and the CS2 occurs one second before the US, the 

prediction error signal, motivational drive and hedonia should be maximal at the CS1, 

CS2 and US, respectively. Differences in the activation level of the ventral pallidum 

neurons between amphetamine-injected rats and control rats were most prominent at CS2. 

The authors chose to measure electrophysiological activity of the ventral pallidum as an 

indirect measure of activity of the nucleus accumbens to investigate how dopamine 

modulates the output of the nucleus accumbens40-41. However, activity of the ventral 

pallidum is not a strong indication of the level of motivational drive because the ventral 

pallidum is not closely involved in the control of movement—which should be guided by 

motivational drive. Activity of the ventral pallidum is not a direct measure of what 

dopamine signals, either. Moreover, the dopamine neurons might have signaled the 

prediction error at CS2 because the CS1 gave a vague idea about the exact timing of the 

US due to the long temporal gap between the CS1 and US in the experiment 42.  

 

 Another recent rat experiment presented the US immediately after an 8s-long CS 

at a separate location. The authors found two types of rats showing distinct behaviors: 

one type stayed near the CS during CS presentation whereas the other type stayed near 

the location of US delivery even the US was not provided by the end of the CS. 

Dopamine neurons in the latter type of rats showed phasic excitation at the US even after 
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extensive training. The authors claimed that the phasic excitation at the US in the latter 

type supported the fact that dopamine signals motivational drive but not the prediction 

error signal. However, like the study mentioned above, this study applied a long temporal 

gap between the CS onset and US, which might explain the phasic dopamine response at 

the US. Moreover, the authors failed to prove that dopamine blockage after conditioning 

specifically prevented the conditioned response. If dopamine signals motivational drive, 

dopamine blockage after conditioning should prevent the conditioned response, but this is 

difficult to show because dopamine is also critical in the initiation of movements43-44.  

 

Prediction error vs. Motivation  Although these studies are designed to show that 

dopamine signals motivational drive but not prediction error, the idea that dopamine 

signals motivational drive and the idea that dopamine signals prediction error are not 

mutually exclusive. Even if the content of dopamine signal is the prediction error, the 

effect of dopamine can be motivational drive because dopamine plays a critical role in the 

control of movements in the striatum—its main projection target43-44. In addition, the 

notion that dopamine assists conditioning by assigning motivational salience to the CS 

does not conflict with the fact that, by sending the prediction error signal, dopamine 

supports synaptic plasticity in the direct and indirect pathway of the striatum which is 

important for conditioning. Therefore, the notion that dopamine plays a role in 

motivational drive does not mean that dopamine does not send the prediction error signal.  
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Phasic dopamine excitation to aversive stimuli 

A few recent studies have reported that some dopamine neurons show phasic excitation to 

aversive stimuli45-46. However, whether dopamine neurons are excited by aversive stimuli 

or not is controversial for the following reasons47. First, phasic excitation of dopamine to 

the aversive CS in these studies might result from generalization47-48. Generalization 

means that the more similar the physical characteristics of the aversive and appetitive 

CSs are, the more excitation dopamine neuron shows in response to the aversive CS. 

Schultz and colleagues found that phasic excitation of dopamine neurons was less evident 

when the aversive and appetitive CSs were of different sensory modalities than the same 

sensory modality49. The latency of the phasic dopamine response supports this idea of 

generalization. In the visual domain, the latency of the dopamine neural response to a 

visual conditioned stimulus is shorter than the latency of the gaze shifting activity of the 

SNr toward the stimulus. This short latency implies that dopamine neurons might respond 

base on vague visual information which is delivered through subcortical areas, such as 

the superior colliculus50.  

 

 Second, the intensity of the aversive USs in these studies is not comparable to the 

intensity of the appetitive USs in other prior studies. The aversiveness of electric foot 

shock which is often used as the US is quite strong compared to the appetitiveness of USs 

such as food. In addition, negativity bias51 might amplify this difference in intensity and 

complicate the interpretation of the dopamine response. On the other hand, it have not 

been tested if an air-puff, another frequently used aversive US, is truly aversive.  
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Third, in some of these studies, the electrophysiological response of dopamine to 

aversive stimuli was examined while the animals were anesthetized. However, dopamine 

neuronal behavior can be different in behaving animals and in animals under anesthesia. 

 

 Fourth, however, the above three points do not explain why dopamine neurons 

have a shorter latency to the aversive CS than to the appetitive CS and why activity levels 

of aversive CS-excited dopamine neurons are correlated to the probability of aversive 

stimuli46. These two findings suggest that there might be a separate, faster circuit to the 

midbrain dopamine system for aversive stimuli and that dopamine neurons might be 

activated by aversive stimuli52.  

 

In order to test if there are some dopamine neurons that are excited by aversive 

stimuli, a carefully designed experiment in behaving animals should be conducted in 

which the intensity of appetitive and aversive USs is matched and appetitive and aversive 

CSs are distinctive enough. 

 

 

Different functions in different time scales 

In time scales spanning a few seconds, dopamine activity is related to risk (see 1.3). 

When a CS predicts the US with a certain probability, the firing rate of dopamine neurons 

gradually increases from the CS to the US, and the magnitude of this ramping activity is 

maximal when the US probability is 50% but minimal when the US probability is low or 
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100% [Figure 2.4]. Therefore, the ramping activity of dopamine encodes risk53. In longer 

time scales (minutes), dopamine also responds to various external and internal stimuli34, 54 

including novelty21, stress55-58 and volition59-60.  

 

 

 

 

 

Figure 2.4. The ramping activity of dopamine is related to risk. In this study53, 
five different CSs predicted rewards with different probabilities: 0%, 25%, 50%, 
75% or 100%. A: a population histogram of dopamine neurons. Dopamine neurons 
showed phasic firing at the CS and the US but also between the CS and the US. The 
firing activity of dopamine neurons gradually increased between the CS and the US. 
B: The magnitude of the ramping activity was maximal when the probability of the 
US was 50% (i.e. when the delivery of the US was the most risky). Figure adapted 
from53 
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The time course of the effect of dopamine activity depends largely on regional 

properties of dopamine varicosity concentration, dopamine receptor distribution, 

dopamine uptake and breakdown. Therefore, the time course of the effect of dopamine at 

a dopamine projection region can be significantly different from the electrophysiological 

activity of dopamine neurons in the midbrain. These various time courses of the effect of 

dopamine allows dopamine to participate in different functions in distinct projection 

targets (see 2.5)24, 61.  

 

 

Different function in different subregions in the midbrain 

Recent studies have suggested that there are regional differences in the function45, 52, 62 

and electrophysiological characteristics45, 63-64 of dopamine neurons. These studies on the 

subpopulations of the midbrain dopamine system have advanced understanding of which 

pathways generate the phasic dopamine signal 20, 65-67  — which has been poorly 

understood. However, it is still controversial if dopamine neurons in the different 

subregions are indeed different in their functions47 and electrophysiological activities14, 19; 

and if different, what roles and electrophysiological properties are associated with each 

subregion. Among the reasons for the controversy are neural circuit differences due to 

different developmental stages62 and strains63-64 between these studies, and the on-going 

debate over the role of phasic dopamine (see above).   

 

Intuitively, it is straightforward that dopamine neurons that receive a distinct 
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combination of inputs from different brain regions generate distinct outputs68. For further 

understandings, however, the following should be investigated: (1) how much 

homogenization of dopaminergic output occurs though within-circuit connections; (2) to 

what extent neurons with distinct output profiles are intermingled69; and (3) if the current 

electrophysiological experimental technique in behaving animals is exact enough to 

target specific subregions in the midbrain.  

 

 

 

2.5   Role of dopamine in its projection targets 

 

 

Striatum 

Dopamine in the ventral striatum, the dorsomedial striatum, and the dorsolateral striatum 

is involved in different types of reinforcement learning [Figure 2.5]70-71. The 

dopaminergic projection from the VTA to the ventral striatum plays a key role in 

Pavlovian conditioning, but is not necessary for instrumental conditioning72. In contrast 

to the Pavlovian conditioning paradigm where the conditioned response is not required 

for the presentation of the US (the US simply follows the CS), in the instrumental 

conditioning paradigm, the US is presented only if the conditioned response occurs after 

the CS (e.g. level-pressing after a tone cue).  
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Figure 2.5. Dopamine and corticostriatal networks in reinforcement learning. The 
figure shows four major subregions of the striatum and their primary connections with 
cortical regions and midbrain dopamine neurons. The pallidium and thalamus are 
omitted for simplicity. Abbreviations: BLA, basolateral amygdala; core, nucleus 
accumbens core; DLS, dorsolateral striatum; DMS, dorsomedial striatum; mPFC, 
medial prefrontal cortex; OFC, orbitofrontal cortex; shell, nucleus accumbens shell; SI ⁄ 
MI, primary sensory and primary motor cortices; SNc, substantia nigra pars compacta; 
vPFC, ventral prefrontal cortex; and VTA, ventral tegmental area. Figure adapted 
from73.  

 

 

The dorsal striatum receives a dopaminergic projection from the SNc and is more 

related to movements than the ventral striatum43, which explains why degeneration of 

dopamine neurons results in Parkinson’s diseases. Dopamine in the dorsomedial striatum 

is important for instrumental conditioning72. Because the conditioned response acquired 

through instrumental learning is sensitive to outcome (goal-directed), the conditioned 

response decays if the appetitive value of the US decreases (e.g. devaluation)71. On the 
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other hand, dopamine in the dorsolateral striatum is critical for habit formation74. If the 

CS-conditioned response-US sequence is repeatedly experienced for a prolonged period 

(weeks), the conditioned response becomes habitual. Habitual responses are 

automatically induced by the CS and outcome-insensitive. Therefore, even when the 

value of the US decreases, the conditioned response does not decay. However, rather than 

completely separated, ventral, dorsomedial, and dorsolateral striatum circuits are 

connected and contribute to the learning process in another region of the striatum [Figure 

2.5].  

