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Neural circuit mechanisms underlying contingency learning 

Abstract 

Studies on animal learning have shown that the efficacy of both associative learning and responding 

depends on contingency, the extent to which the likelihood of an outcome changes by a presentation of a 

stimulus. However, how neural representations in the mesolimbic dopamine system and ventral striatum 

are modulated by contingency remain unclear. Chapter I of my dissertation focuses on this by examining 

mice trained in a Pavlovian conditioning degradation task. I observed that anticipatory licking for odors 

previously associated with rewards significantly diminished when unpredicted rewards were introduced but 

remained stable with predicted additional rewards. Furthermore, dopamine (DA) axonal signals in the 

Olfactory Tubercle (OT) and Nucleus Accumbens (NAc), measured using photometry, mirrored these 

behavioral changes. While dopamine signals are commonly thought to resemble the temporal difference 

(TD) error in TD learning models, previous studies suggested these models couldn't explain the contingency 

degradation phenomenon. However, our findings indicated that DA responses in various experimental 

conditions align closely with a TD learning model incorporating state transitions reflective of task structure. 

Furthermore, we showed that recurrent neural networks (RNNs) trained in the task using a TD learning 

framework recapitulate dopamine responses and develop state representations consistent with the task 

states, merely from observations. Based on these results, we provided a theoretical framework linking TD 

errors to contingency and causal learning 

Many studies of reinforcement learning in rodents have involved the olfactory system. Previous 

studies have indicated that neural activity related to the odor valence have been observed in the OT, a 

relatively understudied structure situated in both the olfactory pathway and the ventral striatum. In Chapter 

II, I examined how valence representations of odor cues evolve over time in the two distinct neuronal 

populations in the OT, and how stable these representations are under different conditions in contingency 
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learning using 2-photon microscopy. As the idea of representational stability and drift are vigorously 

debated, this study will add valuable biological data to inform conceptual ideas of neural representations in 

the brain. 

Together, these results provided new insights into the neural circuits involved in the representation 

of contingency in the mammalian brain. 
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Introduction 

The ability of animals to assign valence - positive or negative - to environmental cues is essential 

for flexible behaviors and survival. Such associations endow the animal with the ability to swiftly prepare 

appropriate behavioral responses to familiar stimuli and to update valence of sensory stimuli as 

environmental contingencies change. Neuronal circuits involved in assigning and recalibrating valence to 

sensory stimuli based on experience and environment remain a focal point of neuroscience research. 

Understanding these processes is essential, because certain neural associations can culminate in 

maladaptive behaviors1. However, deciphering these mechanisms has been challenging due to the 

distributed and intricate circuits underlying the interplay of sensory perception, associative learning, and 

reward processing in mammalian brains2–6.  

Over the last five decades, animal learning research has elucidated fundamental components of 

simple associative learning, which often involved reward processing by presenting cues followed by 

reward. A seminal neurophysiological discovery is that dopamine neurons in the midbrain appear to encode 

reward prediction errors7–9 (RPEs), aligning with the theoretical error signals posited in models of animal 

learning. Concurrently, the field of machine learning has advanced algorithms, e.g., temporal difference 

learning (TD learning) in the reinforcement learning framework10–13, detailing how an agent might optimize 

reward acquisition through environmental interactions, thereby offering computational frameworks for 

associative learning. Activities of the ventral striatum (VS)-projecting dopaminergic neurons have been 

consistently observed to reflect TD error14. Yet, how these neurons behave in various conditions in 

associative learning and whether their activity aligns with TD error theory remain unclear. 

Understanding how sensory valence is assigned and represented in the brain during associative 

learning and the stability of this representation is another important neuroscientific inquiry. The rodent 

olfactory system is ideal for studying this, as mice and rats can quickly learn tasks based on odor cues, 

forming associations between odors, motor actions, and reward15–17. Therefore, my research utilized mice, 

with a particular focus on an olfactory area in the brain, olfactory tubercle (OT), a region considered to be 
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part of the ventral striatum and implicated in reward learning and motivated behaviors18–23. The OT is 

predominantly made up of medium spiny neurons expressing D1 or D2-type dopamine receptors24–26. These 

neurons, similar in cellular architecture to those in other striatal regions, have widespread connections with 

the basal ganglia and midbrain dopaminergic system26–28. This extensive interconnectivity positions the OT 

as an ideal site for investigating the neural dynamics of reward processing and reinforcement learning17,19,29–

33. Investigations into the stability of D1 and D2-type neuron responses in the OT after performance 

stabilization, as well as their adaptive changes during the degradation of stimulus-outcome contingencies, 

could deepen our comprehension of the neural underpinnings of associative learning. 

In this dissertation, I will focus mostly on Pavlovian conditioning tasks, which have consistently 

served as a robust paradigm for investigating associative learning models and their neural substrates. 

Through a combination of neurophysiological recording techniques and computational models, my findings 

will elucidate 1) the response patterns of the VS-projecting midbrain dopaminergic system during 

contingency learning, 2) the alignment of dopaminergic signaling with computational models within the 

TD learning framework, and 3) the acquisition, representation, and modulation of valence signals within 

OT. I will synthesize seminal studies from these related fields in the following sections. 

 

Animal associative learning: classical conditioning and instrumental conditioning 

Two primary animal learning frameworks – classical/Pavlovian conditioning and instrumental 

conditioning - have shaped our understanding of associative learning. In Pavlovian conditioning, organisms 

experience a sequence of conditioned stimulus (CS) and unconditioned stimulus (US) pairings, and the 

delivery of the US doesn’t depend on the organism’s actions between these stimuli. A US is a certain 

outcome that triggers a biological response without learning, such as salivation following a bite of tasty 

food. During Pavlovian conditioning, animals learn to predict a US, following a neutral sensory stimulus 

that does not evoke an automatic biological response. For example, in the seminal experiment, Pavlov34,35 

paired the sound of a bell (CS) with the provision of food (US). After several repetitions, the dog started 

salivating - a typical conditioned responding - in response to the bell sound, even without the food. This 
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behavior demonstrates that the dog had learned to associate the bell sound with the reward, anticipating the 

forthcoming food. 

The other type of conditioning is instrumental conditioning, where an organism must act to secure 

an outcome. An illustrative case is Thorndike’s puzzle box experiment in which cats learn to escape to 

obtain fish36. After repeating this procedure many times, Thorndike found that behaviors leading to food 

became more frequent in later attempts. Even over time, when cats were reintroduced to the box’s similar 

context, these cats swiftly executed escape behaviors. In this dissertation, the primary focus will be on 

classical conditioning. Therefore, I will not extensively delve into the principles of instrumental 

conditioning. 

Since the seminal demonstration of Pavlov, Pavlovian conditioning has been studied extensively. 

In 1955, Bush and Mosteller introduced a mathematical explanation for how association between CS and 

the US become learned in an animal's behavior. They proposed that the spatiotemporal contiguity of the CS 

and US is crucial for this link to form. Then, however, Rescorla and Wagner (1972) offered a different 

theory by proposing that conditioning is driven by the discrepancy between the actual and predicted 

outcome (prediction error)37, not just the spatiotemporal contiguity. Their model focused on the strength of 

the association between CS and the US and considered the collective impact of all stimuli present. Rescorla 

and Wagner proposed that the change in associative strength between a CS and the US is proportional to 

the discrepancy between the maximum possible responding the US can produce and the current associative 

strength of all the CS’s present. One intuitive way to understand this is that the US must be somewhat 

surprising, and surprise is defined as how much an outcome deviates from the expected outcome. Suppose 

a CS already predicts a reward fully, in that case, introducing another CS won’t change the learning, because 

the prediction isn’t violated. Thus, this model suggests that learning only happens when the prediction is 

incorrect - an error between what's expected and what occurs is necessary for learning to take place. The 

Rescorla-Wagner model has since been successful in explaining a wealth of experimental observations in 

animals’ associative learning studies38–41. 
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Contingency and contingency learning theory 

As described above, behavioral and psychological research into animal learning revealed that mere 

spatiotemporal ‘contiguity’ between two events is insufficient for establishing enduring associations. 

Instead, Rescorla further postulated that ‘contingency’ – the degree to which the CS indicates an increase 

or decrease in the likelihood of the US occurring – is the critical factor in forming successful association. 

In 1968, Rescorla conducted two experiments to investigate the role of CS-US contingency in fear 

conditioning42. In experiment 1, he compared the conditioned response (CR) in the presence and absence 

of a tone (CS) and a shock (US). When the shock was given only during the tone, substantial conditioning 

occurred. However, he found that when the probability of the shock was equal in the presence and absence 

of the tone, there was no conditioned response to the tone. Then in experiment 2, he further explored four 

different probabilities of the shock in the presence and absence of the tone. He demonstrated that the amount 

of conditioning was higher when the probability of the shock was greater during the tone and lower when 

the probability of the shock was greater in the absence of the tone. When the two probabilities were equal, 

no conditioning resulted. This study was the first to provide evidence that the contingency between the CS 

and the US plays a critical role in conditioning and the effect of contingency has been well-documented 

later in many Pavlovian conditioning paradigms.  

Rescorla proposed that the concept of contingency should be described as a comparison between 

two probabilities: the likelihood of an US when a CS is present, and the likelihood of the US in the absence 

of the CS. However, he did not provide a specific definition for this concept. So, what is a good measure 

of contingency remains to be clarified43–46. Among the various mathematical definitions available for 

contingency, the most prevalent one assesses the change in outcome probabilities in the presence or absence 

of a specific stimulus6,47,48. In Pavlovian settings, the measure of contingency, denoted as ∆P, is quantified 

by the formula ∆𝑃 = 𝑃(𝑈𝑆|𝐶𝑆 +) − 𝑃(𝑈𝑆|𝐶𝑆 −), where 'CS+' represents the presence and 'CS−' the 

absence of a conditioned stimulus. Although association alone does not establish causation, such 

associations often lead to the perception of causal links45,49. In a seminal contribution to the field of causal 

inference, Judea Pearl demonstrated that, under certain conditions, contingency ∆P aligns with the key 
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metrics that define necessary and sufficient causes—namely, the "probability of necessity and sufficiency 

(PNS)" and the "probability of sufficiency (PS)." This establishes a robust mathematical foundation for 

both contingency and causal power50. However, there are a couple of issues with the ΔP definition of 

contingency, as Gallistel pointed out in his review: First, counting events that didn’t occur (CS−) was a 

challenge; Second, it’s highly dependent on the structure of imaginary trial to determine the time intervals 

within which the probabilities of events such as CS and US46,51 can be defined; Lastly, some behavioral 

phenomena do not align with the classic 𝛥𝑃 definition of contingency, which led to some critiques on the 

usefulness of contingency in accounting for behavioral patterns52. As a result, there have been initiatives to 

refine the definition of contingency to address these discrepancies 43–46. 

 

Contingency degradation 

Contingency degradation was first observed and formalized in Pavlovian conditioning by 

Rescorla53–55. Yet, contingency degradation has been more extensively studied in the instrumental 

conditioning56–60. In instrumental conditioning, the sensitivity of animals to the contingency between action 

and outcome has been used to distinguish goal-directed from habitual behavior61. Defined by Hammond as 

the difference in probability of reinforcer delivery following a response versus its absence, the contingency 

degradation paradigm is thought to examine animals’ perception of the causal relation between response 

and reward62,63. Hammond trained hungry rats to press a lever, where the first press per second consistently 

resulted in food pellet delivery. Then, he performed the contingency degradation by increasing the 

likelihood of food delivery without lever pressing, eventually equalizing the probabilities, and nullified the 

impact of pressing on reward likelihood. Then Hammond noted that this increase in reward probability 

without response depresses instrumental responding, a hallmark of contingency degradation. 

Numerous subsequent studies have investigated animals’ learning and sensitivity to contingency, 

observing their behavioral responses to conditioned stimuli signaling reward or punishment when 

contingency are altered. These studies demonstrate that mice64,65, rats4,59,61, dogs37,55, non-human 

primates3,57, and human66–68 all change their behavioral response in contingency degradation. 
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Temporal difference (TD) learning algorithm and TD errors  

The Rescorla-Wagner model, a cornerstone in associative learning research, is constrained by its 

reliance on a trial-based approach largely ignoring the timing of events within and between trials. To 

represent the temporal dynamics of stimuli more accurately in classical conditioning, it is necessary to 

propose models that operate continuously on a moment-to-moment basis, rather than on a trial-by-trial 

framework. Addressing the gap of lack of temporal structure between stimuli, Sutton and Barto developed 

the TD learning algorithm, conceptualized as a prediction error-based model of associative learning69,70. 

This approach has since become foundational in the study of value learning within the realm of 

reinforcement learning.  

In TD learning models, TD errors is denoted by 𝛿 and defined by the equation: 

𝛿 = 𝑟! + 𝛾𝑉(𝑠!"#) − 𝑉(𝑠!)                                                  (1) 

where 𝑟! represents reward at time 𝑡, 𝑠! denotes the state at that time 𝑡,  𝑉(𝑠!) is value corresponding to 

state 𝑠!, and 𝛾, known as the temporal discount factor, falls between 0 and 1 (0 < 𝛾 < 1). The value 𝑉(𝑠!) 

is defined as the expected sum of all future rewards starting from time 𝑡, with each future reward discounted 

by the factor 𝛾 per time step. 

 𝑉(𝑠!) = 𝐸78 𝛾$%!𝑟(𝜏)&
$'! :                                                 (2) 

The TD error plays a pivotal role in learning by continuously refining the estimate of this value at each time 

point, unlike the Rescorla-Wagner model which limits learning to moments of reward delivery. A crucial 

component in TD learning models is the representation of “states”. In the original TD learning model71, 

states were represented using a ‘complete serial compound’ (CSC), sometimes known as a tapped delay 

line71,72. In this construction, stimulus presentation triggers a sequential activation of sub-states 𝑥(𝑡) 	=

	{𝑥#, 𝑥(, ⋯ }, each representing a time step after the stimulus. At any given time after the stimulus, only one 

sub-state is active. The value estimate 𝑉A(𝑠!) is then computed as the weighted sum of these substates 𝑥(𝑡), 

which in CSC is reduced to be the weight of the substate.  
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 𝑉A(𝑠!) = ∑ 𝑤) ∙ 𝑥)(𝑡))                                                                (3) 

where 𝑤) is the weight associated with sub-state 𝑖. Weights are updated following the TD-learning rule:  

 ∆𝑤) = 𝛼 ∙ 𝑥)(𝑡) ∙ 𝛿                                                              (4) 

where 𝛼 is a learning rate (0 ≤ 𝛼 ≤ 1) and 𝛿(𝑡) is the prediction error in the value signal.  

Initially, in the TD model, weights are unlearned, so the value estimate 𝑉A(𝑠!) is zero everywhere. 

When a US, such as a reward, is presented, it generates a positive prediction error. The prediction error 

adjusts the weight of the corresponding CSC state, which influences future value estimates. This mechanism 

leads to a ripple effect of positive prediction errors, which propagate back in time, modifying the weights 

of the CSC state across the interstimulus interval (ISI) until the weight of the state that corresponds to the 

CS onset is modified. Consequently, the TD model with CSC state representation (CSC-TD model) learns 

to anticipate the future US in response to the CS.  

TD learning models have been effective in capturing and forecasting the characteristics of animals' 

behaviors in a wealth of classical conditioning paradigms. These models could potentially offer insightful 

mechanisms that could underlie the contingency learning observed in animals. Within this structured 

framework, the features of learning and behavioral adaptation can potentially be systematically understood 

and anticipated. 

 

Dopamine as an important teaching signal 

In the prior section, it was noted that the TD error plays a pivotal role in TD learning algorithms. 

Nonetheless, it raises an intriguing query: does an animal's brain utilize a process similar to the TD learning 

algorithm, and if so, are there specific neural populations that mirror the TD error signals? This has been a 

subject of considerable research interest, as identifying these neural correlates could advance our 

understanding of how animals learn and adapt to their environment through experience. Seminal works by 

Schultz and colleagues revealed a strong link between the TD error and the response of midbrain dopamine 

neurons, and later, more evidence has revealed the similarity between the two73–77. In Schultz’s study, they 
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performed a Pavlovian conditioning paradigm with monkeys, teaching them to associate a visual cue (CS) 

with a drop of juice (US)78. Initially, the putative dopamine neurons fire only when the juice is delivered. 

However, after the monkeys learned the association, these dopamine neurons fired at the onset of the visual 

cue instead of at the time of reward. The other important observation is the reward omission dip, which 

showed that if the predicted reward is omitted unexpectedly, dopamine neurons showed a phasic decrease 

in activity, forming a “dip” at the time when the reward was supposed to be delivered. These findings 

demonstrated that dopamine encodes reward prediction error (‘RPE’), a type of error that closely matches 

TD errors proposed in the TD learning models. In Uchida lab’s recent work, we have shown that when 

animals were learning an association, dopamine neuron firing activities showed a gradual shift from reward 

receipt time to cue onset, which aligns with the critical prediction of TD learning models79. Another work80 

from the Uchida lab has demonstrated that dopamine neurons’ activities reflect the moment-by-moment 

changes in value using teleportation and manipulation of track movement speed in virtual reality. These 

findings further supported that dopamine signals match the essential property of TD error, rather than other 

variables such as value. 