 

 

Time course of synaptic dopamine concentration  In the striatum, dopamine 

varicosities are dense. The dopamine transporter (DAT) is expressed at a high level and 

most of the dopamine is cleared from the synapse by the dopamine transporter in the 

striatum. As a result, synaptic dopamine concentration quickly rises, dopamine diffuses 

only a short distance from the release site and then quickly cleared from the extrasynaptic 

space24, 61. Thus, in the striatum, the time course of synaptic dopamine concentration 

faithfully reflects the electrophysiological activity of dopamine neurons. These conditions 

in the striatum support the dopamine neuron’s role in assisting reinforcement learning in 

the striatum by sending the prediction error signal because precise timing is critical for 

the prediction error signal to drive reinforcement learning.  
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Dorolateral prefrontal cortex (DLPFC) 

Working memory Dopamine in the DLPFC plays an important role in working 

memory. Representations of items that are being used for on-going cognitive process are 

maintained in the recurrent circuit of the DLPFC during the process. If the feedforward 

inhibition in the recurrent circuit is weak, the effect of noise on the network rises and it 

becomes more likely that task-irrelevant items are represented in the DLPFC [Figure 

2.6A]. In this condition, task performance is more flexible but more often interrupted by 

irrelevant thoughts. On the contrary, if the feedforward inhibition is strong, the effect of 

noise on the network decreases and only task-relevant items can be represented in the 

DLPFC overcoming the increased inhibition [Figure 2.6B]. In this condition, task 

performance is less flexible but more focused75. 

 

 

Role of dopamine in working memory  Dopamine D1-like receptor activation 

raises GABA-mediated inhibitory conductance on the pyramid neurons and excitability 

of the interneurons [Figure 2.7]. Thus, when D1-like receptors are active, overall 

inhibition level in the DLPFC network increases. D1-like receptors also enhance 

excitability of the pyramidal neurons by increasing their NMDA conductance and 

persistent Na+ current, and decreasing the slowly-inactivating K+ current [Figure 2.7]. 

Therefore, only a few representations that are strong enough survive the enhanced 

inhibition and become stronger. In other words, D1-like receptor activation enhances the 

signal-to-noise ratio [Figure 2.6B]76-77. 
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In contrast, D2-like receptor activation reduces GABA-mediated inhibition of the 

pyramidal neurons, as well as the excitability of the pyramidal neurons24. Therefore, 

when D2-like receptors are active, overall inhibition level in the network decreases and 

representations on the network are slightly attenuated. Multiple weak representations are 

maintained in the network in this condition [Figure 2.6A]. In short, D2-like receptor 

activation reduces the signal-to-noise ratio76-77. 

 

 

 

Figure 2.6. The effect of dopamine D1 and D2 receptors on prefrontal network 
activity. The green inverted pyramids are slabs of the prefrontal cortex (PFC). Peaks on 
the PFC slabs represent recurrent circuits in the PFC, each of which maintains the 
representation of an item that is being processed in the PFC. The bottom area of the peak 
corresponds to the size of the recurrent circuit. Height of the peak corresponds to the 
strength of the representation that are being maintained in the recurrent circuit. A: The 
network activity when D2 effect is dominant. In this condition, multiple weak 
representations are maintained in the PFC, B: The network activity when D1 effect is 
dominant. In this condition, only a few strong representations are maintained. Figure 
adapted from24 
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Figure 2.7. D1-like and D2-like receptor effects on the pyramidal neurons and 
the interneurons in the prefrontal cortex. The blue and purple arrows indicate the 
effects of D1-like and D2-like receptor activation, respectively. Solid arrows 
indicate that the activation of the corresponding dopamine receptor enhances 
activity of the target while dotted arrows mean the opposite. Activation of D1-like 
receptors increases GABAergic current and NMDA current on the pyramidal 
neurons and enhances activity of interneurons. In contrast, activation of D2-like has 
the opposite effect. Figure reproduced from24 

 

 

Medial prefrontal cortex (MPFC)   

Recent research on the role of dopamine in the MPFC implies that dopamine in this 

region modulates the prefrontal function in flexible, goal-directed behaviors78. Infusions 

of dopamine into the MPFC converted habits into outcome-sensitive, goal-directed 

behaviors79. It has been also found that dopamine efflux in the MPFC was observed 

during reversal and extinction80. Infusions of a dopamine D4 receptor agonist into this 

region impaired set shifting while infusions of a D4 receptor antagonist facilitated set 

shifting81. Here, reversal and set-shifting are measures of flexibility in behaviors. 
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Dopamine in the medial prefrontal cortex appears to modulate the function of MPFC by 

modulating the signal-to-noise ratio as in the DLPFC77. 

 

 

Time course of extracellular dopamine concentration in the prefrontal cortex 

In the prefrontal cortex, dopamine varicosities are sparse compared to the striatum. 

Because the level of dopamine transporter (DAT) expression is very low, only 40% of 

dopamine uptake is mediated by the dopamine transporter in the prefrontal cortex and a 

significant portion of dopamine uptake is carried out by nearby norepinephrine 

transporters (NET). Therefore, in the prefrontal cortex, dopamine diffuses to extracellular 

space and travels longer distances from the release site than in the striatum. Compared to 

the striatum, the kinetics of extracellular dopamine concentration in the prefrontal cortex 

is slower and more modest24, 82. The slow time course of extracellular dopamine level in 

the prefrontal cortex is inappropriate for the prediction error signal from the dopamine 

neurons to drive reinforcement learning. However, it should be more appropriate for the 

role of dopamine in the prefrontal cortex—modulating working memory and goal-

directed behavior by controlling signal-to-ratio77, 82. 
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2.6   Summary 

 

 

The phasic response of midbrain dopamine neurons is related to reward prediction error 

and dopamine activity over longer time courses is also involved in diverse functions. 

Exactly which function dopamine performs in its projection targets is related to the 

function of the projection target, distribution of dopamine receptor subtypes in the region, 

and kinetics of extracellular dopamine concentration. The primary projection target of 

midbrain dopamine neurons is the striatum. The neural circuit structures and functions of 

the striatum and the kinetics of extracellular dopamine concentration in the striatum 

suggest that dopamine drives reinforcement learning by sending a prediction error signal.  
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CHAPTER 3: DOPAMINE, A POTENTIAL NEURAL SUBSTRATES FOR THE 

WITHIN-SESSION EXTINCTION OF PROBABILISTIC REWARDS  

- PHARMACOLOGICAL EXPERIMENT 

 

 

 

3.1   Midbrain dopaminergic system is a potential neural substrate for the within-

session extinction of probabilistic rewards 

 

 

Our result described in chapter 1 indicates that ambiguity—uncertainty in delivery of the 

reward resulting from incomplete knowledge of reward probability—that occurs during 

within-session extinction, and the value of probabilistic rewards, underlie the inverted U-

shaped relationship between the rate of within-session extinction and reward probability. 

 

The phasic response of midbrain dopamine neurons is sensitive to reward 

probability. Fiorillo and colleagues found that, when four different CSs predict the reward 

with 25%, 50%, 75% or 100% probability, the magnitude of phasic excitation of 

dopamine to each of the CSs is proportional to the probability of reward [Figure 3.1A]53. 

In addition, the magnitude of phasic dopamine response to reward omission is 

proportional to the probability of reward whereas the magnitude of phasic dopamine 

response to reward delivery is negatively proportional to the reward delivery [Figure 
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3.1B and C]. These results indicate that dopamine encodes the value of probabilistic 

rewards in the form of a prediction error signal (see 2.4 for prediction error).  

 

On the other hand, involvement of dopamine in working memory and flexible, 

goal-directed behaviors in the prefrontal cortex suggests that dopamine might also be 

related to ambiguity (see 2.5). These facts suggest dopamine as a potential neural 

substrate of the within-session extinction of probabilistic rewards. 
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Figure 3.1. Evidence that the phasic response of dopamine neurons is sensitive to 
reward probability.  In this study53, five different CSs predicted rewards with 
different probabilities: 0%, 25%, 50%, 75% or 100%. The phasic response of dopamine 
neurons to probabilistic reward delivery, omission of probabilistic rewards, and the CS 
is shown in A, B and C, respectively. A: The more unexpected the delivery of the 
reward, the stronger the activation of dopamine neurons is in response to reward 
delivery. B: The more unexpected the reward omission, the stronger the suppression of 
dopamine neurons is in response to reward omission. C: The magnitude of phasic 
dopamine excitation to each of the CS is proportional to the probability of reward. 
Figure adapted from53 
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3.2   Dopamine and learning probabilistic rewards 

 

 

It is not well understood how dopamine neurons compute the prediction error based on its 

inputs from various brain regions21, 65, 67, 83. However, considerable research has explored 

how dopamine prediction error assists reinforcement learning (in this case, learning 

probabilistic rewards and within-session extinction) in the striatum.  

 

 

Go pathway and NoGo pathway in the basal ganglia  

About 98% of striatal neurons are medium spiny neurons. About half of the medium 

spiny neurons are in the Go pathway (or direct pathway) that almost exclusively 

expresses the dopamine D1 receptor subtype [Figure 3.2]. The remainder of the medium 

spiny neurons are in the NoGo pathway (or indirect pathway) and almost exclusively 

express the dopamine D2 receptor subtype. Activation of the Go pathway induces 

behavioral response whereas activation of the NoGo pathway suppresses behavior84. 

Activation of D1 receptors facilitates the medium spiny neurons in the Go pathway while 

activation of D2 receptors inhibits the medium spiny neurons in the NoGo pathway 

[Table 3.1]25.  
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Figure 3.2. The Go and NoGo pathways in the basal ganglia. Activation of the Go 
pathway facilitates behavioral response but activation of the NoGo pathway has the 
opposite effect. Striatum neurons in the Go pathway almost exclusively express 
dopamine D1 receptors while those in the NoGo pathway almost exclusively express D2 
receptors. Because activation of D1 receptors enhance the activity of the Go pathway 
whereas activation of D2 receptor suppresses the NoGo pathway, an increase in 
dopamine activity results in the facilitation of behaviors. Abbreviations: GPe, globus 
pallidus external segment; GPi, globus pallidus internal segment; SNc, substantia nigra 
pars compacta; SNr, substantia nigra pars reticulata. Figure adapted from85 

 

 

Prediction  
error 

Phasic 
activity 

D1 
activity 

Go 
pathway 

D2  
activity 

NoGo  
pathway 

Behavioral 
response 

+ excited ↑↓ ↑ ↑ ↓ ↑ 

0 baseline - - ↑ ↓ - 

− dip - - ↓ ↑ ↓ 

Table 3.1. Dopamine modulates activity of the Go and NoGo pathways in the basal 
ganglia. When the prediction error is positive, dopamine neurons are phasically excited. 
The resultant dopamine increase in the striatum facilitates the activation of the Go 
pathway through D1 receptor activation, which in turn facilitates behavioral response. 
On the other hand, when the prediction error is negative, dopamine neurons are 
phasically suppressed. The resultant dopamine decrease in the striatum disinhibits the 
NoGo pathway through D2 receptor inactivation. It suppresses behavioral response.  
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Because the D2 receptor subtype has a higher affinity to dopamine than the D1 

receptor subtype, only D2 receptors are active during tonic firing of dopamine neurons. 

In contrast, when dopamine neurons signal positive prediction error with phasic 

excitation, D1 activity is dominant in the striatum. When dopamine neurons signal 

negative prediction error with a dip (pause of dopamine firing), both D1 and D2 receptors 

are inactive27, 86 [Table 3.1].  

 

The activity pattern of the Go and NoGo pathways that led to a behavioral 

response can remain to a certain extent until the outcome of the behavior is delivered (see 

4.2 eligibility trace). (1) When the outcome is greater than expected (positive prediction 

error), dopamine neurons are excited (phasic excitation), and D1 receptors are activated. 

This facilitates the Go pathway that led to the behavioral response that preceded the 

outcome [Table 3.1]. (2) When the outcome is smaller than expected (negative prediction 

error), dopamine neurons are inhibited (dip) and both D1 and D2 receptors are inhibited. 

This activates the NoGo pathway that led to the behavioral response that preceded the 

outcome.  

 

In short, dopamine neurons provide feedback about behavioral responses based 

on outcomes (prediction error signals at the US) that drives reinforcement learning in the 

basal ganglia. Synaptic efficiency of the Go pathway for the behavioral response that 

repetitively leads to positive outcome is strengthened; whereas synaptic efficiency of the 

NoGo pathway for the behavioral response that repetitively leads to negative outcome is 
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attenuated. Because the Go and NoGo pathways have opposed effects on the expression 

of a behavioral response, the contrast between the synaptic efficiency in the two 

pathways determines the level of conditioned response expression85, 87. 

 

 

Learning probabilistic rewards 

As the value of probabilistic reward becomes fully predicted by the CS through learning, 

the level of conditioned response expression approaches a plateau. The higher the reward 

probability, the higher the plateau; this follows because the conditioned response to the 

CS that predicts reward with low probability is more often inhibited and less often 

excited than the conditioned response to the CS that predicts reward with high probability 

(see 4.2).  

 

When reward is probabilistic, the prediction error at the US is always non-zero as 

explained in 3.1. Non-zero prediction error at the US accompanies corresponding 

changes in the level of conditioned response expression through the mechanism 

explained above. The level of conditioned response expression reaches a plateau despite 

these facts because of the following. When the probability of reward is p, the positive 

prediction error at reward delivery happens with p probability and the negative prediction 

error at reward omission happens with (1-p) probability. As learning proceeds, the 

prediction error at the CS approaches to p, the negative prediction error at the reward 

omission approaches to (1-p) and the positive prediction error at the reward delivery 
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approaches to p (see 3.1). Therefore, the sum of positive and negative changes in the 

level of conditioned response expression is p*(1-p) – (1-p)*p=0. 

 

Therefore, when the prediction error at the CS reaches a plateau height 

corresponding to reward probability, the level of conditioned response expression also 

reaches a plateau. Learning of probabilistic rewards is complete at this point.  

 

 

 

3.3   Dopamine and within-session extinction of probabilistic rewards 

 

 

Within-session extinction in the basal ganglia  

During extinction, the negative prediction error at reward omission is repeatedly 

transmitted to the striatum. This changes the synaptic efficiency of the Go and NoGo 

pathways, which weakens the level of conditioned response expression. The decay of the 

conditioned response continues until the expected value of reward from the CS (the 

prediction error at the CS) approaches to 0 and thereby, the negative prediction error at 

the US approaches to 0. When the prediction error at the CS is close to 0, extinction — 

the CS no longer eliciting the conditioned response — is accomplished88.  
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Within-session extinction of probabilistic rewards without extinction ambiguity 

If the within-session extinction of probabilistic rewards proceeds solely based on the 

prediction error signal, within-session extinction of a probabilistic reward is always 

slower than within-session extinction of a reward with lower probabilities. For example, 

when CS100 and CS50 are associated with 100% reward and 50% reward, respectively, 

the prediction error that occurs at CS100 is twice as large as the prediction error at CS50. 

At the beginning of extinction, the extinction of 100% reward happens faster than the 

extinction of 50% reward because the magnitude of the negative prediction error at 100% 

reward omission is larger than that at 50% reward omission. However, once the 

magnitude of the prediction error at CS100 decreases by half — to the same magnitude of 

the prediction error at CS50 before the start of extinction — the final processes of 

extinction of the 100% reward is almost the same as a newly started extinction of 50% 

reward. This conflicts with our experimental result in chapter 1 and the known inverted 

U-shaped relationship between the rate of within session extinction and reward 

probability.  

 

 

Ambiguity in within-session extinction of probabilistic rewards 

The above conflict supports our conclusion in chapter 1 that ambiguity — as well as 

phasic dopamine activity that encodes the value of probabilistic rewards in the form of a 

prediction error — should influence the within-session extinction of probabilistic rewards. 

Considering the role of the basal ganglia in learning and within-session extinction of 
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probabilistic rewards, the ambiguity input is expected to have an effect on the changes of 

synaptic efficiency in the Go and NoGo pathways.  

 

Dopamine neurons do not seem to encode the level of ambiguity. Tobler et al. 

(2005) found that coding of reward value by dopamine neurons depends on the range of 

rewards89. For example, if the CS predicts 0.05mL or 0.15mL of juice, 0.15 mL of juice 

excites dopamine neurons; whereas 0.15 mL of juice inhibits dopamine neurons if the CS 

predicts 0.15mL or 0.5mL of juice. This indicates that the coding of reward value by 

dopamine neurons relies on the knowledge of the context where reward is given. Thus, it 

is more likely that dopamine neurons rely on the knowledge of the context of reward than 

inform about the context of reward. Because extinction of probabilistic rewards involves 

a change in the context of reward, which increases ambiguity, dopamine neurons are not 

thought to send an ambiguity signal to the striatum. 

 

Human fMRI studies also support this hypothesis. It has been found that the level 

of activity of the lateral orbitofrontal cortex and amgydala is positively correlated with 

the level of ambiguity in a task. On the other hand, the level of activity in the striatum is 

related to the level of risk in the task and the expected value of reward11-12, 90. The 

striatum is the primary projection target of dopamine neurons and the time course of 

extracellular dopamine in the striatum most faithfully reflects the time course of phasic 

firing of dopamine neurons (see 2.1 and 2.5). The fact that activity in the striatum is not 

correlated with ambiguity suggests that ambiguity is computed in other brain regions, 
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such as the lateral orbitofrontal cortex and amygdala and sent to the striatum — rather 

than encoded by dopamine neurons.  

 

 

Rationale of the behavioral experiment 

If dopamine either does not encode ambiguity, or at most indirectly assists in the 

computation of ambiguity, altering dopamine neuronal activity would have little influence 

on the inverted U-shape of the relationship between the rate of within-session extinction 

and reward probability. However, altering dopamine neuronal activity, which modifies 

phasic dopamine activity, should uniformly change the rate of extinction. To test this 

hypothesis, we microinjected drugs that alter the activity of VTA dopamine neurons right 

before the acquisition phase (see 1.3) and then explored the effect of these drugs on the 

rate of extinction of probabilistic rewards.  

 

 

 

3.4   Materials and Methods of the pharmacological experiment 

 

 

Animals   

For the VTA activation experiment, five BN/RijHsd and two FBNF1/Hsd rats were used 

and for the VTA inactivation experiment, six Sprague Dawley and two BN/RijHsd rats 
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were used. All the rats were male and obtained from Harlan Sprague Dawley. The 

experiment was conducted when the rats were 5-12 month old. The animals were housed 

in a reversed 12h light/dark cycle and maintained at 85% of their normal weight during 

the experiment. The experiment was conducted in accordance with the University of 

Arizona Institutional Animal Care and Use Committee (IACUC).  

 

 

Surgery  

After pretraining, two stainless steel cannula guides (26 gauge; Plastics One) were 

implanted targeting the bilateral VTA (-5.4mm from the bregma, 0.05mm lateral to the 

midline, -7.5mm from the skull). The rats were anesthetized with isoflurane, and their 

body temperature maintained at 37 °C using an isopad during the surgery. Screws and 

dental acrylic were used to fix the cannula guides to the skull. 

 

 

Pretraining  

The same pretraining protocol as the one in chapter 1 was used (see 1.4). 

 

 

VTA activation/inactivation experiments 

After one week of recovery from the surgery, the animals were briefly pretrained again to 

confirm that they could perform the task. In the VTA activation experiment rats, WIN-
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55212-2 mesylate and saline were injected each day, while bupivacaine and saline were 

administered in the VTA inactivation experiment rats (drug order counter-balanced). The 

two injections on the same day were followed by different probability sessions and 

separated by a gap longer than 60 min (probability order counterbalanced). A trial 

constant experiment protocol for the corresponding probability was applied (see 1.4). 

Throughout the experiment, the timing of tweezers presentation, rats’ smelling and biting 

were recorded by simultaneous key presses on the electronic lab book for reaction time 

analysis.  

 

 

Drug administration  

The cannabinoid receptor agonist WIN-55212-2 mesylate 0.5mM (dissolved in 

DMSO:Tween:saline = 1:1:38; Sigma) 1.4~1.8µL or the sodium channel blocker 

bupivacaine 76.9mM (dissolved in saline; Sigma) 0.8µL were microinjected bilaterally 

into VTA for the activation or inactivation experiments, respectively. WIN-55212-2 is a 

cannabinoid CB1 receptor agonist which is known to enhance dopaminergic activity 

(Lupica et al. 2004). The doses were individually adjusted to the maximum amount of 

each drug that would not induce abnormal locomotor activity. Physiological saline 

1.4~1.6µL was used for the control. All drugs were administered through the injection 

cannula (33 gauge; Plastics One) extending 1mm beyond the tip of the guide cannula 

using micro-liter syringes (Hamilton) at an approximate rate of 0.1 μL/min. The 

experiment started 2~5min after drug administration.  
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Histology 

After the VTA activation/inactivation experiments, the animals were perfused 

transcardially with 0.9% saline and fixed with 0.4% paraformaldehyde. The brains were 

first stored in the 0.4% paraformaldehyde for 2-6 hours and then transferred to 30% 

sucrose solution for at least 24 hours. The brains were cut into 50 μm slices on a cryostat 

and processed for tyrosine hydroxylase and Nissl staining to certify that the placement of 

the cannula was in the VTA  [Figure 3.3]. 