Despite these findings supporting the TD error hypothesis of dopamine, this hypothesis has been 

contested by some recent studies. One study, for instance, proposed an alternative model, adjusted net 

contingency for causal relations (ANCCR), where researchers proposed that dopamine conveys the 

learned meaningfulness of events and guides causal learning of reward event through a retrospective 

mechanism 81. In their retrospective mechanism, animal backtracks in time to pinpoint probable causes of a 

"meaningful causal target" (MCT), such as a reward, after its occurrence. This model suggests that the 

significance of events is conveyed through mesolimbic dopamine signaling, which is pivotal in guiding the 

causal learning of current events. Contrasting with the forward-looking perspective of TD learning models, 

the ANCCR theory emphasizes the importance of the likelihood of a cue given a reward (P(cue|R)) - 

essentially asking, "Is there a precedent cue for the reward?" Conversely, the TD model concentrates on the 

likelihood of a reward following a cue (P(R|cue))—asking, "Is a cue predicting a future reward?". The 

authors claimed that ANCCR model could successfully explain the dopamine responses in various 
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experiments that they performed, including a contingency degradation paradigm, while TD learning models 

failed. 

Testing these competing models could refine our understanding of dopamine's role and stimulate 

fresh research. In Chapter I of my dissertation, I will aim to delineate the core properties and assumptions 

of these models, devising targeted experiments to test these theories and models about dopamine's functions 

in contingency learning and to address recent debates. This will enhance our comprehension of the 

fundamental principles of associative learning in the brain.  

 

Ventral Striatum as a hub for reward learning 

The striatum, a subcortical part of the forebrain, is a complex and multifaceted structure integral to 

the basal ganglia network. It plays a pivotal role in a myriad of functions, including motor control, learning, 

and decision-making. Characterized by a rich mosaic of cellular and cytoarchitectural composition, the 

striatum's heterogeneous nature is crucial for its diverse functional capabilities. 

At the cellular level, the striatum is predominantly composed of medium spiny neurons (MSNs), 

which account for approximately 95% of its neuronal population. These GABAergic neurons are the 

principal projection neurons of the striatum and are distinguished by their dense, spine-covered dendrites 

from which the name was derived. MSNs are further categorized based on the type of dopamine receptor 

that they express: those expressing dopamine D1 receptors are part of the direct pathway, which projects 

mainly to the basal ganglia output structure such as globus pallidus internal segment and substantia nigra 

pars reticulata82, while those expressing D2 receptors are part of the indirect pathway, which project to 

intermediate structures rather than directly to the basal ganglia output structures83. These direct and indirect 

pathways form the basis of major theories about striatal function: the direct pathway facilitates certain 

behaviors by disinhibiting their output structures such as the thalamus and the substantia nigra pars 

reticulata, while the indirect pathway inhibits certain behaviors by inhibiting these output structures, though 

this model has faced revisions in recent years84. The striatum receives the densest dopamine input in the 

brain and acts as a junction for various sensory and reward processing regions85–87. These characteristics 



 
10 

 

 

underscore the striatum’s pivotal role in the processes of learning and the selection of actions, which are 

informed by sensory/contextual cues and the history of reinforcement88–90. 

The ventral striatum (VS) receives inputs from dopaminergic neurons in the midbrain, which are 

crucial for the reward processing, motivation, and reinforcement learning18,91–95. It comprises of two major 

components, Olfactory Tubercle and Nucleus Accumbens. It is widely believed that dopamine neurons in 

the ventral tegmental area (VTA) convey RPE signals to the VS for value learning. However, more evidence 

has shown that VS-projecting dopamine neurons are diverse and exhibit heterogeneous responses to 

rewarding or aversive events. Some old voltammetry studies on dopamine inputs to the ventral striatum 

found significant distinctions within this structure. For instance, Aragona et al. found that cocaine 

sensitization of dopamine signals was evident in the shell of the NAc during drug exposure, whereas the 

cue-related dopamine signal was more pronounced in the core96–98. Recent studies have found that the 

dopamine terminals in the ventral medial shell of NAc are activated by unexpected aversive outcomes and 

to cues that predict them, whereas dopamine terminals in other NAc subregions are mainly responsive to 

reward and reward-predicting cues14. These observations suggest that the nature of the dopamine signal 

within the ventral striatum’s subregions is not homogenous, pointing to a more intricate interplay within 

the striatum than previously recognized. In Chapter I of my dissertation, I monitored dopaminergic axonal 

activities in response to cues predicting rewards and the rewards themselves in multiple subregions in the 

VS using multi-fiber photometry. This was aimed at exploring the potential heterogeneity within the 

subregions in the VS-projecting dopamine neurons. 

 

Olfactory Tubercle: anatomical structure and function in reward processing 

The olfactory tubercle (OT), a long and tubular structure within the VS, is increasingly recognized 

for its involvement in the convergence of smell and reward pathways15,25,99. This unique positioning of the 

OT, receiving extensive projections from both the olfactory areas and midbrain dopaminergic 

neurons15,20,100, underscores its potential role in associative learning.  
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OT belongs to the olfactory system. The evolutionary importance of the olfactory system is 

profound. The olfactory system is potentially the earliest sensory modality to evolve. Unlike the more 

complex pathways of visual, auditory, and somatosensory systems, the olfactory pathways have remained 

relatively conserved87,101. The OT is an example of this evolutionary conservation, as it continues to be a 

direct recipient of olfactory input, particularly from tufted cells of the olfactory bulb102. In addition, as an 

important part of the ventral striatal reward circuitry, OT shares cellular features with other regions of the 

striatum24,103, which primarily comprises of D1- or D2-type dopamine receptors expressing spiny projection 

neurons and heavily innervated by projections from dopaminergic neuron in ventral tegmental 

areas18,24,103,104. Therefore, anatomically, the OT could serve as an ideal system to study the formation and 

modulation of stimulus-outcome associations due to the uniquely direct interface of sensory information 

and reward signaling 18,31,33,102,104,105. 

Functionally, the OT is thought to be crucial in transforming olfactory information into 

behaviorally relevant neural codes. Research has indicated that the firing rates of OT neurons correlate with 

the valence of conditioned odors21,30, suggesting their potential role in guiding valence-dependent 

behaviors. The OT has been highly implicated in motivation and reward processing. Administering cocaine 

directly into the OT can induce rewarding effects that surpass those seen in regions traditionally associated 

with reward, like the NAc and the ventral pallidum19,95. Colleagues in the Murthy lab have identified that 

odor responses in the OT are modulated by the prediction of reward or punishment regardless of odor 

identity22,23, and many literatures reported that neurons in OT encode odor valence16,23,28,105,106. Furthermore, 

the odor responses are highly plastic105, allowing the valence representation to be rapidly updated in 

different circumstances.  

Despite evidence suggesting that OT neurons encode odor valence and demonstrate plasticity in 

their responses, the precise mechanisms by which these neurons encode odor-reward contingency or pairing 

are not yet fully understood. This gap in knowledge formed the basis of the current study in Chapter 2, 

which aimed to investigate the role of OT neurons in associative learning, particularly during the 

contingency degradation process. The hypothesis driving this research is that OT neurons are sensitive to 
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reward contingency and will bidirectionally alter their responses to reward-predicting odor cues following 

contingency degradation. In addition, as D1- and D2-type SPNs have been found to differ in many aspects 

(e.g., ligand affinity, signaling pathways, projection patterns, and neural plasticity rules), it is important to 

understand the in vivo dynamics of how these two distinct neural populations exhibit plastic changes in 

contingency learning tasks. 

 

Summary 

In Chapter I, I examined the behavior and dopamine signals in the VS in mice performing 

Pavlovian conditioning tasks while manipulating stimulus-outcome contingencies. I will show that TD 

learning models can comprehensively explain dopamine signals. Furthermore, I will demonstrate that 

dopamine signals primarily reflected prospective stimulus-outcome relationships and strongly violated 

predictions of the recently proposed ANCCR model. Our results advanced our understanding of 

fundamental processes underlying associative learning and dopamine signals in the ventral striatum. 

In Chapter II, I employed two-photon microscopy to monitor how OT D1- and D2-type spiny 

neurons’ activities evolve in reward-based learning, in particular, during Pavlovian contingency 

degradation tasks used in Chapter I. This study aimed to better understand the OT’s role in sensory valence 

encoding during contingency learning. By investigating the neural activity of OT neurons in a contingency 

degradation task, this research seeks to uncover the intricate mechanisms through which the OT contributes 

to the encoding and updating of odor-reward associations. 
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Chapter I. Dopaminergic responses are sensitive to stimulus-outcome 

contingencies: computational accounts based on temporal difference learning 

models 

 

Introduction 

The ability to discern predictive relationships between different events is crucial for adaptive behaviors. 

Early investigations into animal learning revealed that mere contiguity between two events (“pairing”) is 

insufficient for establishing enduring associations. To understand this, consider Pavlovian conditioning, 

where an initially neutral cue (conditioned stimulus, CS) is paired with an outcome (unconditioned 

stimulus, US), such as an electrical shock. Through repeated pairings, animals learn to anticipate the 
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outcome in response to the presentation of just the CS, leading to heightened conditioned responses (e.g., 

freezing). Now, consider a scenario where the same number of pairings takes place, yet additional shocks 

occur in the absence of the CS, such that shocks happen with equal likelihood whether or not the CS is 

present. In such conditions, animals fail to display conditioned responses55,107. Moreover, when a CS 

predicts a decrease in the likelihood of the US, conditioned responses are reduced. Based on these 

experiments, Rescorla postulated that conditioning depends not on the contiguity between the CS and the 

US but rather on contingency – the degree to which the CS indicates an increase or decrease in the likelihood 

of the US occurring.  

Contingency indicates conditional relationships between different events and is thought to be an important 

quantity not only in conditioning, but also in causal inference in statistics and artificial intelligence. What 

is a good measure of contingency, however, remains to be clarified43–46. One commonly adopted definition 

in psychology and causal inference is ∆𝑃, the difference in the probability of one event occurring in the 

presence or absence of another6,47–49. In Pavlovian settings with trial-like structures, such as the present 

study, ∆𝑃  can be expressed as ∆𝑃 = 𝑃(𝑈𝑆|𝐶𝑆+) − 𝑃(𝑈𝑆|𝐶𝑆−) , where 'CS+' and 'CS-' signify the 

presence and absence of a CS, respectively. While mere association does not inherently imply causality, 

these associations can give rise to perceived causal relationships, and it has been shown that the contingency 

( ∆𝑃 ) correlates with its strength45,49,108. Although ΔP provides a simple definition, its application 

necessitates a trial-like structure or defined time intervals within which the probabilities of events such as 

CS and US can be determined46,109,110. Likewise, some behavioral observations cannot be explained by 𝛥𝑃, 

leading some to argue against the usefulness of contingency in explaining behavior52. As a result, efforts 

have been made to better define contingency 43–46. 

Following Rescorla’s experiments discussed above, further experiments highlighted the crucial role of 

surprise in the establishment of associations. To account for this, Rescorla and Wagner (1972) postulated 

that conditioning is driven by the discrepancy between the actual and predicted outcome (prediction error)37. 

Importantly, this contiguity-based model can explain the contingency degradation experiments described 

above, assuming that the context acts as another CS, which competes with the primary CS37. While this 
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“cue-competition” account is attractive, and potentially replaces the classic contingency-based account, the 

validity of the cue-competition model remains contested 37,65,111–113.  

Like 𝛥𝑃, the Rescorla-Wagner model also assumes a trial-based structure, as it does not consider the timing 

of events either within or outside a trial. To address this limitation, Sutton and Barto developed the temporal 

difference (TD) learning algorithm, now a fundamental algorithm in reinforcement learning (RL)13,114, as a 

prediction error-based model of associative learning69. TD learning as a model of associative learning in 

animals finds support in the striking resemblance observed between the activity of midbrain dopamine 

neurons and the prediction error (TD error) used in TD learning algorithms80,115–117.  

Despite the success of TD learning models in accounting for both associative learning and dopamine 

signals115,118, TD models has received various challenges from alternative models. For instance, a recent 

study81 proposed an alternative model for associative learning and dopamine, called an adjusted net 

contingency for causal relations (ANCCR) model. As the name implies, the ANCCR model posits 

contingency as a key driver of associative learning and causal inference. Conventional definitions of 

contingency as well as TD learning models rely on “prospective” predictive relationships between cues and 

outcomes, i.e. 𝑃(𝑈𝑆|𝐶𝑆) . By contrast in the ANCCR model, learning is driven by “retrospective” 

relationships, that is the probability of a stimulus (CS) given the outcome (US), or 𝑃(𝐶𝑆|𝑈𝑆). The authors 

argued that ANCCR implements causal inference, and that dopamine signals convey a signal for causal 

learning (the “adjusted net contingency”), not TD errors. Evidence supporting these ideas came from their 

experiments in examining dopamine signals in mice81 and rats119 during Pavlovian tasks in which 

contingency was manipulated. The validity of ANCCR, as well as interpretations of the data presented in 

these studies, await further examination. 

The concept of contingency lies at the heart of learning predictive relationships. Recent work81,120 has raised 

the novel question of whether associations are learned looking forward (prospectively) or looking backward 

(retrospectively), and how dopamine is involved in these processes46,81. Yet how contingency affects 

dopamine signals and behavior, as well as how dopamine signals relate to causal inference, remains to be 

determined. To address these questions, we examined behavior and dopamine signals in the ventral striatum 
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(VS) in mice performing Pavlovian conditioning tasks while manipulating stimulus-outcome contingencies. 

We show that, contrary to previous claims81,119, dopamine signals could be comprehensively explained by 

TD learning models. Furthermore, we found that dopamine signals primarily reflected prospective stimulus-

outcome relationships, and strongly violated predictions of the ANCCR model. We then discuss a 

conceptual framework for how dopamine signals can be related to contingency and causal inference. 

 

Results 

Contingency degradation attenuates Pavlovian conditioned responding 

To study the effects of contingency in a Pavlovian setting, we developed a task for head-fixed mice 

in which odor cues predicted a stochastic reward (Fig. 1a, b, c). All mice (n = 29), after being water 

restricted, were first trained on one reward-predicting odor (Odor A) that predicted a reward (9 µL water) 

with 75% probability and one odor (Odor B) that indicated no reward. In this phase (Phase 1), Odor A trials 

accounted for 40% of trials, Odor B for 20%, with the remaining 40% being blank trials, in which neither 

odor nor reward was delivered.  

In Phase 1, Odor A has positive stimulus outcome contingency, being predictive of reward (R; Fig. 

1c). This can be quantified using the commonly applied ∆P definition of contingency: e.g., ∆P(A)=P(R|A+)-

P(R|A-) = 0.75 in Phase 1. Conversely, Odor B has a negative stimulus outcome contingency: 

∆P(B)=P(R|B+)-P(R|B-) = -0.375. Consistent with these contingencies, all animals developed anticipatory 

licking to Odor A, but not Odor B, within five training sessions (Fig. 1e).  

In Phase 2, animals were split into groups (Fig. 1a). The first group (‘Cond’, n = 6) continued being 

trained on the identical conditioning task from Phase 1. With no change in contingency, the behavior did 

not significantly change in a further five sessions of training (Fig. 1d, e).  

The second group (‘Deg’, n = 11) experience contingency degradation. To reduce the contingency 

of A, either P(R|A+) can be decreased or P(R|A-) can be increased. The effects of reward probability on 

responding and dopamine have been well-studied and explained previously. Thus, we increased P(R|A-) by 
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introducing uncued rewards, an experimental design termed ‘contingency degradation’. From Phase 1, 

blank trials were replaced with ‘background water’ trials in which a reward was delivered on 75% of these 

trials. In this condition, P(R|A+) remains unchanged at 0.75, while P(R|A-) increases to 0.5 (2 out of every 

3 non-odor A trials are background water trials, of which 75% are rewarded thus P(R|A-)= 2/3×0.75=0.5). 

As a result, ∆P(A) is reduced to 0.25. Concomitant with this decreased contingency, the anticipatory licking 

to Odor A decreased across the five sessions of Phase 2 in the Deg group (t11 = -4.78, P = 0.00074, paired 

t-test). Moreover, Deg group animals increased licking during the inter-trial intervals (ITIs, t11 = 3.34, P = 

0.0074, paired t-test), potentially reflecting an increased baseline reward expectation. Additionally, the Deg 

group exhibited longer latencies to initiate licking and an increase in trials where mice did not lick before 

water delivery in Odor A trials (Fig. 2c, d, g, h). 

 

Figure 1 | Dynamic changes in lick response to olfactory cues across different phases of Pavlovian contingency 

learning task. 