 

 

 

Figure 3.3. Microphotograph of a representative cannula location within the 
VTA. A tyrosine hydroxylase (TH)-stained brain slice.  

 

 

Data Analysis  

To remove the effect of individual differences, the number of attempts until extinction for 

each rat in each session in each drug condition was divided by the average number of 

attempts of the corresponding rat in all four sessions in the saline condition. To remove 
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the effect of individual differences, the average of reaction times during the extinction 

and acquisition phases in each drug condition in each rat was divided by that in the saline 

condition in the corresponding rat. The last three reaction times in each drug condition 

were analyzed in the same way as in chapter 1 (see 1.4). Normalized data were then 

analyzed with t-tests, using a significance level of p<0.05. 

 

 

 

3.5   Result of pharmacological experiment  

 

 

Pharmacological inhibition and activation of VTA dopamine neurons increased and 

decreased the rate of extinction, respectively, but left the characteristic shape of the 

relationship between the rate of extinction and reward probability. 

Saline effect  [Figure 3.4A and C] shows that saline microinjection resulted in 

the same response pattern with the rats that did not underwent cannula implantation 

surgery [Figure 1.6A].  

 

Effects of bupivacaine microinjection  In the case of 75% reward delivery, the 

number of attempts was significantly larger after bupivacaine than saline microinjection 

(n=8; t-test; p<0.05) [Figure 3.4A]. Although not statistically significant, bupivacaine 

microinjection also increased the number of attempts until extinction of all other 
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probabilities. When the number of attempts until extinction are collapsed across the 

different probabilities, it was significantly larger after bupivacaine than saline 

microinjection (n=8; t-test; p<0.05) [Figure 3.4B]. As expected, the inverted-U shape of 

the relationship between the rate of extinction and reward probability was maintained 

after bupivacaine microinjection. The number of attempts until extinction peaked at 50%. 

The number of attempts until extinction was significantly larger when the reward was 

delivered with 50% or 75% probability than it was with 100% probability.  

 

Effects of WIN-55212-2 microinjection  In contrast, WIN-55212-2 micro-

injection speeded up extinction. When the number of attempts until extinction was 

collapsed across different probabilities, it was significantly smaller after WIN-55212-2 

than saline microinjection (n=7; t-test; p<0.05) [Figure 3.4D]. WIN-55212-2 

microinjection significantly reduced the number of attempts until extinction of 50% 

reward (n=7; t-test; p<0.05) [Figure 3.4C]. Although not statistically significant, WIN-

55212-2 microinjection also reduced the number of attempts until extinction of all the 

other probabilities. Like the bupivacaine microinjection, the general shape of the 

relationship between the rate of extinction and reward probability was maintained after 

WIN-55212-2 microinjection, although there was no significant difference in the number 

of attempts across different probabilities (n=7; t-test; p > 0.05). Taken together, 

bupivacaine and WIN-55212-2 microinjection into the VTA increased and decreased the 

rate of extinction, respectively, but did not change the characteristic shape of the 

relationship between the rate of extinction and reward probability. 
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Figure 3.4. The effects of activation and inactivation of VTA dopamine neurons. A 
and B: the effects of bupivacaine and WIN-55212-2 injection, respectively, on the 
number of attempts until extinction of each of the four probabilities. C and D: the overall 
effect of bupivacaine and WIN-55212-2 injection, respectively, on the number of 
attempts until extinction across all four probabilities. * indicates a significant difference 
within the same drug condition, # indicates a significant difference between different 
drug conditions. (n=8 for bupivacaine; n=7 for WIN-55212-2; t-test; p<0.05) 
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Reaction time  There was no significant difference in reaction times to tweezers 

presentation between saline and WIN-55212-2 microinjections and between saline and 

bupivacaine microinjections. Thus, the above result was not due to different levels of 

locomotor activity after WIN-55212-2 or bupivacaine microinjection [Figure 3.5].   

 

 

 

Figure 3.5. The reaction time to the tweezers in the acquisition and extinction 
phases in each drug condition. A and B: The reaction time to the tweezers of the 
bupivacaine-injected animal group and the WIN55212-2-injected animal group, 
respectively. There was no significant difference.  
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Effect of the drugs on the acquisition phase In this experiment, there should be no 

cue given to the animals indicating the initiation of the extinction phase. Because it is 

very difficult to microinject drugs between the acquisition and extinction phases without 

the animals noticing it, we microinjected the drugs just before the acquisition phase. To 

test if the drugs impaired the learning of reward probability during the acquisition phase, 

we analyzed the last three reaction times of the acquisition phase. [Figure 3.6A] shows 

that, in bupivacaine condition, the animals responded significantly faster when the 

rewards was delivered with 50%, 75% or 100% probability than with 25% probability 

(n=5; t-test; p<0.05). In addition, the animal responded significantly faster when the 

reward was delivered with 75% or 100% probability than with 50% probability (n=5; t-

test; p<0.05). In WIN-55212-2 condition, the animals responded significantly faster to 

100% reward than to 25% reward [Figure 3.6B] (n=7; t-test; p<0.05). Although not 

statistically significant, the average reactions times to 25%, 50%, 75% and 100% rewards 

were shorter for larger reward probabilities in WIN-55212-2 condition. In short, the 

animal showed a tendency to respond faster to rewards with higher probability than 

rewards with lower probability by the end of the acquisition phase in both conditions. 

This result suggests that the effect of drugs shown in [Figure 3.4] did not result from 

impairment in learning reward probability. 
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Figure 3.6. The reaction time to the tweezers at the end of the acquisition phase in 
each drug condition. A and B: The reaction time to the tweezers during the last three 
trials of the acquisition phase in the bupivacaine condition and the WIN55212-2 
condition, respectively. At the end of the acquisition phase of both conditions, the higher 
the probability of reward, the faster the animal responded. * indicates significant 
difference (n=5 for bupivacaine; n=8 for WIN-55212-2; t-test; p<0.05). 
 

 

 

3.6   Summary and discussion 

 

 

Here, we found that alteration of dopamine neuronal activity changed the rate of within-

session extinction but had little influence on the inverted U-shape of the relationship 

between the rate of within-session extinction and reward probability. This result supports 

our hypothesis that ambiguity is not encoded by dopamine neurons. In chapter 4, we will 

add the ambiguity input that is separate from the prediction error generated by the 
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dopamine neurons to an existing temporal difference model to explore the potential 

characteristics of the ambiguity input88.  

 

 In contrast to the well-known role of dopamine in reward learning, 

pharmacological inactivation of dopamine neurons slowed extinction whereas activation 

of dopamine neurons hastened extinction. Bupivacaine and WIN-55212-2 change the 

level of both phasic and tonic activity91. However, because the magnitude of tonic firing 

is lower than that of phasic firing, any given firing activity change should have a greater 

impact on the tonic firing (When tonic firing rate is 5Hz and phasic firing rate is 10 Hz, 

1Hz increase in firing rate amounts to 20% of tonic firing but only 10% of phasic firing). 

It has been found that systemic injection of WIN-55212-2 enhanced the phasic firing of 

dopamine neurons to a lesser degree than the tonic firing91. In the striatum, presynaptic 

D2 autoreceptors are activated by the tonic level of extracellular dopamine which inhibits 

dopamine release. Thus, increased tonic firing effectively decreases the effect of phasic 

firing in the striatum92. This explains the seemingly reversed effect of the drugs on the 

rate of extinction: bupivacaine virtually increased the effect of phasic firing by 

suppressing the overall activity of dopamine neurons; whereas WIN-55212-2 effectively 

reduces the effect of phasic firing by enhancing the overall activity of dopamine neurons. 

We will test this hypothesis in Chapter 5 using our model described in Chapter 4. 

 

 Our finding that the activation of dopamine neurons using WIN-55212-2 

hastened extinction appears to conflict with the finding of Pan et al. (2008) that extinction 
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was impaired after microinfusion of the GABAA agonist bicuculline into the VTA42. 

However, our result is consistent with other extinction studies that used endocannabinoid 

CB1 receptor agonists93. It has been suggested that CB1 receptor agonists including 

WIN-55212-2 enhance dopamine firing by reducing the inhibition on dopamine neurons 

that are mediated by GABAA and GABAB activity. In addition, WIN-55212-2 was 

injected before the acquisition phase in our experiment but before extinction in Pan et al. 

(2008)42. These differences in experimental methods may explain the apparent conflict 

between our result and the result of Pan et al. (2008)42.  
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CHAPTER 4: TEMPORAL DIFFERENCE MODEL CONSTRUCTION AND 

SIMULATIONS TO TEST HYPOTHESES OF UNDERLYING MECHANISMS OF 

THE WITHIN-SESSION EXTINCTION OF PROBABILISITC REWARDS  

– SIMULATIONS FOR THE RESULT IN 1.4 

 

 

 

In chapter 1~3, we concluded (1) that the inverted U-shape of the relationship between 

the rate of within-session extinction and reward probability results from the difference in 

the level of ambiguity during extinction that depends on the reward probability — as well 

as the increasing value of reward with the reward probability. We also reasoned (2) that 

information about the level of ambiguity is not signaled by dopamine. We expected that, 

if (1) and (2) are true, existing reinforcement learning models based on the phasic activity 

profile of dopamine would not simulate the inverted U-shape.  

 

 We looked for a simple reinforcement model that does not include inputs other 

than phasic dopamine activity and that has been shown to be able to simulate extinction. 

The temporal difference model proposed by Pan et al. (2008)88 meets these conditions 

and is able to simulate a few important characteristics of extinction.  
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4.1    Temporal difference (TD) model 

 

 

Pan and colleagues built their model by adding a few modifications to the temporal 

difference model of Schultz et al. (1997), the first temporal difference model that used the 

phasic activity of dopamine as the prediction error38, 94.  

 

 

Basic structure of the temporal difference model 

Schultz et al. (1997)38 proposed that phasic activity of dopamine neurons encodes 

prediction errors and that synaptic weight adjustment occurs according to this prediction 

error. Here, the computational goal of conditioning is to predict the sum of all future 

rewards V(t). The value function, V(t), is defined as:  

 V(t) = E[γ0r(t) +  γ1r(t + 1) +  γ2r(t + 2) +  ⋯ ] [Equation4.1] 

Here, t is defined within each trial. Therefore, at the beginning of each trial t is zero. r(t) 

is the reward at time t, and 0≤ γ≤1 is a discounting factor to make rewards of the near 

future more important than later rewards. V(t) can be rewritten as:  

 V(t) = E[r(t) + γV(t + 1)]    [Equation 4.2] 

The prediction error at time t, δ(t), is the difference between the expected reward and the 

actual reward and is defined as: 

 δ(t) = r(t) +  γ V�(t + 1) −  V�(t)    [Equation 4.3] 

V�(t) is computed as produced at time t-1 from synaptic inputs and can be written as: 
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  V�(t) =  w�(t) ∙  x�(t)      [Equation 4.4]  

Here, w�  is the weight vector, entries of which represent the weight of each time point 

within each trial. x� is the state vector and indicates how many time points have been 

passed since the conditioned stimulus (CS). For example, if the CS was presented at time 

point s and the current time point is s+i (i>0), all entries of x(s+i) except for the (s+i)-th 

entry are 0. If the current time point t is before CS presentation, x�(t) is a zero vector.  

The weight w� is updated as the following: 

 ∆w�(t) =  αx�(t)δ(t)     [Equation 4.5] 

where α>0 is the learning rate. The larger the learning rate, the greater impact of the 

prediction error on the update of weight.   

 

 

Behavior of this model   

In the first trial of conditioning, the expected value of future rewards is zero before 

delivery of the US but positive when the US is delivered [Figure 4.1A]. Likewise, a 

positive prediction error occurs at the US due to the unexpected presentation of the US 

[Figure 4.1B]. As the positive prediction error updates weights (see [Equation 4.5]), the 

value of future rewards is expected a little before the presentation of the US (see 

[Equation 4.4]). It advances the timing of the positive prediction error from the US to a 

little before the US (see [Equation 4.3]). This process is continued until the positive 

prediction error occurs at the CS and the US is fully predicted at the CS.  
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Figure 4.1. Temporal difference model. A and B: The development of the value 
function and prediction error during conditioning. In each trial, two CSs, one at time 
step 10, the other at time step 20, were followed by reward delivery at time step 60. 
In the early few trials, reward delivery was fully unexpected and the value function 
was positive around the time of reward delivery, which caused a large positive 
prediction error at the time of reward delivery. The positive prediction error induced 
weight changes in a way that enabled earlier prediction of reward delivery (i.e. 
positive value function at earlier time steps), which, in turn, advanced the occurrence 
of the positive prediction. This procedure was repeated in each trial and eventually, 
after 40 trials of training, reward delivery was fully predicted at the time of the first 
CS (i.e. the value function is positive since the time of the first CS delivery at time 
step 10). Positive prediction error also occurred at the time of the first CS after 40 
trials of training. The omission of the reward on the twentieth trial elicited a large 
negative prediction error at the expected time of reward delivery (at time step 60) 
and the depression of the value function. Figure adapted from38 
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Limitations of this model   

The temporal difference model explained above has two problems. First, in this model, 

the prediction error signal corresponds to dopamine phasic activity gradually migrating 

from the US to the CS [Figure 4.2B]. However, dopamine neurons do now show such 

gradual shifting: while the animal is learning the association between the CS and US, 

phasic excitation is shown either at the CS or US, or at both95. Second, according to this 

model, there is no phasic excitation at the second CS when two CSs are sequentially 

presented before the US [Figure 4.2B]. However, dopamine neurons are excited by the 

second CS as well as by the first CS [Figure 4.2A]. They also show phasic excitation 

when the US is delivered after omission of the second CS, which is not found when the 

second cue is presented normally [Figure 4.3A]42.  

 

 

4.2   Eligibility Trace 

 

 

Pan et al. (2005) solved these problems by using the eligibility trace instead of the state 

vector, x�, in the temporal difference model above42. The eligibility trace96, el� is defined 

as: 

 el�(t + 1) =  λel�(t) +  x�(t)    [Equation 4.6] 

Here, x�  is the state vector explained above and 0≤λ≤1 is the eligibility trace decay factor. 

When λ is large, the prediction error can update weights of the more distant states. When 



 

 
77 

λ is small, the prediction error can update weights of recent states only. The eligibility 

trace is biologically plausible because learning does not involve what is currently 

happening but also involves what has happened recently that is maintained in working 

memory. The modified temporal difference model does not show the gradual shifting of 

the prediction error during conditioning (the first problem above) [Figure 4.2C]. It also 

shows the positive prediction error at the second CS and at the US that comes after 

omission of the second CS (the second problem above) [Figure 4.3B].  

 

 

 
Figure 4.2. The effects of the eligibility trace on the temporal difference model in 
simulating conditioning with two CSs. A: Population data from dopamine cell 
recordings, B: The behavior of the temporal difference model without the eligibility 
trace, and C: The behavior of the temporal difference model with the eligibility trace. In 
A, B and C, the top plot (random reward) shows responses to random reward delivery 
unprecedented by the CSs; the middle plot (early learning) shows the responses to the 
CSs and US during early conditioning; and the bottom plot(late learning) shows 
responses to the CSs and US after enough conditioning. Even after enough conditioning, 
dopamine neurons fire at the second CS. The temporal difference (TD) model with the 
eligibility trace more faithfully simulates dopamine neuronal responses than the TD 
model without the eligibility trace in that the former shows positive prediction error at 
the second CS. Figure adapted from42 
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Figure 4.3. The response of the temporal difference model with the eligibility trace 
and the response of dopamine neurons to the second CS omission and reward 
delivery after the omission. In A and B, the solid lines show the responses when the 
reward is delivered after the presentation of both CS1 and CS2. The dotted lines show the 
responses when the reward is delivered after omission of the second CS (CS2). A: Once 
the association between reward delivery and the sequential presentation of the CS1 and 
CS2 is acquired, the temporal difference (TD) model with the eligibility trace shows 
positive prediction error when the reward is delivered after the omission of the second CS 
(CS2). B: Similarly, dopamine neurons fires in response to the reward delivery after 
omission of the CS2. In both the TD model with the eligibility trace and the dopamine 
neurons, this excitation is not shown when CS2 is normally presented between the CS1 
and reward delivery. Figure adapted from42 
 

 

 

4.3   Extinction in an existing temporal difference model 

 

 

The extinguished conditioned response after extinction naturally reappears as time goes 

by (spontaneous recovery; see 1.1). If conditioning is conducted again after extinction, 

the rate of this relearning is faster than the rate of the initial conditioning97. The temporal 
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difference models above cannot simulate these characteristics of extinction. Pan et al. 

(2008) solved these problems by dividing the weight vector into positive and negative 

weight vectors and by adding the decay factor that contributes to forgetting88.  

 

In this model, the value function, V(t), is defined as: 

 V(t) =  V+(t) +  V−(t)     [Equation 4.7] 

where V+(t) and V−(t) is defined as: 

 V+(t) =  w+� (t) ∙ el�(t)        

 V−(t) =  w−� (t) ∙ el�(t)     [Equation 4.8] 

In the [Equations 4.8 and 4.9], el� is the eligibility trace in [Equation 4.6]. w+�>0 and 

w−�<0 are the positive and negative weight vectors, respectively. The rationale of dividing 

the weight vector into positive and negative weight vectors is in their finding that: during 

extinction, dopamine neurons developed a dip that immediately followed phasic 

excitation at the CS [Figure 4.4]. However, the positive and negative weight can also be 

interpreted as the synaptic efficiency in the Go and NoGo pathways in the striatum, 

respectively; considering the role of dopamine that drives conditioning as the prediction 

error signal in the striatum and the role of Go and NoGo pathways in determining the 

level of conditioned response expression (see 3.2).  
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Figure 4.4. Evidence that dopamine neurons develop inhibitory response during 
extinction. Dopamine neuronal response to the CS was divided into two periods: 
epoch 1 from 0 to 125ms and epoch 2 from 125 to 250ms after CS onset. The 
modulation index indicates the change in the firing fate from the baseline: a 
modulation index greater than 1 means excitation while a modulation index less than 1 
means inhibition compared to the baseline. Lines connect modulation indices from 
epoch 1 and 2 from the each cell. The inset shows an exemplary PSTH of a dopamine 
neuron. The inhibition in epoch 2 during extinction suggests the development of an 
inhibitory component in dopamine neuronal response. Figure adapted from42 

 

 

The positive and negative weight vectors are separately updated by the prediction 

error and natural forgetting process δ as follows: 

 w+� (t + 1) = φ+w+� (t) +  αδ(t)el�(t)        

 w−� (t + 1) = φ−w−� (t) +  βδ(t)el�(t)   [Equation 4.9] 

Here, α>0 and β>0 are the learning rate for the positive and negative weight vectors, 
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respectively. 0<φ+≤1 and 0<φ−≤1 are the decay factors for the positive and negative 

weight vectors, respectively. The decay factors simulate the forgetting process by 

reducing the absolute magnitude of the positive and negative vectors at each time step.  

 

[Figure 4.5] explains how these modifications implement spontaneous recovery 

and fast relearning after extinction. During conditioning of 100% reward, the magnitude 

of the positive weight increases. The negative weight does not change because it is 

bounded by the upper limit at zero. Repetitive negative prediction error during extinction 

decreases the magnitude of the positive weight but increases the absolute magnitude of 

the negative weight. When the absolute magnitude of the negative weight becomes as 

large as that of the positive weight, within-session extinction is complete: no more 

conditioned response is elicited by the CS. Thus, the larger β/α, the faster is within-

session extinction (see [Equations 4.9]).  

 

During the break when neither conditioning nor extinction happens, the absolute 

magnitudes of the positive and negative weights gradually decay due to forgetting. If the 

negative weight decays faster than the positive weight as in [Figure 4.5], spontaneous 

recovery occurs after the break; because the absolute magnitude of the positive weight is 

larger than that of the negative weight after the break. Because both positive and negative 

weights are non-zero even after extinction, relearning is faster than initial conditioning. 