(a)  Experimental design. Three groups of mice were subjected to four unique conditions of contingency learning. All 
animals underwent Phases 1 and 2. Deg group additionally Phases 3-5.  
(b)  Trial timing. 
(c)  Trial parameters by condition. In Conditioning, Degradation, and Cued Reward, Odor A predicts a 75% chance 
of reward (9 µL water) delivery, and Odor B indicates no reward. In Degradation, blank trials were replaced with 
uncued rewards (75% reward probability). In Cued Reward, these additional rewards were cued by Odor C. In 
Extinction, no rewards were delivered. 
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(d)  PSTH of the average licking response of mice in three groups to the onset of Odor A and Odor B from the last 
session of Phase 1 (session 5) and Phase 2 (session 10). The shaded area is the standard error of the mean (SEM). 
Notably, the decreased licking response during ISI and increased during ITI in the Deg group. (green, Cond group, n 
= 6; orange, Deg group, n = 11; purple, CuedRew group, n = 12 mice).  
(e)  Average lick rate in 3s post-cue (Odor A or B) by session. Error bars represent SEM.  
(f)  Average lick rate in 3s post Odor A in the final session of each condition. Asterisks denote statistical significance: 
ns, P > 0.05; **, P < 0.01, Student's t-test, indicating a significant change in licking behavior to Odor A in Deg group 
across sessions. 
 

The decrease in anticipatory licking, rather than reflecting the decreased contingency, could reflect 

satiety effects as animals in the Deg group receive twice as many rewards per session as the Cond group. 

We do not believe satiety explains this effect for at least two reasons: (1) all animals still received and drank 

about 1 ml supplementary water after each session, and (2) in all but the first degradation session, 

anticipatory licking was diminished compared to Cond controls in early trials (Fig. 2e).  

Nevertheless, a third group (‘CuedRew’) was included as a control for satiety effects. This group received 

identical rewards to the Deg group, but rather than delivering uncued rewards during the previously blank 

trials, these rewards were delivered following a third odor (Odor C). Unlike animals in the Deg group, 

animals in the CuedRew group did not decrease anticipatory licking to A. Furthermore, anticipatory licking, 

background licking and licking latency were similar to the Cond group (Fig. 1d, e; Fig. 2).  

Using the ∆P definition of contingency, ∆P(A) is 0.25 in this condition, for identical reasoning as 

the Deg group. This indicates that the ∆𝑃 definition of contingency cannot be the sole determinant of 

conditioned responding (Fig. 1c). This phenomenon has been previously noted in the behavioral responses 

in conditioning tasks during contingency degradation. This is not resolved by considering a retrospective 

definition of contingency. Consider ∆𝑃*+!*,(𝐴) = 𝑃(𝐴 + |𝑅) − 𝑃(𝐴 − |𝑅) in both the CuedRew and Deg 

groups, this quantity is identical, with Odor A preceding the reward 50% of the time in both conditions.   

In the subsequent stage of our investigation (Phase 3; 'Recovery 1'), we reinstated the original 

conditioning parameters for the Deg group, which increased the contingency back to 0.75 for Odor A, 

yielding an immediate recovery of the level of anticipatory licking (Fig. 2i). 

To compare the behavior and neural correlates of contingency, we also introduced an Extinction 

phase (Phase 4) to the Deg group. In this phase, no reward was ever delivered following either odor cue. 
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Over three sessions, anticipatory licking to Odor A gradually waned. Finally, during a second recovery 

phase (Phase 5; Recovery 2), the anticipatory response to Odor A was effectively reinstated (Figure. 2i).  

Notably, apart from the Extinction phase, the probability of a reward following Odor A was 

constant at P(R|A) = 0.75 throughout the experiment while behavior changes notably. Clearly, the contrast 

against the probability of reward in the absence of cue is an important consideration with the marked 

changes during contingency degradation. However, the Cued Reward controls showed it is not as 

straightforward as the contrast between the absence and presence of a cue. 
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Figure 2 | Population average behavior per session 

(a, b, c, d) Comparative bar graphs comparing the average number of licks to Odor A during the first 3s post-stimulus 
(a) and during ITI (b), latency to lick (c), and fraction correct (d) in the final sessions of phase 1 and phase 2 for Deg, 
Cond, and CuedRew groups. Error bars represent SEM. Asterisks denote statistical significance: ns p > 0.05, **p < 
0.01, paired Student's t-test 
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(e) Session-wise variation in anticipatory licking for Odor A trials, broken down into early, middle, and late blocks, 
for all groups. 
(f, g, h) Line graphs showing the average number of licks to Odor A (colored) during ITI (g), latency to lick after Odor 
A and fraction correct in Odor A trials for each session in the Conditioning, Degradation, and Cued Reward phase 
(Deg group – orange, n = 11; Cond group – green, n = 6; CuedRew – purple, n=12 mice).  
(i) Anticipatory licking rate in Odor A trials (colored) and in Odor B trials (grey) across multiple phases: Conditioning 
(Phase I), Degradation (Phase II), Recovery (Phase III), Extinction (Phase IV), and post-Extinction Recovery (Phase 
V). 
(j) Anticipatory licking to Odor C develops quickly compared to Odor A, potentially reflecting generalization(j) 
(k, l)  PSTH shows the average licking response of mice in Deg group (k) and CuedRew group (l) to the various 
events. The response is time-locked to the odor presentation (time 0). The shaded area indicates the standard error of 
the mean (SEM).  
 

Contingency degradation attenuates dopaminergic cue responses 

Given the well-documented role of dopamine in associative learning, we sought to characterize the 

activity of dopamine neurons in our Pavlovian contingency manipulation task. We monitored axonal 

calcium signals of dopamine neurons using a multi-fiber fluorometry system121 with optical fibers targeting 

6 locations within the ventral striatum (VS), including the nucleus accumbens (NAc, medial and lateral) 

and the olfactory tubercle (OT, 4 locations; Fig. 3a, b). Recordings were made only in the Deg and CuedRew 

groups, with the final session of Phase 1 used as the within animal conditioning control. To ensure similar 

levels of calcium sensor expression across the six recording locations, we employed a transgenic approach 

by crossing a transgenic mouse line expressing the Cre recombinase in dopamine neurons (DAT-Cre)122 

and a reporter line that expresses a calcium sensor GCaMP6f in a Cre-dependent manner (Ai148)123. Fiber 

locations were verified using post-mortem histology (see Methods for exclusion criteria, Fig. 3b). All results 

presented in the main text are from the lateral nucleus accumbens (lNAc), where TD error-like dopamine 

signals have been observed most consistently14, though the main findings are consistent across all locations 

(minimum cosine similarity to lNAc: 0.92).  

During Phase 1 (initial conditioning) dopamine axons in lNAc initially responded strongly to water 

and weakly to Odor A (Fig. 3c, d). As learning progressed, the response to water gradually decreased, while 

the response to Odor A increased over the course of 5 sessions (t13 = 4.81, P = 0.0004, paired t-test, cue 

response first vs. last session Phase 1), broadly consistent with previous reports of odor-conditioning on 

stochastic rewards79,124.  
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a) Configuration of multifiber photometry 
recordings. Coronal section from one DAT::cre x 
Ai148 mouse showing tracts for multiple fibers in 
the VS. Data recorded from lNAc is used in the 
following analysis. lNAc, Lateral nucleus 
accumbens; mNAc, Medial NAc; a lot, anterior 
lateral olfactory tubercle; plot, posterior lateral 
OT; amOT, anterior medial OT; pmOT, posterior 
medial OT. 
b) Heatmap from two example mice (mouse 1, 
left two panels, mouse 2, right panel) illustrating 
the z-scored dopamine axonal signals in Odor A 
rewarded trials (rows), aligned to the onset of 
Odor A for three conditions. 
c) Population average z-scored dopamine 
axonal signals in response to Odor A and water 
delivery. Shaded areas represent SEM. 
d) Mean peak dopamine axonal signal (z-
scored) of Odor A response by sessions for the 
Deg group (orange) and the CuedRew group 
(purple). Error bars are SEM. *, P < 0.05; ***, P 
< 0.001, Welch's t-test. 
e) Mean peak dopamine axonal signal (z-
scored) for the last session in Phase 1 
(Conditioning) and 2 (Degradation and Cued 
Reward) for both Deg and CuedRew groups. 
Error bars represent SEM. ns, P >0.05; ***, P < 
0.001, Welch's t-test. 
 

During contingency degradation (Deg group, 

Phase 2), the response to Odor A decreased 

across sessions (t8 = -11.50, P = 8.4 ×10-6, 

paired t-test, cue response, session 6 versus 

10) consistent with the changes in 

anticipatory licking and other recent reports of dopamine during contingency degradation6,81,119 (Fig. 3e, f). 

However, in the Cued Reward condition (CuedRew group, Phase 2), the response to Odor A did not 

decrease compared to the Phase 1 response (t5 = -1.12, P = 0.32, paired t-test, cue response, session 6 versus 

Figure 3 | Dopamine axonal activity recordings 

show different responses to rewarding cues in 

Degradation and Cued Reward condition 
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10), aligning with the behavioral results but conflicting with the idea that dopamine neurons encode 

contingency, at least so far as defined by ∆P. 

In the additional phases (3-5) in the Deg group, dopamine also mirrored behavior: the response to 

Odor A quickly recovered in Recovery 1 (Phase 3), decreased during Extinction (Phase 4) and recovered 

again during Recovery 2 (Phase 5; Fig. 4a). These results showed that dopamine cue responses track the 

stimulus-outcome contingency in our Pavlovian contingency degradation and extinction paradigms 

although they deviated from the contingency in the CuedRew group, yet in all groups and phases, dopamine 

tracked the anticipatory licking.  

 

(a) Mean peak dopamine axonal 
signal (z-scored) of cue response 
(orange) and reward response (cyan) 
in Odor A rewarded trial by sessions 
for the Deg group across multiple 
phases: Conditioning (Phase I), 
Degradation (Phase II), Recovery 
(Phase III), Extinction (Phase IV), 
and post-Extinction Recovery (Phase 
V). Error bars are SEM.  
(b) Mean peak dopamine axonal 
signal (z-scored) of reward response 
in Odor A trials by sessions for the 
Deg group (orange) and the 
CuedRew group (purple). Error bars 
are SEM. ns P < 0.05, **P < 0.001, 
Student's t-test . 
(c) Mean peak dopamine axonal 
signal (z-scored) for the last session 
in Phase 1 and 2 for both Deg and 
CuedRew groups. Error bars 
represent SEM. ns, P >0.05; ***, P < 
0.001, paired t-test. 
(d, e, f) Mean peak dopamine axonal 
signal (z-scored) across sessions for 

four distinct conditions, represented for various events.  
 
TD learning models can explain dopamine responses in contingency degradation 

In both behavior and dopamine, the responses are not fully explained by contingency: there were 

diminished responses during contingency degradation, but not when the additional rewards are cued. Given 

Figure 4 | Population Average 

Dopamine Response per session 
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the match between dopamine responses and behavior, rather than consider new definitions of contingency, 

we sought to test if temporal difference (TD) models, which so far have been highly successful in 

accounting for dopamine activity, are able to explain the discrepancies from the contingency account.  

Dopamine neurons are thought to convey TD errors, denoted by 𝛿 and defined by the equation: 

𝛿! = 𝑟! + 𝛾𝑉(𝑠!"#) − 𝑉(𝑠!), with 𝑟!  representing reward at time 𝑡 , 𝑠!  representing the state at time 𝑡 ,  

𝑉(𝑠!) is the value at state 𝑠!, and 𝛾	is the temporal discount factor (0 < 𝛾 < 1). Value 𝑉(𝑠!) is defined as 

the expected sum of all future rewards starting from time 𝑡, with each future reward discounted by the factor 

𝛾 at each time step. The role of the TD error in learning is to iteratively refine the value estimate (Fig. 5a), 

ultimately guiding behavior.  

The response to Odor A differed most between our three test conditions (Conditioning, 

Degradation, Cued Reward) and thus our modeling efforts initially focused on explaining these changes. 

Noting there was no reward at the time of Odor A, by the definition of TD error, the response to Odor A is 

𝛾𝑉(𝑠!"#) − 𝑉(𝑠!), the difference between the value in the state immediately after Odor A (ISI) and the 

value in the state immediately before Odor A (pre-Odor ITI).  

Previous studies have indicated whether dopamine responses as well as behaviors can be explained 

by TD learning models critically depends on what types of state representations are used125–128. We therefore 

tested TD(0) learning models (Fig 5a) equipped with four different types of state representations (Fig 5c).  

In the original application of TD models to dopamine activity, only the interval between a CS and 

a US, i.e. inter-stimulus interval (ISI), was considered and was represented using a ‘complete serial 

compound’ (CSC) representation, sometimes known as a tapped delay line10,72,129. In this construction, a 

presentation of a stimulus triggers a sequential activation of sub-states 𝑥! =	 {𝑥!(1), 𝑥!(2),⋯ }, each of 

which represents a time step after the stimulus (Fig. 5c). At any given time after the stimulus, only one sub-

state is active. The value estimate 𝑉A(𝑠!) is then computed as the weighted sum of these substates 𝑉A(𝑠!) =

	∑ 𝑤-- 𝑥!(𝑗), which in CSC reduces to be the weight of the active substate.  
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While this ISI-only CSC state representation is successful in explaining many properties of the 

dopamine response to conditioned stimuli, it fails to predict the result of our experiments. As the ISI period 

is identical between conditions and there is no representation of the ITI period, the TD error for Odor A is 

unchanged between conditions (Fig. 5f).  

An extension of this ISI-only model, is to model the ISI and ITI using CSC, resetting with each 

odor. We attempted this model (CSC with ITI states model), which while it predicts a decrease for 

Degradation, it also predicts a decrease in the Cued Reward condition (Fig. 5f), conflicting with our result. 

Consecutive states locked to odors make it difficult to learn as the particular state immediately before Odor 

A will be different in almost every trial, given the randomness introduced by the variable ITI length and 

the random presentation of odors.  

Rather than represent the ITI with many consecutive states, it is possible to represent it a single 

state. This model, which we term Cue-Context model, is functionally similar to the previously developed 

cue competition model35,54. Our Cue-Context model extends the original CSC model with a state that is 

constantly on (the ‘context’) during both the ISI and ITI (Fig. 5b). This model successfully predicts the 

pattern of experimental results we observed, with a decrease in the Odor A response during Degradation 

and a smaller decrease during Cued Reward (Fig. 5f). This can be understood as the context acquiring value, 

lesser in the Cued Reward condition because the increased value (more rewards) is attributed to both the 

context and the new odor compared the Degradation condition, where the increased value is attributed fully 

to the context. By increasing the context and thus value during the ITI, the TD error at Odor A is diminished. 

While this produces the qualitatively correct pattern of result, only with a temporal discount factor that is 

well-below reported values130–133 does it produce the quantitatively correct pattern (Fig. 6).  
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Figure 5 | TD learning models can explain dopamine responses in contingency degradation with appropriate 

ITI representation 

a) Temporal Difference Zero, TD(0), model – The state representation determines value. The difference in value 
between the current and gamma-discounted future state plus the reward determines the reward prediction 
error or dopamine. This error drives updates in the weights. 

b) Belief-State Model: After the ISI, the animal is in the Wait state, transitioning to the pre-transition (‘Pre’) 
state with fixed probability p. Animals only leave Pre state following the observation of odor or reward.  

c) State representations: from the left, Complete Serial Compound (CSC) with no ITI representation, CSC with 
ITI states, Cue-Context model, and the Belief-State model. 

d) Value in Odor A trials of each state representation using TD(0) for Conditioning and Degradation conditions 
e) TD error is the difference in value plus the reward. 
f) Mean normalized TD error of Odor A response from 25 simulated experiments. Error bars are SD. 

 

We therefore considered whether further information about the experimental design could be used 

to refine the state representation. Inspired by previous work showing that dopamine neurons use hidden 

state inference in a task with stochastically timed rewards134,135, we considered the ITI as being represented 

by the belief between two states (Belief-State TD model; Fig. 5b). These states we term, the ‘Wait’ state, 

which reflects early ITI, a minimum fixed amount of waiting period in which there is no chance of an 
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uncued reward or odor being delivered, and the ‘pre-transition’ (Pre) state, in which there is an imminent 

chance of reward or odor being delivered. The transition and observation matrix, which are used to compute 

the belief between each state, were derived from the experimental settings and assume a fixed probability 

of transition from the Wait to Pre state, modeling a growing anticipation of the next trial beginning. Using 

this state representation improved the quantitative accuracy of the model for a given γ versus the Cue-

Context and accurately predicting the experimental data at our chosen γ (Fig 5f., Fig. 6), a γ which is 

consistent with previously reported results 130–133.  

 

 

Figure 6 | Discount factor determines modeled contingency degradation effect size 

Influence of discount factor (γ) on relative predicted odor A response relative to Conditioning (a) or absolute (b), 
where reward size = 1 for four models presented in Figure 5. The bottom right scale shows the discount factor 
converted to step size (0.2s); other axes use per second discount. The tested range is 0.5-0.975 discount per 0.2s in 
0.025 steps.  
 

To test which of these two models  - Cue-Context and Belief-State - best describes the state 

representation driving dopamine responses and behavior, we focused our analysis on the ITI period: 

whereas the Cue-Context representation models the ITI as a single, homogenous state (the context),  the 



 
28 

 

 

Belief-State model captures temporal heterogeneity by modeling it as the gradual transition between two 

states – capturing a growing anticipation of the next trial or reward (Fig. 7a).  

In Pavlovian settings, anticipatory licking (as opposed to consummatory licking) has been used as 

a measure of current value – for example, animals will lick more to cues that predict greater rewards136. 

Odor B provides an opportune moment to examine whether the ITI is a heterogenous interval. This is 

because Odor B predicts no reward within the current trial (and thus no consummatory licking) but also 

provides further information that no odor or uncued reward will be delivered for the length of one trial. In 

this way, Odor B provides 100% certainty to the animal they are in the ‘Wait’ state. Consistent with this 

understanding of the task structure, the delivery of Odor B during the Degradation condition prompted 

animals to stop licking. Both the Cue-Context and Belief-State models capture this effect. The crucial 

difference is how the lick rate recovers. In the Cue-Context model, ITI value is related to a single state, 

which without reward, decreases at the rate of α (learning rate). In our Belief-State model, value continually 

increases (Fig. 7c) across the entire ITI, as the increased belief that the next trial is imminent increases 

continuously. We find the lick pattern following Odor B matches the pattern of the belief state model and 

not the Cue-Context model, with a sudden decrease in licking followed by a gradual increase in the 

Degradation condition that is unrelated to the ISI length (Fig. 7c, summarized in Fig. 7d).  

This pattern of licking behavior also suggests that the animals do not develop more complex models 

of timing. Odor B predicts approximately ten seconds with no reward. An ideal agent would not lick during 

this time, waiting until the transition to an uncued reward is possible. The mice instead begin resume licking 

within 2-3 seconds of Odor B delivery, with the lick rate increasing over several seconds.  
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Figure 7 | Belief-State model, but not Cue-Context model, explains variance in behavior and dopamine 

responses 

a) Cue-Context model and Belief-State model differ in their representation of the ITI. 
b) Odor B predicts no reward and at least 10 s before the start of the next trial. 
c) Odor B induces a reduction in licking, particularly in the Degradation condition, which matches the pattern 

of value in the Belief-State model better than the Cue-Context model. 
d) Quantified licks (top) from experimental data in early (3.5-5s) and late (7-8s) post cue period. Error bars are 

SEM, *, P < 0.05, paired t-test. Value from Cue-Context and Belief-State model for the same time period, 
error bars are SD.  

e) If licking is taken as a readout of value, then ITI licking should be inversely correlated with dopamine.  
f) Per animal linear regression of Odor A dopamine response (z-score axonal calcium) on lick rate in 2s before 

cue delivery.  
g) Summarized slope coefficients from experimental data (left) and models (right). Boxplot shows median and 

IQR, one sample t-test. 
 

While the value from the model explains the time course of licking following Odor B, this account 

does not, by itself, explain the decrease in anticipatory licking in response to Odor A (Fig. 1d). This 

decreased responding is a consistent feature of contingency degradation6. It however can be explained if 

considered a problem of optimizing a fixed amount of effort over a session. If each lick carries a small, 

fixed effort cost, a rational agent will lick proportional to the total amount of rewards. Indeed, the number 

of anticipatory licks (all licks excluding the 2 seconds immediately after rewards) are roughly proportional 
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to the number of rewards, being approximately double in the CuedRew and Deg conditions (Fig. 8a). A 

reasonable way to allocate these fixed licks is using the relative value at a given time point. Thus, the 

increased ITI value and fixed ISI value can explain the reallocation of licking from the ISI to the ITI in the 

Degradation condition and thus the decreased responding (Fig. 8b-d). 

Having shown the lick rate is explained by the changing value in the Belief-State model, we wished 

to test whether this could be used to explain trial-by-trial variance in the dopamine response. Continuing 

with the assumption that licking is a moment-by-moment measure of value, our Belief-State model predicts 

there should be an inverse correlation between the pre-odor lick rate and the Odor A dopamine response. 

To test this, we correlated the number of licks in the two seconds before the cue to the Odor A response on 

a trial-by-trial basis, regressing a linear model independently for each mouse pooling the last two sessions 

of each condition under the assumption that the task was well-learnt in these sessions.  

 

(a) Mean non-consummatory lick rate 
normalized to the Conditioning phase, 
suggesting that the Degradation and Cued 
Reward conditions elicit approximately 
twice the lick rate of the Conditioning 
condition, and thus proportional to the total 
reward quantity. Consummatory licks were 
considered any licks occurring in the 2 
seconds following reward delivery.  
(b) Summary of lick rate changes 
relative to the Conditioning phase during the 
inter-trial interval (ITI) and the inter-
stimulus interval (ISI).  
(c) Average relative value (current 
value/session total value, scaled by total 
reward) during odor A trial.  
(d) Experimental data showing the 
actual lick rates recorded during Odor A 

unrewarded trials, compared over time, which aligns with the assumptions and predictions made in a, b, and 
c. 

 

Figure 8 | Relative value explains 

decreased anticipatory licking during ISI 

during contingency degradation 
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Only in the Degradation condition was there a significant negative correlation between the lick-

rate and the Odor A response for the population (Fig. 7f, g). This can be explained by the Belief-State 

model, as ITI value varies depending on the length of the ITI but cannot be explained by the Cue-Context 

model, in which ITI value is fixed (Fig. 7g). The modeling suggests that the lack of a significant trend in 

the remaining two conditions is due to the lower variance in value in the pre-cue period, with an average of 

0.28 ± 0.87 and 0.46 ± 1.11 licks (mean ± s.d.) in the 2 second pre cue period in Cond and CuedRew 

respectively (versus 1.51 ± 1.52 in Deg), leading to underpowered analysis.  

In summary, the ITI state representation is essential to explaining the relative effects of contingency 

degradation and additional cued rewards on the Odor A response. Complex ITI representations, such as 

CSC, are inefficient, whereas modeling it as a single state (Cue-Context), does not capture the heterogeneity 

of the ITI. Our Belief-State model, representing the ITI using two states, is sufficient to explain the 

experimental results. Intuitively, by capturing more information about the task, this model allows for more 

efficient learning than the considered alternatives.  

 

Other aspects of dopamine responses and model predictions 

Having identified a sufficient model, we next examined how well this model matched the other 

experimental results.  Figure 9a visualizes the value as predicted by the Belief-State model across four 

conditions tested (Conditioning, including Recovery; Degradation, Cued Reward and Extinction). In the 

Odor A rewarded trial, the value during the ISI remained unchanged in the first three conditions, 

significantly decreased in Extinction, closely mirroring the (prospective) reward probability (P(R|A)). For 

the reasons discussed above, the pre-ISI period, reflecting the pre-transition state (‘Pre’), showed a modest 

increase in the Cued Reward case and a significant rise in the Degradation condition. The TD errors upon 

Odor A presentation, reflective of the difference in value between Pre state and the first ISI substate, 

diminished in both Degradation and Extinction. In both these conditions, contingency is reduced by 

increasing P(R|A-) and decreasing P(R|A), respectively137. Notably, our model suggested two distinct 

mechanisms underlying these two processes: an increase in Pre state value in Degradation and a decrease 
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in ISI value in Extinction (Fig. 9c). Our Belief-State TD learning model well-matched the experimental 

results (Fig. 9b, d), including the previously Extinction, which we did not examine when constructing the 

model. 

 

Figure 9 | Belief-State model’s prediction recapitulate the other experimental data 

a) Plots averaged from one representative simulation of Odor A rewarded trial (n = 4,000 simulated trials) for 
four distinct conditions using the Belief-State model. Graphs are for the corresponding value function (left) 
and TD error (right) of cue response for Odor A rewarded trials.  

b) Signals from dopamine axons (mean) across multiple sessions of each condition (left). Mean peak dopamine 
axonal calcium signal (z-scored) for the first to last session in Phase 2 for four contingency conditions (right). 
Error bars represent SEM. ns, P >0.05; **, P < 0.01, Student’s paired t-test. The Belief-State model captures 
the modulation of Odor A dopamine response in all conditions. 

c) Degradation, Cued Reward and Extinction conditions differ in how their ITI and ISI values change compared 
to the Conditioning phase. 
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d) Mean peak TD error by Belief-State model and dopamine axonal signal (z-scored) to Odor A for four distinct 
conditions. Error bars represent SEM. ns, P > 0.05; *, P < 0.05; ***, P < 0.001, Welch’s t-test. The model’s 
prediction captured the pattern in the dopamine data well. 

e) Averaged traces from a representative simulation of the Odor B trial (n = 4,000 simulated trials) across four 
distinct conditions using the Belief-State model. Graphs are for the value function and TD errors of cue 
response for Odor B trials.  

f) Z-scored dopamine axonal signals to Odor B quantified from the red-shaded area to quantify the later 
response only. The bar graph (left) shows the mean z-scored Odor B AUC from 0.25s-1s response from the 
last session of each condition. Error bars are SEM. * P < 0.05; ***, P < 0.001, Welch’s t-test. The line graph 
(right) shows the mean z-scored AUC over multiple sessions for each condition. Statistical analysis was 
performed on data from the first and last sessions of these conditions. Error bars are SEM. 

 

We next examined how well this model matched all other experimental results. As the model 

predicted, the other distinct difference between degradation and extinction will be that degradation affects 

TD error for all cues due to changes in the Pre state value, while extinction impacts only the specific cue 

undergoing extinction. According to this prediction, we examined the Odor B trials. In the Belief-State 

model, Odor B is a transition from the Pre to Wait state and thus the TD error is the difference between 

these two state values. Therefore, we anticipated the most negative response in the Deg group, owing to a 

higher Pre state value, and relatively unchanged ‘Wait’ value. We also expected an unchanged response in 

Extinction in comparison to Conditioning. Experimentally, the response to Odor B was biphasic, featuring 

an initial positive response followed by a later negative response. Such a biphasic response has been 

previously noted, with general agreement that the second phase is correlated with value138. By quantifying 

just the later response (250ms-1s window), there was a close match between the model and the data for 

Odor B response (Fig. 9e, f).  

The Belief-State model shows that TD errors at reward omission are based on the difference 

between the final ISI substate and Wait state values. The Wait state value, generally lower than the Pre state 

value, has minor changes across conditions. This results in consistent TD errors at reward omission across 

Conditioning, Degradation, and Cued Reward conditions due to similar ISI values, but a significant 

reduction in Extinction due to a lower ISI value, which highly aligned with experimental results (Fig. 10). 

TD errors at predicted rewards, reflecting the difference between actual reward and ISI values, exhibit 

minimal changes across Conditioning, Degradation and Cued Reward conditions, which is also consistent 
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with data. We show that the model effectively predicts the patterns in reward omission and anticipated 

rewards.  

 

Figure 10 | Comparison of reward and omission responses between experimental data, Belief-State model and 

value RNN predictions 

(a) Plots averaged from one representative simulation of Odor A rewarded trial (n = 4,000 simulated trials) for 
four distinct conditions using the Belief-State model. Graphs are for the corresponding value function of 
Odor A rewarded trials, with Pre state, ISI state and Wait state annotated. 

(b) Z-scored DA axonal signals to reward omission and predicted reward following Odor A quantified from the 
red shaded area. Line graphs (right) show the mean z-scored response over multiple sessions for each 
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condition. Statistical analysis was performed on data from the first and last sessions of these conditions. Error 
bars are SEM. ns, P > 0.05; **, P < 0.01, paired t-test. 

(c) The predictions of the Belief-State model for reward omission and predicted reward (mean, error bars: SD). 
(d) The experimental data for reward omission and predicted reward (mean, error bars: SEM). ns, P > 0.05; **, 

P < 0.01; ***, P < 0.001, Welch’s  t-test. 
(e) The predictions of the Value RNN models for reward omission and predicted reward (mean, error bars: SD). 
(f) The experimental data, TD error prediction by Belief-State model and Value RNN model for uncued reward 

response in Degradation. While the Belief-State model captured the downward trend in response magnitude, 
none of the three statistical tests showed significant changes. 
 
In total, the above results indicate that the TD model with proper task states can effectively 

recapitulate nearly all aspects of phasic dopamine responses across various trial types and task events. 

 
 
Recurrent neural networks that learn to predict values through TD learning can explain dopamine 

responses 

The models discussed above, while effective, are ‘hand-crafted’ and tuned to the particular task 

setting. While there is evidence that dopamine neurons rely on belief-state inference in computing TD 

error135,139,140, the question of how the brain learns such a state-space is less well understood. Previous work 

has shown that RNNs, trained to estimate value directly from observations (‘value RNNs’), develop belief-

like representations despite not being explicitly trained to do so. This approach substitutes the ‘hand-

crafted’ states for an RNN that is trained using the TD errors (Fig. 11a). 

Here, we applied the same value RNN to our contingency manipulation experiments. We generated 

training sets, consisting only of the odor and reward timings, that matched the three conditions. The RNNs 

were first trained on the Phase 1 Conditioning and then either on the Phase 2 contingency Degradation or 

Cued Reward conditions (Fig. 11b). To simulate animal’s internal timing uncertainty, the reward timing 

was jittered 0.5 seconds on a random selection of trials. Testing sets were then generated for each RNN 

without the jitter, with the value and TD-error readout of these test sets being presented here. RNNs were 

trained with a different number of hidden units, from 5 to 50. 

Following training, RNNs closely matched the experimental results (Fig. 11c). Like the TD models 

used in the above section, the decrease in Odor A response is explained by an increase in the value during 

the ITI period, not a shift in the value during the ISI (example Fig. 11d). 
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We were interested in understanding the inferred state spaces used by the RNN models. To visualize 

this, we applied canonical correlation analysis (CCA)141,142 to the activity of the hidden units. Briefly, in 

each condition, we applied principal component analysis (PCA) to identify the principal components (PCs) 

that explained 80% of the variance (mean number of components = 4.26) then used CCA to project the 

PCAs into a single space. CCA finds linear combinations of each of the PCs that maximally correlate – 

allowing us to identify hidden units encoding the same information in the different RNNs. We then used 

the combination of PCA and CCA to create a map from hidden unit activity to a common state. A decoder 

trained only on this three-dimensional space explained 99.7% of the variance in value.  

In all conditions, without any stimuli, the activity will end up at the fixed point. This can be 

understood as the ITI state. In all conditions, the Odor A trajectory is similar, indicating a shared 

representation of the ISI period (Fig. 11e). Furthermore, in the Cued Reward condition, the Odor C 

trajectory is nearly identical to that of Odor A, potentially reflecting generalization. In the Degradation 

condition, delivering Odor B causes a trajectory that is significantly longer than the other two conditions, 

potentially corresponding to the Wait state. 

We were interested in comparing the state space to our Belief-State model. To do this, we calculated 

the beliefs at each given time point in the simulated experiment and used a linear decoder to measure how 

accurately these beliefs could be decoded from the hidden unit activity. As previously noted41, the unit 

activity became more belief-like with increasing hidden size (Fig. 11f). Notably the decoding performance 

was higher for the Degradation condition at each hidden size. This is explained by the better decoding of 

the Wait state (Fig. 11f, right panel). As evident in the visualized activity in the state spaces, the RNNs 

trained on the Degradation condition developed distinct trajectories in the ITI compared to the other two 

conditions (Fig. 11g), taking a longer period of time to return to the fixed ITI point and following a similar 

pattern regardless of the particular trial type. In all RNNs that predicted Degradation (Odor A Deg < Odor 

A Cond), the Wait state was decodable with a minimum performance of R2=0.57. 

This suggests that it is the delivery of rewards during the ITI that reshapes the state space to be 

heterogeneous, while in the other conditions this is not necessary and thus the ITI has a relatively fixed 
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state space representation. That the RNN can learn a belief-like representation from limited information, 

using only the TD error as feedback, suggests a generalized method by which the brain can construct state 

spaces using TD algorithms.  

 

Figure 11 | Value RNNs recapitulate experimental results using state-spaces akin to hand-crafted belief state 

model 

(a) The Value RNN replaces the hand-crafted state space representation with an RNN that is trained only on the 
observations of cues and rewards. The TD error is used to train the network. 

(b) RNNs were initially trained on simulated Conditioning experiments, before being retrained on either 
Degradation or Cued Reward conditions.  

(c) The predictions of the RNN models (mean, error bars: SD) closely match the experimental results 
(d) Example value, TD error and corresponding average experimental data from a single RNN simulation. 