Therefore, the larger is φ−/φ+, the stronger is spontaneous recovery (see [Equations 

4.9]). 
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Figure 4.5. Changes of the positive and negative weights in the temporal difference 
model of Pan et al. (2008) during conditioning and extinction. The blue line in the top 
plot and the red line in the middle plot demonstrate changes in the positive and negative 
weights, respectively, that occur during conditioning, extinction, break and spontaneous 
recovery (dotted lines). The black line in the bottom plot shows net weight changes, 
which correspond to the changes in the level of the conditioned response during 
conditioning, extinction, break and spontaneous recovery. Positive prediction error signals 
(+δ) during conditioning increase the positive weight (new learning) whereas negative 
prediction error signals (−δ) during extinction decrease the positive weight (unlearning) 
at a rate set by α. The negative weight does not change during conditioning because it is 
bounded by the upper limit at zero but decreases during extinction due to the negative 
prediction error signals (−δ). During break, the absolute magnitude of the positive and 
negative weights decays at a rate set by φ+ and φ−, respectively (forgetting). As a result 
of this forgetting process, spontaneous recovery occurs. Abbreviations: Cond., 
conditioning; and Ext., extinction. Figure adapted from42 
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Limitations of this model   

Time scale of forgetting process  First, a too large β (0.2) and a too small α 

(0.005) were applied to this model. A too large β increases fluctuation during 

conditioning. The effect of a too large β is not apparent in learning deterministic rewards 

(rewards delivered with 100% probability), but interrupts learning probabilistic rewards 

(rewards delivered with less than 100% probabilities) by causing severe fluctuation 

[Figure 4.6]. Even after extensive conditioning, the prediction error at the CS cannot 

reach a stable plateau as dopamine neurons do53. On the other hand, a too small α slows 

conditioning. The α in this model is only one tenth of the α that was used in the authors’ 

previous model42 and therefore, the number of trials of conditioning had to be as large as 

300. Compared to the unrealistically long conditioning, the break was only 100 time steps. 

Considering that spontaneous recovery can occur a few days after extinction whereas 

conditioning is typically takes less than an hour, the lengths of the conditioning and break 

in this model are unrealistic. The authors had to adopt these settings because forgetting 

occurs in the same time scale as the weight update driven by the prediction error (see 

[Equations 4.9]): because within-session extinction is a faster process than forgetting, 

β/α had to be large; and because spontaneous recovery does not occur after too much 

forgetting, the break had to be unrealistically shorter than the conditioning.  

 

Absence of inputs about ambiguity As expected, simulation with this model does 

not reproduce the inverted-U shaped relationship between the rate of extinction and 

reward probability [Figure 4.6] (see 3.3).  
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Figure 4.6 Limitations of the temporal difference model in Pan et al. (2008)42. A: 
Development of the prediction error at the CS during conditioning and extinction. The 
orange inset on the right gives an enlarged view of the decay of the prediction error 
signals at the four CSs during extinction. Because the decay of the prediction error 
signals at the 100% CS is not fast enough to cross the decay trajectory of the 
prediction error signals at the 50% CS, the extinction of 100% reward cannot happen 
earlier than the extinction of 50% reward in the temporal difference model in Pan et 
al.(2008)42. Thus, in this model, it always takes longer for the extinction of rewards 
that have been delivered with higher probabilities than it does for the rewards that 
have been delivered with lower probabilities. B: The number of attempts until 
extinction. This model does not reproduce the inverted-U shaped relationship between 
the rate of extinction and reward probability.  
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4.4   Methods: Structure of our model 

 

 

To address the first problem, we made forgetting occur only during the break. Therefore, 

during conditioning and within-session extinction the positive and negative weights are 

updated only by the prediction error:  

 w+� (t + 1) = w+� (t) +  αδ(t)el�(t)        

 w−� (t + 1) = w−� (t) +  βδ(t)el�(t)   [Equation 4.10] 

However, during the break, they are updated only by forgetting: 

 w+� (t + 1) = φ+w+� (t)        

 w−� (t + 1) = φ−w−� (t)     [Equation 4.11] 

Because forgetting is now separated from the weight updates during conditioning and 

extinction, each time step in the break need not represent the same time unit in the real 

world as each time step in the conditioning and extinction. For example, each time step 

during the break can be considered as representing an hour while each time step during 

conditioning and extinction is considered as representing one second. Considering that 

forgetting occurs over a much longer time scale than conditioning or within-session 

extinction, this modification is biologically plausible.  

 

With this modification, the process of learning probabilistic rewards during 

conditioning was stabilized and hastened — learning was accomplished within 60 trials 

[Figure 4.7]. The size of the eligibility trace decay factor λ was set to be same as the λ in 
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Pan et al. (2008)88. The size of α and β was 0.02 and 0.01 respectively and φ− here was 

0.9 instead of 0.9999. The length of the conditioning, extinction and break was 60, 40 and 

40, respectively.  

 

 

 

Figure 4.7. Modifying the way forgetting reduces weights fixed the first problem 
of the temporal difference model in Pan et al. (2008)42. The fixed model showed a 
more stable and faster process of learning probabilistic rewards and was still able to 
simulate spontaneous recovery like the temporal difference model in Pan et al. 
(2008)42 

 

 

To address the second problem related to ambiguity, we added a confidence 

factor to this model. The confidence factor, Cf(i), was defined as: 

 Cf(i) = C(1 − A(i))     [Equation 4.12] 

Here, i represents each trial — for example, i is 3 during the third trial of extinction. C 

is the constant gain factor and A(i) is the ambiguity factor that represents the level of 
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ambiguity in the i-th trial. Because the level of ambiguity is determined by the outcome 

of the previous trials rather than continuously updated within each trial, the same 

ambiguity factor A(i) was applied to every time point of the i-th trial. Then, the positive 

and negative weights were updated as: 

 w+� (t + 1) = w+� (t) +  Cf(i)  × αδ(t)el�(t)       

 w−� (t + 1) = w−� (t) +  Cf(i)  × βδ(t)el�(t)  [Equation 4.13] 

Therefore, the larger the confidence factor (or the smaller the ambiguity factor), the 

greater the amount of update. In other words, the weights are updated faster when the 

animals are confident that the reward is no longer delivered. 

 

To explore the characteristics of ambiguity, we formulated hypotheses about the 

ambiguity factor A(i); simulated within-session extinction of probabilistic rewards based 

on each hypothesis; and determined if the simulation reproduced the inverted U-shape in 

the relationship between the rate of extinction and reward probability that we found in 

our behavioral experiment (see 1.5). Because the difference in the level of ambiguity 

among different reward probabilities results from the prior knowledge about the 

probability (see chapter 1), A(i) ≡ 0 throughout the conditioning — when the animal 

does not have prior knowledge about the probability. Thus, the ambiguity factor A(i) 

formulated in the following only involves extinction but not conditioning. Under all 

hypotheses, we assumed that extinction is complete when the prediction error at the CS is 

below 0.18 (see 3.3) and the size of the gain factor C was 4. This extinction criterion was 

set based on our experimental protocol: we assumed that extinction was accomplished 
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when the animals do not approach to the tweezers for five consecutive trials. As in our 

behavioral and pharmacological experiment in chapters 1 and 3, four probabilities, 25%, 

50%, 75%, and 100% were used for simulation.  

 

 

 

4.5   Simulation results 

 

 

Hypothesis 1: the ambiguity is the likelihood of reward omission given the probability of 

reward during the conditioning 

The animal may maintain the prior knowledge of reward probability which is acquired 

during the conditioning and consider the likelihood of reward omission as the missing 

part of information about the reward. In this case the ambiguity is simply the likelihood 

of reward omission. To implement this hypothesis, the ambiguity factor was defined as: 

 A(i) = (1 − p)       [Equation 4.14] 

where p is the probability of reward during the conditioning.  

 

[Figure 4.8C] shows that simulation under this hypothesis reproduced the 

inverted U-shape we found in our behavioral experiment (see 1.5). Due to the confidence 

factor [Figure 4.8A], the prediction error at the CS decays faster when the reward was 

delivered with high probabilities than low probabilities during the conditioning (i.e. the 
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extinction of rewards with high probabilities progresses faster than the rewards with low 

probabilities) [Figure 4.8B]. The trajectories of the prediction error for 75% reward and 

100% reward crossed the trajectory of the prediction error for 50% reward at some point 

during extinction and the former reached the extinction criteria before the latter — even 

though the former started from higher values.  
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Figure 4.8. Model simulation results under Hypothesis 1. A: The development of the 
confidence factor during extinction, B: The development of the prediction error during 
extinction, C: The number of attempts until extinction. Because the confidence factors 
for 75% reward and 100% reward were much greater than that for 50% reward 
throughout extinction, the trajectories of the prediction error for 75% reward and 100% 
reward crossed the trajectory of the prediction error for 50% reward. As a result, the 
model reproduced the inverted U-shaped relationship between the rate of extinction and 
reward probability.  
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Hypothesis 2: the ambiguity defined as the same as Hypothesis 1 but gradually decays  

The ambiguity is calculated in the same manner as for Hypothesis 1 but the animal’s prior 

knowledge of reward probability may decay over time. To implement this hypothesis, the 

ambiguity factor was defined as: 

  A(i) = θi−1 × (1 − p)      

 [Equation 4.15] 

where 0<θ≤1 is the decay factor for the ambiguity.  

When θ was larger than 0.99, simulation under this hypothesis reproduced the inverted U-

shape in our behavioral experiment [Figure 4.9C]. When θ was considerably smaller than 

0.99, the confidence factor (see [Equation 4.12]) approached to 1 too fast [Figure 4.9A] 

before the prediction errors for 75% reward and 100% reward decayed to a meaningful 

extent [Figure 4.9B].  
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Figure 4.9. Model simulation results under Hypothesis 2. A: the development of the 
confidence factor during extinction, B: The development of the prediction error during 
extinction, C: The number of attempts until extinction. Because the confidence factors 
for 75% reward and 100% reward were much greater than that for 50% reward for a 
prolonged period during extinction, the trajectories of the prediction error for 75% 
reward and 100% reward crossed the trajectory of the prediction error for 50% reward. 
As a result, the model reproduced the inverted U-shaped relationship between the rate 
of extinction and reward probability. 
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Hypothesis 3: the ambiguity is determined based on the Bayesian likelihood 

The animal may compute the likelihood of consecutive reward omissions given the 

probability of reward during the conditioning. In this case, the ambiguity is determined 

based on the Bayesian likelihood. To implement this hypothesis, the ambiguity factor was 

defined as: 

 A(i) = (1 − p)i      [Equation 4.16] 

where p is the probability of reward during the conditioning.  