Notably, decreased degradation Odor A response is explained by increased value in the pre-cue period. 
(e) Hidden neuron activity projected into 3D space using CCA from the same RNNs used in (d). The Odor A 

ISI representation is similar in each of the three conditions, and similar to the Odor C representation. Odor B 
representation is significantly changed in the Degradation condition. 
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(f) Correspondence between RNN state space and Belief-State model. A linear decoder was trained to predict 
beliefs using RNN hidden unit activity. With increasing hidden units, the RNN becoming increasingly belief-
like. The improved performance of the decoder for the Degradation condition is explained by better decoding 
of the Wait state. Better Wait state decoding is explained by altered ITI representation: 

(g) Same RNNs as in (d) and (e), hidden unit activity projected into state-space as (e) for the ITI period only 
reveals ITI representation is significantly different in the Degradation case. 

 

A retrospective learning model, ANCCR, cannot explain the dopamine responses  

While our analysis using the TD learning models with explicit state representations and the value-

RNNs suggest that TD learning models are sufficient to explain our experimental results, we have not yet 

considered whether alternative definitions of contingency would also provide an account of our results. The 

ANCCR (adjusted net contingency for causal relations) is a recently described new model, proposed as an 

alternative account of the TD explanation of dopamine activity (Fig. 12a). The authors have previously 

shown that this model can account for contingency degradation81 and suggested TD accounts could not. 

ANCCR builds upon the authors’ previous observation that the retrospective information (‘which cues 

precede reward?’) can be used to explain animal behavior previously unexplained by prospective 

accounts120. Accordingly, the ANCCR model beings with the calculation of the retrospective contingency, 

using eligibility traces as a principled method to compute contingency in continuous time, rather from trial-

by-trial probabilities. At the time of a reward (or a ‘meaningful event’), the difference between the eligibility 

of cues at the time of reward and the average cue eligibility is computed. This generalizes the trial-based 

definition of ∆P_retro (A) to continuous time. From this retrospective contingency and the average event 

rates, the model proposes the prospective contingencies are inferred using a Bayes-type computation.  

From the prospective and retrospective contingencies, a weighted sum (‘net’) contingency is calculated, by 

learning all pairwise event contingencies, a retrospective map is established. This map can be used to 

calculate the change in expectation of reward for a given event, considering other explanations. It is this 

‘adjusted net contingency’ that ANCCR proposes is represented in the dopamine signal.  

To test the ANCCR model, we used the authors’ published code to model the same 25 simulated 

experiments used in our TD modeling. For this experiment, ANCCR has 12 parameters, at least 6 of which 

have a significant impact on the modeled response. We first tried using the parameters published in Garr et 
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al. (2023) and Jeong et al. (2022), with the Garr parameters being presented, being closer to the 

experimental results. While the ANCCR model accurately predicted a decreased response for Odor A 

during contingency degradation, it predicted a similar response in the Cued Reward condition, conflicting 

with the experimental results (Fig. 12b). We varied the parameter (w) which controls the relative amount 

of retrospective and prospective information used to calculate the contingency. This parameter controlled 

the relative size of the decrease, while sensitive to parameter choice governing the eligibility decay rate and 

learning rates, in general the halving of P(A|R) produces a large decrease in the retrospective contingency 

(P(A|R)-P(A)), whereas the increase in P(R) slightly decreases the prospective contingency (P(R|A)-P(R)).  

We next considered whether this was a problem of parameter selection and therefore simulated the 

first 5 virtual experiments for the parameter search space used in Garr et al. (2023), trying a total of 21,000 

parameter combinations, including those in the two previous studies81,119 (indicated as 1, 2 and 3). Fig. 12c 

plots the Odor A dopamine response in the Degradation and Cued Reward case for each of these 

combinations, normalized by the response during Conditioning. No parameter combination predicted the 

correct pattern of experimental results, quantitatively or qualitatively (Fig. 12c). 
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Figure 12 | ANCCR does not explain the experimental results 

(a) Simplified representation of ANCCR model. Notably, the first step is to estimate retrospective contingency 
using eligibility traces. 

(b) Simulations of the same virtual experiments used in Figure 3 using ANCCR, using the parameters in Garr et 
al., 2023, varying the prospective-retrospective weighting parameter (w). Error bars are SD. In all cases, the 
predicted odor A response is similar in the Degradation and Cued Reward conditions 

(c) No parameter combination explains the experimental result. Searching 21,000 parameter combinations across 
six parameters (T ratio = 0.2-2, α = 0.01-0.3, k = 0.01-1 or 1/(mean inter-reward interval), w =0-1, threshold 
= 0.1-0.7, αR = 0.1-0.3). Experimental result plotted as a star. Previously used parameters (Garr et al., 2023 
as 1, Jeong et al., 2022 as 2 and 3) indicated. Dots are colored by the prospective-retrospective weighting 
parameter (w), which has a strong effect on the magnitude of Phase 2 response relative to Phase 1. 

(d) As the contingency is calculated as the first step, and the contingencies are similar in Degradation and Cued 
Reward conditions, there is little difference in the retrospective contingency representation between the two 
conditions, explaining why, regardless of parameter choice, ANCCR predicts similar responses.  
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Discussion 

Here we examined behaviors and VS dopamine signals in a Pavlovian contingency degradation 

paradigm, including a pivotal control. Our results show that dopamine cue responses, similar to behavioral 

conditioned responses, were attenuated when stimulus-outcome contingency was degraded by the uncued 

delivery of additional rewards. Crucially, neither dopamine signals nor conditioned responses were affected 

in a control condition in which the delivery of additional rewards were cued by a different stimulus despite 

a similar number of rewards being administered. This result not only demonstrated that the above results 

were not due to satiety, but also provided key insights into possible mechanisms underlying contingency 

degradation. 

Contrary to the claim in previous studies, our modeling showed that aspects of dopamine responses 

can be comprehensively explained by TD81,119 learning models, if the model is equipped with proper state 

representations reflecting the task structure. These TD learning models also readily explained dopamine 

cue responses in the control condition with cued rewards – the results which strongly violated the 

predictions of a contingency-based retrospective causal learning model (ANCCR) or the ∆P definition of 

contingency. The results indicate that dopamine signals, as well as conditioned responses, primarily 

reflected the prospective, but not retrospective, stimulus-outcome relations. Rather than discarding the 

notion of contingency altogether, we propose that these results point toward a novel definition of 

contingency grounded in the TD learning framework. These results bear significant implications for the 

theory of associative learning and the nature of dopamine signals, which help resolve some of previously 

unresolved controversies.  

 

TD learning model as a model of associative learning 

Historically, Pavlovian contingency degradation paradigms have played a pivotal role in the 

development of animal learning theories107,143, yet the exact underlying mechanisms remain to be 

determined65,111. Here we show that the effect of contingency manipulations, both on behavior and 
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dopamine responses, can be explained by TD learning models. As our systematic investigation revealed, 

the failure of previous efforts to explaining contingency degradation with TD learning models is due to the 

use of inappropriate state representations, either not considering the ITI period or a simplistic way the ITI 

states were implemented. We show two types of TD learning models that explain the basic behavioral and 

dopamine results. The first model (Cue-Context model) uses a contextual stimulus as one of the states that 

continuously exists throughout the task period, which is equivalent to the cue-competition model 

traditionally considered in the animal learning theory literature. The second model (Belief-State model) 

explicitly models the task structure as transitions across the ISI and the two ITI states – “wait” and “pre-

transition” states, and TD learning operates on beliefs (posterior probabilities) over these discrete states.  

In both models, the reduction in dopamine cue responses occur due to an increase in the value preceding a 

cue presentation, which decreases65,111,143 the change in value (reward expectation) induced by the cue, 

rather than due to a decrease in the absolute level of the value induced by the cue. This raises the question 

of why cue-induced anticipatory licking is reduced during contingency degradation. We provide a potential 

mechanism: the animal distributes anticipatory behavior depending on the relative values across different 

states.  

Our results favor the Belief-State model over the Cue-Context model; both the dopamine and 

behavioral data were better explained by the Belief-State model. One could argue that it is unclear whether 

the animal can learn “sophisticated” state representations such as those used in our Belief-State model. In 

support of a belief state TD learning model, our analysis of anticipatory licking indicated that the reward 

expectation was modulated in a manner intricately linked to different task states: the ISI, waiting, and pre-

transition states. Furthermore, we show that recurrent neural networks, which were trained to predict values 

(value-RNN), acquired the activity patterns that can be seen as representing beliefs, merely from 

observations without explicitly instructed to develop such representations, similar to our previous work 

using different behavioral tasks. Critically, when trained on contingency degradation sessions the RNNs 

developed more heterogenous representations of the ITI, capturing the same phenomenon as the Belief-

State model. 
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It has been shown that TD learning models can explain a wealth of phenomena studied in the animal 

learning theory literature41,144. The present study adds to this list Pavlovian contingency degradation – a 

classic phenomenon long studied in psychology and now in neurobiology. These results indicate that TD 

learning models provide a foundation with which to understand associative learning while the RNN-based 

approach provides a principled way to apply TD learning with little assumptions about state representations.  

 

State representations as population activity dynamics 

In RL, the “state” is a critical component which represents the set of observable and inferred 

variables necessary to compute value and policy. The artifice of the state representations used in RL 

modeling and in neurobiology and various assumptions have been criticized145. For instance, it is 

implausible to have separate sets of neurons activated sequentially (i.e. CSCs) for separate cues145. 

Furthermore, states are often defined within each “trial”; how can states be defined when there are no 

obvious trial structures145? The success of value-RNNs in replicating aspects of dopamine signals and the 

acquisition of belief-like representations provide crucial insights into how biological circuits may represent 

states. 

The critiques on the state representations used in TD are at odd in light of recent successes in RL 

which have been applied to fairly complex situations, containing many stimuli and often lacking obvious 

trial structures114. A key to this question, in part, lies in the use of neural networks, which take complex and 

arbitrary inputs and generalize them based on similarity. Our results in value-RNNs can provide further 

insights. As shown in our previous and the present work, in the value-RNNs, there is a stable fixed point 

(attractor), which corresponds to the ITI state. The ITI state, thus, exists by default. Furthermore, different 

stimuli induce stimulus-specific trajectories in the population activity state space. We can find close 

correspondence between population dynamics and distinct states assumed in belief state TD learning 

models. These results indicate that the population activity patterns in a network, including attractors and 

stimulus-specific trajectories, represent distinct states such as those assumed in our belief state TD learning 

models. Although the activity representing different trajectories likely involves overlapping sets of neurons, 
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as long as the activity patterns are discriminable, they can be trained to compute values properly by 

adjusting downstream synaptic weights.  

Overall, while TD learning models with hand-crafted state representations help develop conceptual 

understanding, the RNN-based approach can provide crucial insights into how hand-crafted state 

representations could be implemented in neural networks. In the future, it is of great interest to examine 

whether neural activity in the brain exhibits patterns of activity predicted by the value-RNN models. The 

prefrontal cortex is a strong candidate area, receiving dopaminergic innervation from the VTA, with 

disruptions to this signal blunting changes to contingency degradation although this study used 

instrumental, not Pavlovian, conditioning. However other areas, such as the hippocampus also contribute 

task-relevant information during degradation to the prefrontal cortex146 and neural-network modeling 

approaches that reflect the brain’s functional organization147 might provide more insight than our model 

which treats the state-machinery of the brain as a single recurrent neural network.  

 

Limitations of the ANCCR model as a model of associative learning and dopamine 

The present study unveiled limitations of the recently proposed causal learning model, 

ANCCR81,119. The Degradation and Cued Reward conditions are minimally different and thus provide a 

strong test of the algorithm design. Our results indicate that the ANCCR model fails to explain the observed 

results despite our extensive examination of its parameter space. Crucially, the ANCCR model suffers from 

the same flaw as the ∆P definition of contingency. By calculating contingency by subtracting the 

background event rate, the model loses information that allows it to attribute increased value in the same 

manner as the TD models. Given the similarity in event rate between the conditions, the retrospective 

representations (and average eligibility trace) remain similar, with the computed retrospective 

contingencies in the Degradation condition being a subset of the Cued Reward contingencies. This explains 

why ANCCR predictions are similar for the two conditions independent of the parameter choice, as the rest 

of the model depends on this computed retrospective contingency as input. Thus, the failure of the ANCCR 

to explain the Cued Reward condition reflects the fundamental construction of the ANCCR model.  
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The failure of the ANCCR model doesn’t not exclude some of the interesting ideas integrated into 

ANCCR, including how it uses retrospective information to learn state space. Rather it is its reliance on 

contingency that constitutes its core deficit. A recent report119 demonstrated that ANCCR is able to explain 

the dopamine response in outcome-selective contingency degradation. This is a result of the 

multidimensional tracking of cue-outcome contingencies in ANCCR. We show that both the belief state 

model and the value RNN, if trained on each reward separately and total value is taken to be the absolute 

difference of the two separate values, successfully predicts the experimental results of Garr et al. (2023) 

(Figure 13).  

 

Figure 13 | Outcome-specific contingency degradation explained by belief state model and value RNN model. 

(a) Experimental design of Garr et al., two cues predicted either a liquid or food reward. During degradation, every 
20 s the liquid reward was delivered with 50% probability. The ITI length was drawn from an exponential distribution 
with mean of 4 minutes.  
(b) Belief-State model design. The Belief-State model was extended to include a second series of ISI substates to 
reflect the two types of rewarded trials. The model was then independently trained on the liquid reward and food 
reward. 
(c) The value RNN model design – as (b) but replacing the belief state model with the value RNN, using a vector-
valued RPE as feedback, with each channel reflecting one of the reward types.  
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(d-f) Summary of predicted RPE responses from Belief-State Model and Value RNN (vRNN). The RPE was calculated 
as the absolute difference between the liquid RPE and food RPE. Other readout functions (e.g. weighted sum) produce 
similar results. Both model predictions match experimental results with  degraded (D) cue (panel d) and degraded 
reward (e) having a reduced dopamine response versus non-degraded (ND). Furthermore, average RPE during ISI (3 
seconds after cue on) and ITI (3 seconds before ITI) capture measured experimental trend. Error bars are SEM. 
 

A similar approach using “multi-threaded predictive models” was used to successfully explain 

dopamine data in other situation128. While this leaves open questions about how this is implemented 

biologically (the same being true for ANCCR), it does demonstrate that more complex contingency 

manipulation can still be explained by TD models. In fact, recent studies have provided evidence for 

heterogeneous responses to different types of rewards in dopamine neurons. While further evidence is 

required to solidify this understanding, this provisional assumption shows the potential that the TD models 

for multiple outcomes can be achieved in neural circuitry by concurrently running parallel circuits. 

 

 

 

 

 

 

 

 

 

 

 

Methods 

Animals  

A total of 31 mice were used. 18 wildtype mice (8 males and 10 females) at 3-6 months of age were used 

to collect only behavioral data. For fiber photometry experiments, 13 double transgenic mice resulting from 
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the crossing of DAT-Cre (Slc6a3tm1.1(cre)Bkmn; Jackson Laboratory, 006660)41 with Ai148D (B6.Cg-

Igs7tm148.1(tetO-GCaMP6f,CAG-tTA2)Hze/J; Jackson Laboratory, 030328)42 (DAT::cre x Ai148, 7 

males and 6 females) at 3–6 months of age were used. Mice were housed on a 12 hr /12 hr dark/light cycle. 

Ambient temperature was kept at 75 ± 5 °F and humidity below 50%. All procedures were performed in 

accordance with the National Institutes of Health Guide for the Care and Use of Laboratory Animals and 

approved by the Harvard Animal Care and Use Committee.  

 

Surgery 

Mice used for fiber photometry recordings underwent a single surgery to implant a multifiber cannula and 

head fixation plate implantation 2-3 weeks prior to the beginning of the behavioral experiment. All surgeries 

were performed under aseptic conditions. Briefly, mice were anesthetized with an intraperitoneal injection 

of a mixture of xylazine (10 mg/kg) and ketamine (80 mg/kg) and placed in a stereotaxic apparatus in a flat 

skull position. During surgery, the bone above the Ventral Striatum area was removed using a high-speed 

drill. A custom multifiber cannula (6 fibers, 200 µm core diameter, 0.37 NA, Doric Lenses) was lowered 

over the course of 10 min to target 6 subregions in the Ventral Striatum. The regions are co-ordinates 

relative to Bregma (in mm) were: Lateral nucleus accumbens (lNAc, AP:1.42, ML:1.5, DV:-4.5); Medial 

NAc (mNAc, AP:1.42, ML:1, DV:-4.5); anterior lateral olfactory tubercle (alOT, AP:1.62 , ML:1.3, DV:-

4.8); posterior lateral OT (plOT, AP:1.00, ML:1.3, DV:-5.0); anterior medial OT (amOT, AP:1.62, ML:0.8, 

DV:-4.8); posterior medial OT (pmOT, AP:1.00, ML:0.8, DV:-5.0). Dental cement (MetaBond, Parkell) 

was then used to secure the implant and custom headplate and to cover the skull. Mice were singly housed 

after surgery and post-operative analgesia was administered for 3 days (buprenorphine ER-LAB 0.5 

mg/ml). Mice used for behavioral training only underwent a similar surgical process, with a single surgery 

to only implant a head fixation plate. 

 

Behavioral training 
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After the recovery from headplate-implantation surgery, animals were given ad libitum access to food and 

water for 1 week. Before experiments and throughout the duration of the experiments, mice were water 

restricted to reach 85–90% of their initial body weight and provided approximately 1–1.5 mL water per day 

in order to maintain the desired weight and were handled every day. Mice were habituated to head fixation 

and drinking from a waterspout 2-3 days prior to the first training session. All tasks were run on a custom-

designed head-fixed behavior set-up, with software written in MATLAB and hardware control achieved 

using a BPod state machine (1027, Sanworks). A mouse lickometer (1020, Sanworks) was used to measure 

licking as infra-red beam breaks. The water valve (LHDA1233115H, The Lee Company) was calibrated, 

and a custom-made olfactometer was used for odor delivery. The odor valves (LHDA1221111H, The Lee 

Company) were controlled by a valve driver module (1015, Sanworks) and a valve mount manifold 

(LFMX0510528B, The Lee Company). All components were controlled through the Bpod state machine. 

Odors (1-hexanol, d-limonene, and ethyl butyrate, Sigma-Aldrich) were diluted in mineral oil (Sigma-

Aldrich) 1:10, and 30 µL of each diluted odor was placed on a syringe filter (2.7-µm pore size, 6823-1327, 

GE Healthcare). Odorized air was further diluted with filtered air by 1:8 to produce a 1 liter/min total flow 

rate. The identity of the rewarded and non-rewarded odors were randomized for each animal.  

In Conditioning sessions, there are three types of trials: (1) trials of Odor A (40% of all trials) associated 

with a 75% chance of water delivery after a fixed delay (2.5 s), (2) trials of unrewarded Odor B (20% of all 

trials) as control to ensure that the animals learned the task, and (3) background trials (40% of all trials) 

without odor presentation. Rewarded odor A trials consists of 2s pre-cue period, 1s Odor A presentation, 

2.5s fixed delay prior to a 9 µL water reward and 8s post-reward period. Unrewarded Odor B trials consist 

of a 2s pre-cue period, 1s Odor B presentation, and 10.5s post-odor period. Background trials in the 

Conditioning phase span a 13.5s eventless period.  Trial type was drawn pseudo-randomly from a scrambled 

array of trial types maintaining a constant trial type proportion. Inter-trial-intervals (ITI) following the post-

reward period were drawn from an exponential distribution (mean: 2s).  
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Learning was assessed principally by anticipatory licking detected at the waterspout for each trial type, with 

mice performing 100-160 trials per session until they reach an asymptotic task performance, typically after 

5 sessions. 

After the Conditioning phase, the mice were divided into three groups to undergo different conditions: 

Degradation (Deg group), Cued Reward (CuedRew group), and Conditioning (Cond group). The Deg group 

experienced contingency decrease during the Degradation phase. In the Degradation phase, Odor A still 

delivers water reward with 75% probability, and Odor B remains unrewarded. The difference was the 

introduction of uncued rewards (9 µL water) in 75% of background trials to diminish the contingency. 

Animals underwent 5 sessions, each with 100-160 trials, to adapt their conditioned and neural responses to 

the new contingency. Degradation changed the cue value relative to the background trial but did not impact 

the reward identity, reward magnitude, or delay to/probability of expected reward. 

The CuedRew group was included to account for potential satiety effects due to the extra rewards the Deg 

group mice received in the background trials. Unlike the Deg group, the CuedRew group's background 

trials were substituted with rewarded Odor C trials, where mice received additional rewards signaled by a 

distinct odor (Odor C).  Rewarded odor C trials have the same trial structure as the rewarded odor A trials 

and animals were given 5 sessions, with 100-160 trials each, to adapt their conditioned response and neural 

responses to this manipulation. 

The Cond group proceeded with an additional five Conditioning sessions, keeping the trial structure and 

parameters unchanged as in the Conditioning phase. 

Post-degradation: eight mice were randomly chosen from the Deg group for the reinstatement phase, 

replicating the initial Conditioning conditions. After three reinstatement sessions, once the animals' 

performance rebounded to pre-degradation levels, we initiated the extinction process. This involved the 

delivery of both odors A and B without rewards, effectively extinguishing the cue-reward pairing. To 

mitigate the likelihood of animals generating a new state to account for the sudden reward absence, a shorter 

reinstatement session was conducted prior to the Extinction session on the Extinction day. Extinction was 

conducted over three days, each day featuring 100-160 trials. After Extinction, a second reinstatement 
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session was implemented, re-introducing the 75% reward contingency for odor A. All eight animals 

resumed anticipatory licking within ten trials during this reinstatement. 

 

Fiber photometry 

Fiber photometry allows for recording of the activity of genetically defined neural populations in mice by 

expressing a genetically encoded calcium indicator and chronically implanting optic fiber(s). The fiber 

photometry experiment was performed using a bundle-imaging fiber photometry setup (BFMC6_LED(410-

420)_LED(460-490)_CAM(500-550)_LED(555-570)_CAM(580-680)_FC, Doric Lenses) that collected 

the fluorescence from a flexible optic fiber bundle (HDP(19)_200/245/LWMJ-0.37_2.0m_FCM-HDC(19), 

Doric Lenses) connected to a custom multifiber cannula containing 6 fibers with 200-μm core diameter 

implanted during surgery. This system allowed chronic, stable, minimally disruptive access to deep brain 

regions by imaging the top of the patch cord fiber bundle that was attached to the implant. Interleaved 

delivery 473 nm excitation light and 405 nm isosbestic light (using LEDs from Doric Lenses) allows for 

independent collection of calcium-bound and calcium-free GCaMP fluorescence emission in two CMOS 

cameras. The effective acquisition rate for GCaMP and isosbestic emissions was 20Hz. The signal was 

recorded during each session when the animals were performing the task. Recording sites which had weak 

or no viral expression or signal were excluded from analysis. 

The global change of signals within a session was corrected by a linear fitting of dopamine signals (473nm 

channel) using signals in the isosbestic channel during ITI and subtracting the fitted line from dopamine 

signals in the whole session. The baseline activity for each trial (F0 each) was calculated by averaging 

activity in the pre-stimulus period between -2 to 0 seconds before an odor onset for odor trials or water 

onset for uncued reward trials. Z-score was calculated as (F − F0 each)/STD_ITI with STD_ITI is the 

standard deviation of the signal during the ITI. 

To quantify Odor A responses, we looked for ‘peak responses’ by finding the point with the maximum 

absolute value during the 1 s window following the stimulus onset in each trial. To quantify Odor B 

responses, we measure area under curve by summing the value during the 250 ms to 1s window following 
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the stimulus onset in each trial. This is to separate out the initial activation in the no-go response that we 

consistently observed, and which may carry salience or surprise information independent of value. To 

quantify reward responses, we looked for ‘peak responses’ by finding the point with the maximum absolute 

value during the 1-s window following the reward onset in each trial. To quantify reward responses, we 

looked for area under curve by summing the value during the 1.5s window following the reward omission 

in each trial. 

 

Histology 

To verify the optical fiber placement and GCaMP expression, mice were deeply anesthetized with an 

overdose of ketamine-medetomidine, and perfused transcardially with 0.9% saline followed by 4% 

paraformaldehyde (PFA) in PBS at the end of all experiments. Brains were removed from the skull and 

stored in PFA overnight followed by 0.9% saline for 48 hours. Coronal sections were cut using a vibratome 

(Leica VT1000S). Brain sections were imaged using fluorescent microscopy (AxioScan slide scanner, 

Zeiss) to confirm GCaMP expression and the location of fiber tips. Brain section images were matched and 

overlaid with the Paxinos and Franklin Mouse Brain Atlas cross-sections to identify imaging location. 

 

Computational Modeling 

Simulated Experiments 

To compare these models, we generated 25 simulated experiments of each group, matching trial statistics 

to the experimental settings, but increasing the number of trials to 4,000 in each phase to allow to test for 

steady-state response in both these TD simulations and the ANCCR simulations. We then calculated the 

state representation of the simulated experiments for each of four state representations and ran the TD 

learning algorithm with no eligibility trace, called TD(0), using these state representations (Fig. 5a). While 

TD(0) has a learning rate parameter (α), it did not influence the steady-state results, which are presented, 

and thus the only parameter which influenced the result was γ, the temporal discount factor, set to 0.925 for 

all simulations using a timestep of Δt = 0.2s (Fig. 6 shows the γ parameter search space).  
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CSC-TD model with and without ITI states 

We initially simulated the Conditioning, Degradation, and Cued Reward experimental conditions using the 

CSC-TD model, adapted from Schultz et al. (1997)71. The cue length was fixed at 1 unit of time, with time 

unit size set to 0.2 s, and the ISI was matched to experimental parameters at 3.5 s. Simulated cue and reward 

frequencies were matched to experimental parameters, separately simulating Conditioning then 

Degradation and Conditioning then Cued Reward. In complete serial compound, also known as tapped-

delay, each cue results in a cascade of discrete substates that completely tile the ISI. TD error and value 

were then modelled using a standard TD(0) implementation, using alpha = 0.1, gamma = 0.925. Reported 

values are the average of the last 200 instances averaged for 25 simulations. The model was run with states 

tiling the ISI only (CSC) or tiling the ISI and ITI until the next cue presentation (CSC with ITI states). 

 

Context-TD model 

The Context-TD model, which is an extension of the CSC-TD model, includes context as an additional cue, 

with the parameters from the simulation experiment design otherwise retained. For each phase 

(Conditioning, Degradation, Cued Reward) a separate context state was active for the entire phase, 

including the ISI and ITI, and off otherwise. This corresponds to the additive Cue-Context model previously 

described65,111,143. TD errors reported are the average of the last 200 instances averaged for 25 simulations, 

except for Extinction which corresponded to third day of training.  

 

Belief-State model 

We simulated the TD error signaling in all four conditions (Conditioning, Degradation, CuedRew, 

Extinction) using a previously described belief-state TD model139. In each simulation, the observation and 

transition matrix were calculated to represent that state space represented in Figure 3b, matching the 

experimental parameters. The difference from the original description was the splitting of the ITI period 

into two recurrent states: ‘Wait’ and pre-transition(‘Pre’), with a probabilistic transition from to the pre-
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transition state. The observation and transition matrices were recalculated for each phase. How this state 

space is learnt on a trial-by-trial basis precise is beyond the scope of this study and the steady-state TD 

errors are not dependent on the implementation. As for the other models, TD errors reported are the average 

of the last 200 instances averaged for 25 simulations, except for Extinction which corresponded to third day 

of training.  

 

RNN Modeling 

We implemented value RNNs, as described previously, to model the responses in the three conditions 

(Cond., Deg., CuedRew). Briefly, simulated tasks were generated to match experimental parameters. We 

then trained recurrent network models, in PyTorch, to estimate value. Each value RNN consisted of between 

5 and 50 GRU cells, followed by a linear readout of value. The timestep size was 0.5 s and gamma was 

0.83 to match 0.925 for 0.2 s timesteps used in the TD simulations. To replicate the actual training process, 

we initially trained the RNNs on the Cond simulations, then on either the Deg or CuedRew conditions. 

To visualize the state space used, we used a two-step canonical correlation analysis process. First, the 

principal components of the hidden-unit activity of each RNN was computed. Then we used the Python 

package rcca, to perform a three-way canonical correlation analysis to map the principal components from 

each RNN into a single 3-dimensional space.  

We measured belief R^2 as previously described. For each simulation, we calculated the beliefs from the 

observations of cues and rewards. We then used multivariate linear regression to decode these beliefs from 

hidden unit activity.  

 

ANCCR model 

The ANCCR model is a recent alternative explanation of dopamine function81. While two previous studies 

have tested contingency degradation with ANCCR, they did not include the cued-reward controls. We 

implemented the ANCCR model using the code provided on the repository site 

(https://github.com/namboodirilab/ANCCR) and matching the simulation parameters to the experiment. 
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We used the set of parameter values used in the previous study, trying both Jeong et al., (2022) and Garr et 

al. (2023). The total parameter space searched was: T ratio = 0.2-2, α = 0.01-0.3, k = 0.01-1 or 1/(mean 

inter-reward interval), w =0-1, threshold = 0.1-0.7, αR = 0.1-0.3.  The presented results use the parameters 

from Garr et al. (2023), as they were a better fit (T ratio = 1, α = 0.2, k = 0.01, w = 0.4, threshold = 0.7, αR 

= 0.1). Additionally, we varied the weight of prospective and retrospective processes (w) to examine 

whether the data can be explained better by choosing a specific weight. Data presented are the last 200 

instances averaged for the same 25 simulations used in the TD simulations. 

 

Statistical analysis 

Data analysis was performed using third party packages (e.g. Scipy, Statsmodel, etc.) in Python. All code 

used for analysis is available on request. Our behavioral data and dopamine response data have passed the 

normality test. For statistical comparisons of the mean, we used Student’s t-test with a significance 

threshold of 0.05, adjusted according to Bonferroni correction. We used Welch’s test for dopamine response 

to various events due to inequal variance between groups. Paired t-tests were conducted when the same 

mouse’s performance was being compared across two different sessions. No statistical methods were used 

to predetermine sample sizes, but our sample sizes are similar to those reported in previous publications. 

The assumptions of the t-test were tested using the Shapiro-Wilk test to check for normality and Levene’s 

test to check for equal variance.  
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Chapter II. Odor Valence Representation in Olfactory Tubercle during 

contingency learning 

 

Introduction 

One of the primary functions of the nervous system is to assign value to sensory stimuli that animals 

have encountered in the environment and adjust behavior accordingly. The olfactory system, as the earliest 

direct link of the nervous system to the external environment87,148,149, plays an important role in learning 

stimulus value and guide behavior in the environment. The olfactory tubercle (OT), a key component of the 

olfactory pathway, is recognized for its integral role in olfactory processing15,23,100. It receives a distinct 

stream of olfactory input, primarily from tufted cells in the olfactory bulb102, and substantial dopaminergic 
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input from the ventral tegmental area (VTA). This unique positioning enables the OT to integrate these 

inputs, thus playing a crucial role in assigning valence to olfactory stimuli. 

Furthermore, the OT is important to motivation and reward processing, with studies showing its 

enhanced role compared to other regions like the nucleus accumbens in these functions18,99,150–153. 

Specifically, the OT's response to cocaine administration19 and its activation leading to odor preferences 

underscore its significance in the reward system17,21,104. Notably, the OT's higher concentration of 

dopaminergic inputs, compared to the posterior piriform cortex, points to its distinct role in olfactory 

processing and odor-reward contingency representation21,22. In fact, colleagues in the Murthy lab have 

identified that odor responses in the OT are modulated by the prediction of reward or punishment regardless 

of odor identity22,23, and also, many literatures reported that neurons in OT encode odor valence16,28,105,106. 

Anatomically, the OT is part of the ventral striatum, predominantly composed of spiny projection 

neurons (SPNs) expressing D1- and D2-type dopamine receptors24,26.  These two groups of SPNs have been 

found to differ in many aspects, including their spatial distributions within the OT and input/output 

projection patterns154,155. Furthermore, D1- and D2-type neurons have different affinities to dopamine and 

coupled to distinct intracellular signaling pathways. These differences may result in different plasticity rules 

for D1- and D2-SPNs. These observations raising questions about their specific roles in shaping odor 

valence representation and contingency learning. To explore the role of these neuronal subtypes in the OT, 

I have employed the longitudinal optical imaging technique, specifically two-photon microscopy, to record 

and track the activities of these neuronal types in behaving mice. This will allow an examination of the 

evolution and stability of OT neural representation and the differential roles of these neuronal types in the 

learning process.  

In the real world, predictive relationships between particular cues and outcomes can change. 

Contingency degradation models erosion of predictive relationships: once predictive cue becomes no longer 

predictive of an outcome. Behavioral studies have identified contingency as a fundamental factor 

modulating associative learning as measured based on conditioned responses. Studies have shown that the 

odor responses in the OT influences reward behaviors and odor-preferences17, and are highly plastic105, 
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allowing the valence representation to be rapidly updated in different circumstances. However, it’s unclear 

how neural representations in the OT change as odor-outcome contingency is degraded. It is possible that 

neuronal representations in the OT simply reflect current contingencies, but also possible that they maintain 

a long-term memory of the association at both single-neuron and population levels, even after alterations 

in the contingency. By imaging populations of D1- and D2-type neurons in the OT during contingency 

degradation procedures, my research aims to investigate the stability and evolution of neural responses to 

rewarded odors and their correlation with behavioral changes. This approach will test whether OT 

representations are static or continuously updated with new learning, and whether there is a subset of 

neurons that maintain stability amidst these changes. It is also possible that the two populations of neurons 

to have different evolution of representation during/following contingency degradation. In total, I aimed at 

characterizing the stability of neural representations in the OT under changing contingencies. 