[Figure 4.10C] shows that simulation under this hypothesis did not reproduce the 

inverted U-shape in our behavioral experiment. This happened because the confidence 

factor approached to 4 too fast [Figure 4.10A] before the prediction errors for 75% 

reward and 100% reward decayed to a meaningful extent [Figure 4.10B].  
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Figure 4.10. Model simulation results under Hypothesis 3. A: The development of 
the confidence factor during extinction, B: The development of the prediction error 
during extinction, C: The number of attempts until extinction. Because the confidence 
factors for 50% reward and 75% reward quickly became similar to the confidence factor 
for 100% reward, none of the trajectories of the prediction error crossed any other 
trajectory. As a result, the extinctions of 75% reward and 100% reward were slower 
than the extinction of 50% reward. The model did not reproduce the inverted U-shaped 
relationship between the rate of extinction and reward probability. 
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Hypothesis 4: the ambiguity is computed based on the Bayesian likelihood but only a 

finite number of recent reward omissions are considered 

The animal may compute the ambiguity based on the Baysian likelihood as for 

Hypothesis 3 but, due to finite working memory, only a few recent reward omissions 

might be taken into account in this computation. To implement this hypothesis, the 

ambiguity factor was defined as: 

 A(i) = (1 − p)i  when i<n  

 A(i) = (1 − p)n  when i≥n    

 [Equation 4.17] 

where n is the number of reward omissions that can be stored in working memory.  

[Figure 4.1C] shows that simulation under this hypothesis did not reproduce the inverted 

U-shape in our behavioral experiment. Even when n is as small as 2, the confidence 

factor approached to 4 too fast [Figure 4.11A] before the prediction errors for 75% 

reward and 100% reward decayed to a meaningful extent [Figure 4.11B]. When n is 1, 

Hypothesis 4 is the same as Hypothesis 1. 
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Figure 4.11. Model simulation results under Hypothesis 4. A: The development of 
the confidence factor during extinction, B: The development of the prediction error 
during extinction, C: The number of attempts until extinction. Because the difference 
between the confidence factor for 100% reward and that for 50% reward was not large 
enough, the trajectory of the prediction error at 100% CS did not cross the trajectory of 
the prediction error at 50% CS. As a result, the extinction of 100% reward was slower 
than the extinction of 50% reward. The model did not reproduce the inverted U-shaped 
relationship between the rate of extinction and reward probability. 
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Hypothesis 5: the ambiguity is computed based on the Bayesian likelihood but the prior 

knowledge of the reward probability gradually decays 

The animal may compute the ambiguity based on the Bayesian likelihood as the 

Hypothesis 3. However, the prior knowledge of the reward probability which is acquired 

during conditioning may gradually decrease in the same manner as for Hypothesis 2. To 

implement this hypothesis, the ambiguity factor was defined as: 

 A(i) = ∏ (1 − pθi−1)i
1     [Equation 4.18] 

where 0<θ≤1 is the decay factor for the ambiguity.  

When θ was smaller than 0.12, simulation under this hypothesis reproduced the inverted 

U-shape in our behavioral experiment [Figure 4.12C]. When θ was considerably larger 

than 0.12, the confidence factor approached to 4 too fast [Figure 4.12A] before the 

prediction errors for 75% reward and 100% reward decayed to a meaningful extent 

[Figure 4.12B].  
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Figure 4.12. Model simulation results under Hypothesis 5. A: the development of the 
confidence factor during extinction, B: the development of the prediction error during 
extinction, C: The number of attempts until extinction. Because the confidence factors 
for 75% reward and 100% reward were much greater than that for 50% reward for a 
prolonged period during extinction, the trajectories of the prediction error for 75% 
reward and 100% reward crossed the trajectory of the prediction error for 50% reward. 
As a result, the model reproduced the inverted U-shaped relationship between the rate of 
extinction and reward probability. 
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4.6   Summary and discussion 

 

 

Although the specific expressions of the ambiguity factor varied with the hypotheses, the 

characteristics of the ambiguity that reproduced the inverted U-shape in our behavioral 

experiment (see 1.5) were consistent: the ambiguity remains near (1 − p) throughout 

extinction (see [Figures 4.8A, 4.9A, 4.12A]; Note [Equation 4.12]). This result suggests 

that prior knowledge of reward probability is largely maintained and the level of 

ambiguity is around (1 − p) throughout extinction.  

 

The way in which prior knowledge affects reinforcement learning in our model is 

opposite to the way in which instruction or prejudice in previous models influences 

reinforcement learning. In our model, learning is facilitated when the outcome conflicts 

with prior knowledge; whereas in previous models learning is slowed when the outcome 

conflicts with instruction or prejudice98-99. This difference between our model and 

previous models is due to the nature of prejudice and instruction. By definition, prejudice 

makes accepting facts that challenge prejudice difficult. Instruction by an authorized 

person (e.g. the experimenter to the subject) is very strong information almost 

comparable to prejudice. However, prior knowledge that is built on one’s own 

experiences during a short period of time is much more susceptible to rejection by 

subsequent experiences.  
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 In chapter 5, we will simulate our pharmacological experiment using the model 

presented here. We will explore the effect of the drugs using the definition of the 

ambiguity factor (see [Equation 4.18]) under Hypothesis 5. Although the shapes of the 

trajectory of the ambiguity are almost the same among hypotheses 1, 2 and 5, Hypothesis 

5 is more plausible than hypotheses 1 and 2. The basic assumption of hypotheses 1 and 2 

that ambiguity is simply the likelihood of reward omission in each trial is contradictory to 

the definition of ambiguity — uncertainty resulting from lack of knowledge of reward 

probability. In contrast, the ambiguity factor under Hypothesis 5 measures how different 

the on-going situation is from prior knowledge of reward probability, which indicates the 

degree of lack of knowledge about the current probability of reward. 
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CHAPTER 5: TEMPORAL DIFFERENCE MODEL SIMULATIONS TO TEST 

HYPOTHESES OF DRUG EFFECTS ON THE FUNCTION OF DOPAMINE IN 

THE WITHIN-SESSION EXTINCTION OF PRBABILISTIC REWARDS 

- SIMULATIONS FOR THE RESULT IN 3.4 

  

 

 

In chapter 3, we found that inactivation of dopamine neurons using bupivacaine 

microinjection slowed extinction whereas activation of dopamine neurons using WIN-

55212-2 microinjection hastened extinction. We hypothesized that the underlying 

mechanism of these seemingly reversed drug effects might be that: bupivacaine virtually 

increased the effect of phasic firing by suppressing the overall activity of dopamine 

neurons; whereas WIN-55212-2 effectively reduced the effect of phasic firing by 

enhancing the overall activity of dopamine neurons. To test this hypothesis, we used the 

model that we presented in the chapter 4. Here, the definition of the ambiguity factor A(i) 

follows the [Equation 4.] under Hypothesis 5. We chose Hypothesis 5 because simulation 

under Hypothesis 5 reproduced the inverted U-shape in our behavioral experiment, and 

Hypothesis 5 is the most plausible among the 5 hypotheses considered in chapter 4.  
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5.1   Method: implementation of the drug effect  

 

 

If bupivacaine effectively enhances the effect of phasic firing, it should increase the 

absolute magnitude of the prediction error that dopamine neurons encode. Similarly, if 

WIN-55212-2 reduces the effect of phasic firing, it should decrease the absolute 

magnitude of the prediction error that dopamine neurons encode. According to our 

reasoning in chapter 3, the magnitude of the virtual effect of phasic firing depends on the 

relative frequency of phasic and tonic firing rather than on the absolute frequency of 

phasic firing. Thus, we implemented the drug effect multiplicatively but not additively. In 

the bupivacaine condition, the prediction error is adjusted as below: 

 δ(t)  =  δ(t)  ×  (1 + effectsize),  when δ(t) ≥ 0    

 δ(t)  =  δ(t)  ×  (1 − effectsize),  when δ(t) < 0 [Equation 5.1] 

where 0<effectsize<1 is the constant that represents the size of the drug effect. In WIN-

55212-2 condition, the prediction error is adjusted in the opposite way as below:  

 δ(t)  =  δ(t)  ×  (1 − effectsize),  when δ(t) ≥ 0    

 δ(t)  =  δ(t)  ×  (1 + effectsize),  when δ(t) < 0 [Equation 5.2] 

where 0<effectsize<1 is the constant that represents the size of the drug effect.  

 

All parameters except for the number of conditioning trials were set the same as 

for Hypothesis 5 in chapter 4. Reducing the effective size of positive prediction error (see 

[Equation 5.2]) slows conditioning and may result in a considerably lower level of 
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conditioning in the WIN-55212-2 condition compared to the bupivacaine condition after 

40 conditioning trials (which we used in chapter 4). Assuming that the animals reached 

the same level of conditioning in both bupivacaine and WIN-55212-2 conditions (see 3.4), 

we used 60 conditioning trials for this simulation instead of 40. After 60 conditioning 

trials, the level of conditioning — which is measured as the size of the prediction error at 

the CS at the end of conditioning — in bupivacaine and WIN-55212-2 conditions were 

almost the same. 

 

 

 

5.2   Result of simulation and discussion 

 

 

As expected, the simulation reproduced our result in the pharmacological experiment: 

WIN-55212-2 and bupivacaine hastened and slowed the rate of extinction, respectively 

[Figure 5.1]. Here, the effectsize for the bupivacaine was 0.07 and that for WIN-55212-2 

was 0.08. This simulation result supports our hypothesis that bupivacaine virtually 

increases the effect of phasic firing whereas WIN-55212-2 effectively reduces the effect 

of phasic firing. Because the effects of bupivacaine and WIN-55212-2 were implemented 

in the opposite direction in our model, if the effects of the drug were opposite to our 

hypothesis, the simulation result should be simply the opposite of our result in the 

pharmacological experiment.  
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Figure 5.1. The model simulation results based on our hypothesis reproduced our 
results in the pharmacological experiment. Bupivacaine injection (the blue dotted 
line) slowed the extinction of probabilistic rewards but preserved the inverted U-
shaped relationship between the rate of extinction and reward probability. In contrast, 
WIN-55212-2 (the red dotted line) hastened extinction but preserved the inverted U-
shaped relationship. The black dotted line shows the extinction of probabilistic 
rewards in the saline condition. 

 

 

The general shape of the relationship between the rate of extinction and reward 

probability remained [Figure 5.1]. This simulation result is consistent with the other part 

of our results in the pharmacological experiment that activation and inactivation of 

dopamine neurons using bupivacaine and WIN-55212-2 had little effect on the 

characteristic U-shape of the relationship between the rate of extinction and reward 

probability. The fact that the inverted U-shape was preserved even after doubling the 

effects of the drugs emphasizes the role of ambiguity in determining the shape of the 
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relationship between the rate of extinction and reward probability. 

 

[Figure 5.1] shows that the extinction of 25% reward was particularly faster than 

for other probabilities in the WIN-55212-2 condition; whereas it was particularly slower 

in the bupivacaine condition. Increasing the effective size of the prediction error 

accelerates learning whereas reducing the effective size of the prediction error delays 

learning. In the case of 25% probability, the size of the prediction error to the CS at the 

beginning of extinction is small compared to the other probabilities. Therefore, the 

extinction of 25% reward is more vulnerable to changes in the effective size of the 

prediction error than the extinction of higher probabilities.  

 

In our pharmacological experiment, however, the opposite trend was shown: the 

extinction of 25% reward appears to be less accelerated compared to the extinction of 

other probabilities after WIN-55212-2 injection [Figure 3.4]. On the other hand, the 

extinction of 25% reward seems to be slightly less delayed after bupivacaine injection. 

There are a few possible mechanisms for this difference between the simulation result 

and our pharmacological experiment result. First, WIN-55212-2 and bupivacaine might 

have altered the way in which the prediction error is computed in the midbrain to some 

degree. Second, dopamine might have some indirect effect on the computation of 

ambiguity — for example, by modulating working memory performance. If WIN-55212-

2, which increases dopamine activity, enhanced working memory performance (see 2.5), 

recognizing the sudden stoppage of probabilistic rewards should have been easier after 
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WIN-55212-2 injection. Thus, WIN-55212-2 might have decreased the level of 

ambiguity during extinction. The opposite happens after bupivacaine injection. However, 

to identify the exact reason for this difference, further investigation is needed. 

 

 

 

5.3   Chapter 1 through 5, taken together  

 

 

Taken together, from chapter 1 through 5, we investigated the effect of reward probability 

on the rate of within-session extinction using behavioral and pharmacological 

experiments and temporal difference model simulations. Our experimental results 

suggested that ambiguity during extinction and the value of probabilistic reward results in 

the inverted U-shape in the relationship between the rate of extinction and reward 

probability. Our experimental result also suggested that ambiguity may not be signaled by 

dopamine neurons. By modifying an existing temporal difference model, we tested these 

findings. Our temporal difference model reproduced the inverted U-shape in the 

relationship between the rate of extinction and reward probability for the first time. 

Insights from our behavioral and pharmacological experiments and the model we present 

here can help further investigation on probabilistic reward learning and extinction.  
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APPENDIX: ELECTROPHYSIOLOGICAL EXPERIMENT - PRELIMINARY 

 

 

 

Along with the behavioral and pharmacological experiments, we also conducted an 

electrophysiological experiment in order to investigate the role of dopamine neurons in 

the within-session extinction of probabilistic rewards. 

 

 

A.1   Method 

 

 

Animals   

For the behavioral experiment, two male BN/RijHsd rats obtained from Harlan Sprague 

Dawley were used. The experiment was conducted when the rats were 5-12 month old. 

The animals were housed in a reversed 12h light/dark cycle and maintained at 85% of 

their normal weight during experiment. The experiment was conducted in accordance 

with the University of Arizona Institutional Animal Care and Use Committee (IACUC).  

 

 

Surgery  

After pretraining, the hyperdrive was implanted targeting the bilateral VTA (-5.4mm from 



 

 
108 

the bregma, 0.05mm lateral to the midline, -7.5mm from the skull). The rats were 

anesthetized with isoflurane, and their body temperature maintained at 37 °C using an 

isopad during the surgery. Screws and dental acrylic were used to fix the cannula guides 

to the skull. 

 

 

Pretraining  

The pretraining protocol described in chapter 1 was used here (see 1.4). 

 

 

Experimental paradigm 

We conducted both a trial-constant experiment and a pellet-constant experiment in each 

rat. In one rat the protocol for the two types of experiments was the same as described in 

1.4. In the other rat, the number of trials in the trial-constant experiment and the number 

of reward trials in the pellet-constant experiment was 16. In the latter rat, the inter-trial 

interval was not fixed to 20 s. The tweezers were presented 20 s after the rat’s response—

biting or smelling. When the animal did not respond, the tweezers were presented 20 s 

after the previous tweezers presentation. Each type of experiment was conducted a few 

times on different days in each rat. Throughout the experiment, the timing of tweezers 

presentation, rats’ smelling and biting were recorded by simultaneous key pressing on the 

electronic lab book for reaction time analysis.  
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Histology 

The same as described in 3.4 

 

 

Identification of dopamine neurons  

Controversies over the way of identifying midbrain dopamine neurons  

One widely adopted way of identifying midbrain dopamine neurons applies 

electrophysiological criteria proposed by Grace and Bunney (1983)100. That is: slow tonic 

firing rate (mean: ~3.7Hz, approximate range: 0.8-8Hz), phasic bursts with starting inter-

spike interval < 80ms and finishing inter-spike interval >160ms, broad triphasic action 

potentials. Grace and Bunny proposed these criteria based on their experiment in the SNc 

in anesthetized rats100, and they were tested and confirmed by Hyland et al. in the SNc of 

freely moving rats17.  

 

However, a recent study questioned the validity of these criteria: Burischoux et al. 

(2009) measured the electrophysiological activity of VTA dopamine neurons in 

anesthetized rats using juxtacellular recording45. Burischoux et al. (2009) found that 

juxtacellularly identified dopamine neurons (n=14) and non-dopamine neurons (n=4) had 

similar biphasic action potentials and the same action potential durations (~1.6ms). 

However, the fact that 4 out of 14 (~30%) neurons with mean firing rates around 4Hz 

were non-dopaminergic does not fit what is known about the neuronal constitution of the 

VTA. The VTA consists of 60-65% dopamine neurons, 30-35% GABAergic neurons and 
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2-3% of glutamatergic neurons16, 68 and the general firing rates of GABAergic and 

glutamatergic neurons in the VTA are ~19Hz and < 1Hz, respectively101.  

 

Margolis et al.102 argued against the possibility of identifying dopamine neurons 

based on electrophysiological activity profile. Their objection is based on experiments in 

slice preparations from 20-36 days old rats. However, because the patterns of activity and 

receptor expression of dopamine neurons in young rats are different from those of adult 

rats, the plausibility of their notion is questionable19.  

 

Despite these controversies, the electrophysiological criteria proposed by Grace 

and Bunny are still the most widely accepted, though with some modifications. 

 

 

Electrophysiological criteria for identifying dopamine neurons in our experiment  

Our baseline window was 8-12s after tweezers presentation on each trial. Only those 

neurons whose firing rates were within the 1-12Hz range during the baseline window 

during the acquisition phase were considered as dopaminergic103. Out of 37 neurons that 

we recorded, 19 neurons were putative dopamine neurons. 

 

 

Data Analysis  

Only those data from the trial-constant experiment have been analyzed so far. We 
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considered the tweezers as the CS in our experiment. Because the rats were able to see 

the tweezers approaching through the transparent experimental chamber (see 1.4) about 1 

s before tweezers presentation, the window for the phasic response of dopamine to the CS 

was between -1-0s before tweezers presentation. We will call this the ‘CS window’. We 

normalized dopamine neuronal firing rate during the CS window by dividing it by the 

same neuron’s firing rate during the baseline window in the same trial. Then the 

normalized firing rates were analyzed with t-tests using a significance level of p<0.05. 

 

 

 

A.2   Limitations of the method 

 

 

First, the two rats underwent different experimental protocols. The rat that underwent the 

shorter protocol (16 trial constant and 16 pellet constant experiments) might have learned 

less about the reward probability than the rat that underwent the longer protocol (20 trial 

constant and 20 pellet constant experiments). In addition, different inter-trial interval 

lengths in the two protocols might have affected the activity of dopamine neurons and the 

way the rats learned and extinguished probabilistic rewards. 

Second, we found that the number of attempts until extinction decreased as the 

experiments were repeated for several days. This suggests that extinction on the later 

days might have occurred through a different mechanism than extinction on the earlier 
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days. Through repeated experiments, the animals might have learned that the reward is 

not presented after a while regardless of the probability of reward.  

 

Third, we manually recorded the timings of tweezers presentation, rats’ smelling 

and biting by simultaneous key pressing. This method of recording inevitably involves 

errors ranging from a few tens of ms to a few hundreds of ms. Considering the time 

course of electrophysiological activity of dopamine neurons, this is a serious limitation of 

our method.  

 

 

 

A.3   Result and discussion  

 

 

 [Figure A.1] shows the phasic response of dopamine neurons within the CS window in 

the first four and last four trials of the extinction phase. During the first four trials of 

extinction, the normalized firing rate of dopamine neurons was significantly higher than 1 

(the baseline activity; n=15; t-test; p<0.05) and the graph looks similar to the inverted U-

shape in the relationship between the number of attempts and reward probability (see 1.5). 

Because the magnitude of the phasic response to the CS is proportional to the probability 

with which the CS predicts reward at the end of conditioning53, the shape of the phasic 

response during the first four trials may suggest that the extinction of 75% and 100% 
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rewards occurs very fast at the beginning of extinction. There was no statistically 

significant difference in the firing rates among different probabilities.  

 

 

 

Figure A.1. The normalized phasic response of dopamine neurons to the CS 
during the first four and the last four trials of the extinction phase. The phasic 
firing of dopamine neurons to the CS during the last four trials of the extinction 
phase (blue) and that during the first four trials of the extinction phase (red). * 
indicates a significant difference between different probabilities during the last four 
trials; # indicates a significant difference between the first four and last four trials 
within the same reward probabilities. (n=15; t-test; p<0.05). 

 

 

By the end of extinction, the phasic firing of dopamine neurons to the CS was 

attenuated. During the last four trials of extinction, the normalized firing rate of 

dopamine neurons was not significantly different from 1 [Figure A.1]. In the extinction of 

75% rewards and 100% reward, the normalized firing rates during the last four trials were 

significantly smaller than those during the first four trials (n=15; t-test; p<0.05). This 
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result is consistent with previous studies88 and the assumption in our model that the 

phasic response of dopamine neurons to the CS decays during extinction (see 4.4). The 

shape of the graph was also similar to the inverted U-shape of the relationship between 

the number of attempts and reward probability [Figure A.1]. The firing rate during the 

last four trials of the extinction of 50% reward was significantly larger than those of 75% 

reward and 100% reward (n=15; t-test; p<0.05).. This result is also consistent with our 

assumption that the phasic firing of dopamine neurons signals the prediction error (see 

2.4) and that the size of the prediction error at the CS reflects the level of the conditioned 

response (see chapter 4). 
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