 

 

Results 

In this study, I investigated the development and stability of population representations in D1 and 

D2 receptor-expressing neurons in the olfactory tubercle (OT), as well as their modifications under different 

conditions. To achieve this, I conducted two-photon calcium imaging of these two neuronal populations in 

the OT of mice trained in an odor-reward Pavlovian conditioning task. Specifically, I used an adeno-

associated virus for conditional expression of the calcium indicator GCaMP7s in the presence of Cre 

recombinase. This was unilaterally injected into the right-hemisphere OT of either Tac1-Cre or Adora2A-

Cre mice, followed by the implantation of a 1.1 mm custom-made cannula targeting the OT, as shown in 

Fig. 14a. 

After recovery, a Gradient-Index (GRIN) lens was inserted into the cannula for imaging. The mice 

were then subjected to water restriction, accustomed to head fixation, and trained in an odor-reward 

Pavlovian conditioning task. All mice (n = 15) were initially trained on two odors: Odor A, predicting a 



 
58 

 

 

water reward with 75% probability, and Odor B, indicating no reward. In Phase 1, Odor A accounted for 

40% of trials, Odor B for 20%, and the remaining 40% were blank trials. Results indicated that mice 

developed anticipatory licking to Odor A but not Odor B within five sessions (Fig. 14e). 

In Phase 2, the mice were divided into two groups (Fig. 14b). The first group ('Cond', n = 7) 

continued the same task as in Phase 1, showing no significant behavioral changes over five additional 

sessions (Fig. 14e). The second group ('Deg', n = 8) underwent contingency degradation, where blank trials 

were replaced with 'background water' trials delivering a reward 75% of the time. This group exhibited a 

decrease in anticipatory licking to Odor A (t8 = -0.36, P = 0.00074, paired t-test, session 5 vs session 10) 

and an increase in non-licking trials before water delivery in Odor A trials (Fig. 14e). This suggests that the 

mice were sensitive to contingency and adjust their behavior accordingly. We confirmed that anticipatory 

licking behavior was consistent between mice with and without a GRIN lens implant.  

 

Figure 14 | Task design and behavioral responses 
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(a) Configuration of two-photon imaging. A sagittal view from either Tac1-Cre or Adora2A-Cre mouse shows 
targeting in the OT. 

(b) Experimental design. Two groups of mice were subjected to two conditions of contingency learning. All 
animals underwent Phases 1 and 2.  

(c) Trial timing. 
(d) Trial parameters per condition. In Conditioning and Degradation, Odor A predicts a 75% chance of reward 

(9 µL water) delivery, and Odor B indicates no reward. In Degradation, blank trials were replaced with 
uncued rewards (75% reward probability).  

(e) Fraction correct (percentage of >1 lick in the delay window in Odor A trials) and average lick rate in 3s 
post-cue (Odor A) by session. Error bars represent SEM. 

 

OT neuronal activity robustly and bidirectionally reflects odor-outcome contingency 

Our imaging results showed that both D1 neurons from Tac1-Cre mice (n = 6 mice) and D2 neurons 

from Adora2A-Cre mice (n = 6 mice) developed a range of excitatory and inhibitory responses to odors 

over several days of training (Figure 15a, b). During the conditioning phase, both D1 and D2 neurons 

quickly developed both excitatory and inhibitory responses to Odor A on the first day of training. As 

training progressed, there was a clear increase in the number of responsive neurons and in the magnitude 

of their responses, which paralleled the increased value of the contingency associated with the odor (Figure 

15b, d). However, during the degradation phase, both the magnitude of responses and the number of 

significantly responsive D1 and D2 neurons diminished considerably. This reduction exemplifies the effect 

of contingency degradation, a phenomenon that was not observed at the population level in the neurons of 

animals that continued the cue-reward association training (‘Cond group’). The classic go/no-go model 

would predict opposite activity patterns in the two pathways during movement, however, previous studies 

have shown that in vivo recordings from the two types of SPNS have revealed very similar activity patterns. 

Our results further support this by demonstrating that both D1 and D2 neurons showed quite similar changes 

in response to changes in contingency at the population level.  



 
60 

 

 

 

 

Figure 15 | Two- photon calcium imaging of D1- and D2- type neurons in the olfactory tubercle (OT) during 

odor- outcome association learning. 

(a) Field of view of GCaMP7s expressing neurons in a Adora2A-Cre mouse. 
(b) Neuronal activity in field of view of a Adora2A-Cre mouse in Odor A trials across days of training. Colored 

overlay indicate significantly responsive neurons. Session 1-5 are from Conditioning phase and session 6-10 
are collected from Degradation phase. Peak activity (df/f) is shown in the 1 s period after Odor A delivery 
prior to reward. 

(c,d) Heatmap showing mean Odor A response time courses of all recorded D2 (rows) during Conditioning and 
Degradation sessions, sorted by response magnitude (excitatory to inhibitory). Vertical dashed lines are for Odor 
A onsets, offsets, and water delivery timepoint.  
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Figure 16 | D1- type neurons in the olfactory tubercle 

(a,b) Heatmap showing mean Odor A response time courses of all recorded D1 (rows) during Conditioning and 
Degradation sessions, sorted by response magnitude (excitatory to inhibitory). Vertical dashed lines are for Odor 
A onsets, offsets, and water delivery timepoint.  

 

 

Figure 17 | Population level quantification of D1/D2 neural responses 
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(a) The bar graphs delineate the percentage of neurons with notable responses, while the adjacent line graphs 
offer a detailed view of the response time courses for neurons that were either significantly activated or 
suppressed by the conditioned odor. 

 

To dissect the distinct behaviors of D1 and D2 neurons in response to contingency degradation, I 

quantified their responses at the population level first (Figure 17a). Initially, a significant proportion of both 

neuron types exhibited either activation or suppression in response to the conditioned odor cue. This 

behavior marks the associative learning phase, where connections between the odor cue and reward are 

established. However, noticeable changes were observed compared to the conditioned (Cond) group as the 

task progressed into the degradation sessions, particularly in the D2 neuron group. The introduction of 

contingency degradation resulted in a pronounced population-level reduction in the number of significantly 

responsive neurons (p<0.001, Student t-test, cond 5 session vs deg 5 session) and average response 

magnitude of these neurons among D2 neurons. On the other hand, D1 neurons showed a less pronounced 

decrease in the number of activated neurons (p<0.01, Student t-test, cond 5 session vs deg 3 session) and 

maintained similar levels of average response magnitude after degradation, implying that D1 neurons may 

encode the cue-reward association more resiliently to changes in contingency, potentially representing a 

different facet of associative learning or preserving a memory of the odor cue. 

These results reveal a nuanced divergence in how D1 and D2 neurons in the OT process 

contingency information. The data indicate that D2 neurons adjust their activity more dynamically in 

accordance with reward prediction changes—an essential aspect of adaptive learning. In contrast, the 

sustained activity of D1 neurons, which remains relatively unaffected by contingency degradation, poses 

interesting questions regarding their specific contributions to olfactory learning and odor information 

encoding. This differential responsiveness to contingency degradation between D1 and D2 neurons enriches 

our understanding of the neural substrates of associative learning in the olfactory tubercle. 

 

Longitudinal analysis of individual neurons during contingency learning 



 
63 

 

 

 

Figure 18 | Neural response dynamics in D1 and D2 Neurons during contingency degradation and longitudinal 

tracking across Training Sessions 

(a) Activity maps of D1 and D2 neurons in the olfactory tubercle before and after contingency degradation. Each point 
represents a single neuron with color coding indicative of response magnitude: red for excitatory and blue for 
inhibitory responses. The left panels show D1 neuron responses, and the right panels show D2 neuron responses, 
illustrating the change in neural activity patterns due to the degradation process. 
(b) Longitudinal tracking of an example FOV across multiple training sessions (1, 3, 5, 6, 8, 10). The white contours 
indicate all the identified neurons from the FOV, with red contours representing neurons that could be tracked over 
all 6 sessions. This longitudinal tracking could provide visualization and analysis on the progression and plasticity of 
neuronal responses as the mice learn the task odors and then experience the contingency degradation. 
 

We next performed a longitudinal analysis of individual neurons during contingency learning to 

discern how alterations in contingency influence the odor valence representation at the single neuron level. 

In addition to the population level analysis presented above, it is important to test more detailed patterns 

within each population. For instance, an intriguing possibility is that most individual D1 or D2 neurons are 

subject to modulation reflective of the changing contingency, while there exist some neurons exhibiting 
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stable representation throughout over days. During each imaging session, I carefully adjusted the depth of 

the imaging plane to closely align with that of the previous days. This was achieved by comparing the field 

of view (FOV) with images of the FOV from previous sessions. Such adjustments were crucial for ensuring 

the capture of the same or highly overlapping neuronal populations across different days of experiment. To 

ensure accurate tracking of same neurons across sessions, semi-automated multi-session registration 

techniques were employed. Utilizing the multi-session registration algorithm in CaImAn facilitated the 

initial identification of consistent neurons, although this method's performance can be variable156. To 

mitigate this remaining variability, I performed an automated grid search to ascertain the optimal 

adjustments required for aligning the spatial footprints. For further precision in neuron identification, spatial 

footprints of cells were plotted alongside an index, followed by meticulous manual registration and 

correction. This dual strategy of automated alignment complemented by manual refinement ensures the 

fidelity of neuron tracking throughout the entire period of our experiments. 

The methods chosen for this analysis aim to provide a window into the complex dynamics of neural 

representations within the OT during associative learning. This analysis is still ongoing. By examining how 

stable individual neurons represent the valence of the sensory stimuli and how plastic they adapt their 

representation in response to altered contingency at both the population- and single cell-level, we gain a 

deeper understanding of the neuronal underpinnings that support odor-reward association learning. 

 

Discussion 

The olfactory system in rodents, particularly mice and rats, provides an excellent experimental 

system for studying examining associative learning. These animals demonstrate a remarkable ability to 

rapidly master tasks involving odor cues, establishing links between odors, motor responses, and rewards. 

In our study, we have chosen mice as our model organism to explore the acquisition and representation of 

valence signals in the OT, a structure integral to both the odor processing and reward learning. Utilizing 

head-restrained mice for high-resolution, longitudinal two-photon calcium imaging permits in-depth 
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exploration of neural representational development and stability in the OT during continual learning. As 

mice adapted their behavior in response to altered contingencies, I monitored the evolving neural 

representations in two distinct populations within the OT. Notably, D2 neurons showed dynamic 

bidirectional changes in response to contingency shifts, while D1 neurons maintained relatively more stable 

activity patterns despite degradation.  

Longitudinal tracking allowed for a single-cell level analysis. From the continual learning group 

(‘Cond’ group), in which at the population level, the activities remained largely stable during training, I 

discovered instability in individual D1 and D2 neurons (data analysis in progress). This finding has sparked 

our interest in understanding the stability of OT valence encoding in response to external meaningful cues 

and whether representational drift is a factor in the OT. Ultimately, this project aims to dissect the activity 

contributions across neural sub-populations. We seek to distinguish between drift-related activities (i.e., 

those independent of changes in task parameters) and activities directly related to alterations in task 

parameters and statistics. This distinction is crucial for a deeper understanding of how the OT encodes and 

processes associative learning and the stability of these neural representations. 

 
Representational stability and drift 

Research on the hippocampus and neocortex have documented that neural activity patterns can 

remain stable over several days, yet may undergo substantial changes over more extended periods, which 

have been characterized as the representation drift157–164. The concept of the ‘neural representation’ refers 

to the specific spatiotemporal activity patterns in a neuron population that correlate with sensory 

experiences or actions165, and the term ‘representation drift’ describes the process wherein neurons that 

initially responded to certain stimulus or experience become less responsive over time, while other neurons 

become active. In the hippocampus, it has been found that the subset of place cells encoding spatial 

positions can vary, even in unchanging environments. While it has long been assumed implicitly that neural 

representation of external environment or experience was stably encoded in a specific group of neurons, 

the phenomenon of representation drift has been found and supported by longitudinal calcium imaging, 



 
66 

 

 

electrophysiology, and fMRI studies in various brain regions, including the hippocampus157,163,164, posterior 

parietal cortex, anterior piriform cortex161, and primary visual cortex160.  

In our research, I developed a behavioral task that enabled mice to learn and flexibly update cue-

outcome associations over approximately two weeks. This project presents two conceptual advances: 

Firstly, it is known that reinforcement learning leads to changes in neural activities, especially in ventral 

striatal areas, including the OT. However, the stability of representations formed through reinforcement 

learning in striatal regions has yet to be explored compared to sensory and motor cortical areas, or 

hippocampal structures. My project offers an opportunity to use rodents’ rapid and robust olfactory learning 

to investigate the stability of population representations in the OT under various conditions. Secondly, the 

OT’s local networks are predominantly inhibitory, contrasting with other regions where representational 

stability is often discussed in the context of largely excitatory recurrent neural networks. Our studies are 

among the first to apply advanced computational algorithms and conceptual frameworks to understand the 

stability of population representations in the OT. 

The concept of representational drift remains a vigorously debated and unresolved topic in 

neuroscience. Our research will contribute crucial biological data to enhance the understanding of neural 

representations in the brain. 
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Methods 

Animals  

Adult male and female (Tac1)-cre (B6;129S-Tac1tm1.1(cre)Hze/J, Jackson Laboratory; RRID:IMSR JAX: 

021877) heterozygous mice and (Adora2A)-cre (B6.FVB(Cg)-Tg(Adora2a- cre)KG139Gsat/Mmucd, 

GENSAT; MGI:4361654) were 3–8 months of age at the start of the experiments. I used Tac1-Cre mice to 

image D1-type neurons and Adora2A- Cre mice to image D2- type neurons. Animals were housed on a 12-

hour dark/12 hour light cycle (dark from 07:00 to 19:00) and performed a task at the same time each day. 

Animals were singly housed after surgery, and were water restricted during training and imaging. Mice 

received water every day by experimenters and the body weights were kept >80% of their weights with 

freely available water. All procedures were performed in accordance with the National Institutes of Health 

Guide for the Care and Use of Laboratory Animals and approved by the Harvard Animal Care and Use 

Committee. 
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Cannula assembly  

In our lab, I assembled custom-designed cannulas according to my colleague’s method described 

previously. I used biocompatible polyimide tubing from MicroLumen, 6.2 mm in length and 1.1 mm in 

diameter with an ultra-thin wall. This material has been shown to induce minimal inflammatory response 

in the brain. For the base of the cannula, a 150 µm thick quartz coverslips (sourced from Electron 

Microscopy Sciences) was cut into 1 mm diameter disks using a laser cutter with fine-tune later parameters. 

Under a surgical microscope, these quartz disks were held in place by a vacuum, attached to the polyimide 

tube using Norland Optical Adhesive NOA 68 from Edmund Optics, and then cured with a UV light source 

from ThorLabs. Prior to surgical implantation, each cannula was meticulously inspected and disinfected 

using the UV light source to ensure sterility and integrity. 

 

Surgery  

Prior to any behavioral training, naïve mice underwent a series of surgical procedures including virus 

injection, cannula implantation, and head fixation plate implantation. The mice were first anesthetized using 

an intraperitoneal injection of a xylazine (10 mg/kg) and ketamine (80 mg/kg) mixture. The mouse was 

then secured in a stereotaxic apparatus and a craniotomy of 1.8 mm was performed at coordinates 1.5 mm 

anterior-posterior (AP) and 1.5 mm medial-lateral (ML) at the right hemisphere. A 20 G needle facilitated 

the removal of tissue to a depth of 2.5 mm below the brain surface before the virus injection. For the virus 

injection,  a glass micropipette was used to attached to a nanoinjector (MO-10, Narishige) to introduce 300 

nL of pGP-AAV9-syn-FLEX-jGCaMP7s-WPRE virus (Addgene) at a depth of 4.90 mm dorsoventral 

(DV), injecting at a rate of 100 nL/min. Following a 20-minute waiting period after the injection, the 

micropipette was carefully retracted. 

Subsequently, the sterilized cannula was maneuvered using a 20G blunt needle attached to a vacuum. It 

was gradually lowered to a depth of 4.9 mm DV over a 40-minute duration. The cannula was then firmly 

attached to the skull with cyanoacrylate glue, and a head fixation plate was similarly secured in place behind 
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the cannula. We used Dental cement (MetaBond) to encase the skull and headplate and sealed the cannula 

opening with a silicone sealant (KwikSil). Post-surgery, the mice were housed individually. 

After allowing a 4-week recovery period for virus expression and to mitigate any inflammatory response 

from the cannula insertion, a 1 mm diameter, 3.4 mm long 0.5NA GRIN lens (Thorlabs) was inserted into 

the cannula. Following this, the behavioral training and imaging sessions began. 

 

Behavioral training 

Following headplate-implantation surgery, animals were allowed a recovery period of one month with ad 

libitum access to both food and water, ensuring complete recuperation before the commencement of 

experimental procedures. Subsequent to the recovery period and prior to the initiation of experimental tasks, 

as well as for their duration, the mice were subjected to water restriction protocols. These were designed to 

reduce their body weight to 85–90% of their pre-restriction weight, a common practice in behavioral 

neuroscience to enhance motivation for water-based rewards. Mice received 1–1.5 mL of water daily to 

maintain this desired weight range and were handled daily to promote acclimation to human interaction. 

All experimental tasks were conducted on a specialized head-fixed behavioral set-up, custom-designed for 

this study to facilitate a controlled environment for head-restrained neuroimaging and behavioral tracking. 

Odor delivery was executed using a custom-built olfactometer system, as described previously166,167. This 

system delivered odors at a consistent flow rate of 1.5 L/min and at a concentration of 20% saturation for a 

duration of 1 seconds per presentation.  

Odorants, specifically 1-hexanol and d-limonene sourced from Sigma-Aldrich, were diluted in mineral oil 

(also from Sigma-Aldrich) at a 1:10 ratio. For each experiment, 1.1 ml of the diluted odor solution was 

placed in individual tubes connected to the olfactometer. The assignment of which odor served as the 

rewarded or non-rewarded stimulus was randomized across subjects to preclude any bias. 

Licking behavior—a key indicator of task engagement and learning—was monitored via a capacitance 

sensing Arduino circuit, which provided a sensitive and real-time measurement of interactions with the 

water delivery spout. Control and recording of behavioral events were performed using a Python-based 
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software, with custom adaptations from the ScopeFoundry platform (http://www.scopefoundry.org/). Data 

acquisition was enhanced by employing National Instruments DAQ hardware for high-fidelity recording of 

the behavioral data. 

In Conditioning sessions, there are three types of trials: (1) trials of Odor A (40% of all trials) associated 

with a 75% chance of water delivery after a fixed delay (2.5 s), (2) trials of unrewarded Odor B (20% of all 

trials) as control to ensure that the animals learned the task, and (3) background trials (40% of all trials) 

without odor presentation. Rewarded odor A trials consists of 2s pre-cue period, 1s Odor A presentation, 

2.5s fixed delay prior to a 9 µL water reward and 8s post-reward period. Unrewarded Odor B trials consist 

of a 2s pre-cue period, 1s Odor B presentation, and 10.5s post-odor period. Background trials in the 

Conditioning phase span a 13.5s eventless period.  Trial type was drawn pseudo-randomly from a scrambled 

array of trial types maintaining a constant trial type proportion. Inter-trial-intervals (ITI) following the post-

reward period were drawn from an exponential distribution (mean: 2s).  

Learning was assessed principally by anticipatory licking detected at the waterspout for each trial type, with 

mice performing 100-160 trials per session until they reach an asymptotic task performance, typically after 

5 sessions. 

After the Conditioning phase, the mice were divided into two groups to undergo different conditions: 

Degradation (Deg group) and Conditioning (Cond group). The Deg group experienced contingency 

decrease during the Degradation phase. In the Degradation phase, Odor A still delivers water reward with 

75% probability, and Odor B remains unrewarded. The difference was the introduction of uncued rewards 

(9 µL water) in 75% of background trials to diminish the contingency. Animals underwent 5 sessions, each 

with 100-160 trials, to adapt their conditioned and neural responses to the new contingency. Degradation 

changed the cue value relative to the background trial but did not impact the reward identity, reward 

magnitude, or delay to/probability of expected reward. 

The Cond group proceeded with an additional five Conditioning sessions, keeping the trial structure and 

parameters unchanged as in the Conditioning phase. 
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Two-photon imaging of calcium activity 

 In vivo imaging was performed using a custom-built microscope, as previously described in relevant 

literature168,169. The imaging process was conducted at a rate of 5 Hz using an air objective (10×, Leica) and 

a wavelength of 930 nm, facilitated by a Ti:sapphire laser (Chameleon Ultra, Coherent). The management 

of image acquisition, scanning, and stimulus delivery was handled by custom-written LabVIEW (National 

Instruments) software23 available on GitHub. 

Before the two-photon imaging, the position of the GRIN lens and the approximate neuronal imaging plane 

were initially determined using a camera. The head fixation plate was then mounted on an adjustable pitch 

and roll platform (Thorlabs), allowing for manual adjustments to align the lens parallel to the objective.  

 

Calcium imaging data analysis  

The imaging data underwent motion correction using the Non-Rigid Motion Correction (NoRMCorre) 

technique170. Following this, the activity of individual neurons was isolated and background noise was 

reduced using CaImAn156, supplemented by manual refinement for accuracy. The quantification of putative 

calcium transient events in each neuron was based on activity levels that were three standard deviations 

above a temporally proximal baseline, lasting longer than five frames. Neurons with fewer than three 

recorded transients were excluded from the analysis.  

Given the inherent baseline fluorescence fluctuations in individual neurons, the activity of each neuron 

during individual trials was normalized to a 2-second pre-trial baseline.  

 

Histological confirmation of imaging site  

Upon completing the imaging experiments, the mice were subjected to transcardial perfusion, after which 

their brains were carefully extracted from the skull. Coronal floating sections of these brains were then 

prepared using a vibratome (Leica VT1000S). To ascertain the location of GCaMP expression and the 

trajectory of the cannula, these brain sections were imaged using the Zeiss Axio Scan slide scanner at the 

Harvard Center for Biological Imaging. 
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The images of the brain sections were meticulously matched and overlaid with corresponding cross-sections 

from the Paxinos and Franklin Mouse Brain Atlas. This process was crucial for accurately identifying the 

specific imaging locations within the brain. In the cohort of Tac1-Cre mice, seven out of eight showed 

confirmed imaging locations in the olfactory tubercle (OT). However, in the remaining cases, the cannula 

tip was found in either the ventral pallidum or the nucleus accumbens. Among the Adora2A-Cre mice, eight 

out of nine had confirmed OT imaging locations. 

For the subsequent analysis, only those mice were considered which had both confirmed OT imaging 

locations and successful imaging outcomes, ensuring the validity and accuracy of the study's results. 

Conclusion 

The ability to learn to associate particular stimuli with a specific outcome is crucial in life, which 

plays essential roles in various activities such as hunting, eating and escaping. While previous psychological 

experiments have shown that the strength of the association is modulated critically by the contingency, this 

concept is relatively understudied in neuroscience. In this dissertation, I sought to reveal the neural 

underpinnings of contingency, focusing on the phenomenon known as contingency degradation, where the 

introduction of an unpredicted reward alongside a predicted one diminishes the previously established 

association with a conditioned stimulus42,62,171. 

The study began with establishing a behavioral paradigm for analyzing contingency degradation in 

a Pavlovian odor-reward association task in mice. The observed behavioral responses, specifically 

anticipatory licking to the reward-predicting odor cue, were significantly affected by contingency 

degradation. This finding is in line with previous research in the field 42,62,171. 

The midbrain dopamine neurons are traditionally believed to signal reward prediction errors - the 

discrepancy between the predicted and actual rewards - a concept paralleling the 'TD error' in TD learning 

algorithms8,9,115,172,173. However, recent theories have proposed alternative interpretations of dopamine 

signals81,119, leading to debates about the nature of dopamine signals. Additionally, more evidence shows 

that dopamine signals are more heterogeneous than previously thought9,124,174,175. For example, dopamine 
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signals may support different forms of learning depending on their projection to different striatal target 

areas: previous data in the Uchida lab suggest that VS projecting dopamine signals are most consistent with 

traditional RPE signal, whereas dopamine neurons projecting to the tail of the striatum (TS) are activated 

by novelty and threats124,175. Considering these findings, here I asked how contingency degradation affects 

dopamine signals in VS, and whether observed signals are consistent across the VS. Utilizing multifiber 

photometry in the VS, we revealed that dopamine responses in all subregions were consistently attenuated 

when stimulus-outcome contingency was degraded by the uncued delivery of additional rewards. Our 

modeling showed that aspects of dopamine responses can be comprehensively explained by TD learning 

models, if the model is equipped with proper state representations reflecting the task structure.  

Within the VS, the reinforcement learning framework posits that RPEs are used to update values, 

or predictions about future rewards, which can then guide behavior towards reward acquisition8,9. As a 

component of the VS, OT neurons have been reported to encode odor valence22,23,105, and the odor responses 

are highly plastic20,21,31,176, which are particularly relevant to the task of odor-reward association 

degradation. However, the specific neural representations in the OT during contingency degradation 

remained elusive. Leveraging advancements in imaging techniques, particularly two-photon calcium 

imaging, has facilitated longitudinal recordings of neural populations at a single-cell resolution. My 

research has revealed that both D1- and D2-type OT neurons exhibit a sensitivity to contingency. These 

neurons demonstrate a diminished response to the previously rewarded odor cue following contingency 

degradation. This suggests that the OT's population activity dynamically reflects changes in contingency, 

aligning closely with the conditioned behaviors observed in Chapter I of this dissertation. In this conclusion, 

I want to further discuss the following three ideas: 

TD learning and contingency 

Learning predictive or causal relationships requires properly assigning credits to those events that 

are responsible for the outcomes observed. A key to this process is considering counterfactuals50 – would a 

particular outcome occur had I not seen that cue, or had I not taken that action? In the present study, we 

show that TD learning models with ITI representations learn and predict value in the time before cue 
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presentation. The cue-associated TD error is then calculated as the difference in value in the presence and 

absence of that cue. Consequently, computation of TD errors effectively subtracts the prediction of value 

in the absence of the cue – i.e. the counterfactual prediction. More generally, the computation of TD error 

or its variants can be seen as subtracting out counterfactuals. In a class of RL algorithms commonly used 

in artificial intelligence applications (advantage actor-critic algorithms), the actor decides which action to 

take for a given state and the critic evaluates the action by computing the advantage function, defined as: 

𝐴(𝑠! , 𝑎!) = 𝑄(𝑠! , 𝑎!) − 𝑉(𝑠!) 

where 𝑄(𝑠! , 𝑎!) is the state-action value function177. If this is taken to be the immediate reward of the action 

plus the expected return of the new state, 𝑄(𝑠! , 𝑎!) = 𝑟! + 𝛾𝑉(𝑠!"#) then the advantage function can be 

approximated by the TD error 𝐴(𝑠! , 𝑎!) = 𝑄(𝑠! , 𝑎!) − 𝑉(𝑠!) = M𝑟! + 𝛾𝑉(𝑠!"#)N − 𝑉(𝑠!) = 𝐸[𝛿!] 

(ref.178,179). 

As discussed in recent work179, in fully observable environments without confounds, the advantage 

function is exactly equivalent to the Neyman-Rubin definition of causal effect of an action: the difference 

in outcomes given an action versus outcomes otherwise. In this context, the definitions of causality, 

contingency and TD error align – all emphasizing the consideration of counterfactual prediction: that is, the 

difference between potential future outcomes (following action) and the alternative when the action is not 

taken. TD error can therefore be both a measure of contingency and useful in establishing causal 

relationships, without invoking retrospective computations.  

TD errors improve over the ANCCR and Δ𝑃 definitions because the comparison to the reward 

probability of US given CS is not simply the reward probability given absence of CS, but to 𝑉(𝑠), which is 

the γ-discounted sum of all future rewards given the current state, with the state encapsulating all 

environmental information. As demonstrated by our modeling, the heterogeneous state representation 

during the absence of events (the ITI) is critical to the accuracy of our models to match the experimental 

data.  
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While these relationships between TD error and contingency hold in fully observable environment, 

our value-RNN approach may extend these results to more complex/realistic environments. Veitch et al. 

(2019) has demonstrated network embeddings, like our value-RNN, can reduce the problem of inferring 

causality to a problem of predicting outcomes180. These networks do not require full knowledge of the 

environment to succeed but rather learn to extract sufficient information to establish causality. Ultimately, 

TD error could provide pivotal signals for contingency – the essential quantity for causal inference. 

 

Dopamine signaling as a candidate for modulating odor contingency-dependent representation in OT 

What is the mechanism by which neural representations in the OT are modulated during 

contingency degradation? The prevailing view in the literature suggests that various regions within the 

mammalian brain reflect contingency3,4,6,57,60,181, with some regions being essential for its detection5. This 

potentially leads to the hypothesis that the representations in the OT may be relayed from these areas 

through efferent connections. Nonetheless, here I propose an alternative hypothesis: the modulation within 

the OT is driven by a simple tripartite plasticity rule involving dopamine as well as pre- and post-synaptic 

neurons. As many studies have reported, the dopamine input from the VTA and SNc is critical to normal 

functioning of the striatum: the striatum responds to fluctuations in DA signaling which changes striatal 

function155,182–185. It has been specifically noted that VTA-OT projecting neurons are important in forming 

odor preferences (REF). Therefore, to investigate the role of dopamine in modulating OT neural 

representation further, optogenetic tools could be utilized to modulate dopaminergic input to the OT, 

examining its influence on contingency-dependent activity. By replacing the unpredicted background 

reward with optogenetic stimulation of dopamine fibers that innervate the OT, this manipulation will enable 

examining whether pure dopamine could elicit similar degradation effect in terms of subsequent behavioral 

adjustments and neural responses to rewarded odor. Furthermore, to test the necessity of dopaminergic 

modulation in the representation of contingency, dopaminergic activity within the OT could be inhibited 

concurrently with the delivery of the background reward during contingency degradation phases. This will 

provide insight into the role of dopamine in contingency learning. 
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An interesting hypothesis to test is that contingency learning depends on temporal relationship 

between reward-evoked dopamine and input from the olfactory bulb through a mechanism of spike timing-

dependent plasticity (STDP) like bidirectional modulation on synaptic connection. Studies have posited 

that dopamine may act as a gate for synaptic plasticity182,184,186, providing a biological mechanism for 

updating contingency based on error signals. The role of dopamine in the striatum may not be simply 

defined as reinforcing or depressing, as some in vitro studies suggested that the induction of long-term 

potentiation or long-term depression will be biased by the physiological states (‘up’ and ‘down’ states) of 

the striatal neurons184. Previous study in Drosophila has shown that dopamine’s action has bidirectional 

synaptic modulation in the mushroom body based on different temporal relation between dopamine 

stimulation and Kenyon cell presynaptic activation187. It is interesting to investigate dopamine's temporal 

sensitivity during contingency learning: 1) whether there is evidence for STDP-like, dopamine-dependent 

bidirectional modulation of synaptic strength at the behavioral timescale, and 2) how the temporal intervals 

between dopamine stimulation and pre- and post-synaptic activities in OT D1/D2 type neurons influence 

hetero-synaptic connectivity. These questions underscore the need for a nuanced understanding of the 

interplay between temporal dynamics and synaptic plasticity in neural circuits underlying contingency 

learning. 

 

Potential neural populations that encode ISI value prediction during contingency degradation 

In light of the observations that OT neurons modify their response when contingencies are altered, 

a critical question arises: which brain areas sustain the prediction of odor valence during the inter-stimulus 

interval (ISI) as postulated by our TD learning model in Chapter I? Regions implicated in higher-order 

cognitive functions, such as the orbitofrontal cortex (OFC)57,137, anterior cingulate57, basolateral amygdala6, 

and medial prefrontal cortex60, are known to reflect contingency and adapt their neural activities 

accordingly. Among these, the OFC is particularly thought to mediate contingency learning by transferring 

cue-reward information to the VTA137. Notably, a recent study has shown that certain OFC subpopulations 

retain a long-term memory of the original cue-reward association at both the individual neuronal and 
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collective population levels, even after the contingency changed, whereas other subpopulations adjust their 

activities to mirror the new contingencies 137. 

Our preliminary data, albeit not presented in this dissertation, also indicate a similar dichotomy at 

the single-cell level in the OT: some D1- and D2-type neurons adjust their responses to the altered 

contingency, while others maintain their reaction to the rewarded cue post-degradation. This observation 

opens up one entry point for future research to dissect the neural substrates encoding the stable ISI value. 

Moreover, it highlights the importance of employing longitudinal neuronal tracking techniques, such as in 

vivo multi-photon recording, for two primary reasons: firstly, to analyze the evolution of responses during 

learning and the preservation of these learned responses, necessitating longitudinal monitoring of the same 

neuron sets across multiple days of behavioral learning; secondly, it allows the sampling of heterogeneity 

and understanding of spatial distribution by imaging a large amount of neurons which are cell-type specific 

or projection-defined. These insights open avenues to explore the complexity of OT neural representation 

and the predictive value that may originate from distinct neuronal subpopulations.  

 

Together, these results provide new insights into the neural circuits involved in the representation 

of contingency in the mammalian brain. Further neuroscientific investigation will be needed to decipher 

the specific causal role of dopamine in detecting contingencies and determine the brain regions encoding 

these representations that influence behavior. Investigating diverse circuits within the neocortical, striatal, 

and limbic systems will enhance our comprehension of the neural mechanisms underpinning contingency, 

a vital element of an animal's dynamic strategy in response to everchanging world for survival. 
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