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Abstract

Reward prediction errors (RPEs) guide learning by comparing expected and obtained outcomes.
In mammals, ventral tegmental area (VTA) activity is closely linked to RPE-like signaling, yet how avian
VTA dynamics evolve during reinforcement learning remains less well characterized. Here we recorded
VTA spiking in pigeons (two females and one male) performing a cue-guided operant task in which a
green cue (cue+) predicted reward contingent on a key peck, whereas a red cue (cue−) was unre-
warded. Using a 16-channel microwire array, we analyzed pooled channel-level multiunit activity
(MUA) aligned to task events. Across sessions, cue+ trials showed a learning-related redistribution
of event-locked modulation: outcome-locked activity was more prominent early in training, while
cue-locked modulation became stronger as performance stabilized, consistent with a temporal-differ-
ence–like shift of prediction-related signals. Cue− trials were sparse after early learning and showed
limited cue-locked modulation in the available dataset. Together, these results provide initial evidence
that pigeon VTA pooled MUA exhibits learning-related dynamics consistent with RPE-like processing
and support cross-species comparisons of dopaminergic learning signals.
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Significance Statement

This study provides initial evidence that neurons in the pigeon ventral tegmental area (VTA) may encode
reward prediction error (RPE) signals during reinforcement learning. The results show that neural activ-
ity related to reward gradually shifts toward the predictive cue as learning progresses, consistent with
established models in mammals. These findings suggest that the basic neural processes underlying
reward-based learning may be shared across vertebrate species and contribute to a broader under-
standing of comparative learning mechanisms.

Introduction
Pioneering work by Schultz and colleagues first demonstrated reward-related phasic

activity in midbrain dopamine neurons in nonhuman primates (Schultz et al., 1993). This
seminal research paved the way for the influential reward prediction error (RPE) hypothe-
sis, formally proposed in 1997, which posited that dopaminergic neuronal firing encodes
the discrepancy between actual received rewards and their prediction (Schultz et al.,
1997). Specifically, neuronal activity is potentiated when outcomes exceed expectations
(positive RPE) and suppressed when outcomes fall short (negative RPE). Such RPEContinued on next page.
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signals are considered crucial for updating behavioral policies during reinforcement learn-
ing: positive errors reinforce preceding actions, while negative errors drive behavioral
adjustments, thereby optimizing future reward acquisition (Schultz et al., 1997; Kasdin
et al., 2025). Converging evidence has robustly established dopaminergic neurons within
the ventral tegmental area (VTA) as a primary neural substrate for these RPE computa-
tions, laying the neurobiological groundwork for understanding reward-guided learning
and decision-making (Romo and Schultz, 1990; Schultz et al., 1993, 1997; Montague
et al., 1996).
Since the introduction of the RPE theory by Schultz, the neural encoding of RPEs has

been extensively investigated and robustly validated across diverse mammalian species.
Studies employing electrophysiological and electrochemical techniques have demon-
strated that multiple brain regions—including the VTA, nucleus accumbens, and ventral
striatum—are involved in encoding RPE signals in both nonhuman primates (Stauffer
et al., 2014; Basanisi et al., 2023) and rodents (Pan et al., 2005; Flagel et al., 2011;
Takahashi et al., 2016; Goedhoop et al., 2023). These signals are critical for guiding
reward-based learning and modulating motivational states. Research in humans has pro-
vided converging lines of evidence. In humans, dopaminergic activity is typically inferred
using functional magnetic resonance imaging (fMRI), where changes in blood oxygenation
level-dependent signals have been shown to reflect RPE-related neural activity
(D’Ardenne et al., 2008; Daw et al., 2011). Complementing this indirect approach,
fast-scan cyclic voltammetry has enabled real-time measurement of subsecond dopa-
mine fluctuations in specific brain regions, providing direct evidence that human dopami-
nergic systems encode RPEs (Kishida et al., 2016; Sands et al., 2023).
Research on RPE signals has also encompassed avian species, with a predominant

focus on songbirds. Song learning in songbirds exhibits complexity, which shows intrigu-
ing parallels with human language acquisition. Previous studies have demonstrated that
dopaminergic neurons in songbirds generate RPE signals based on auditory feedback
from vocal performance, thereby reinforcing or suppressing specific song patterns
(Kubikova and Kostál, 2010; Gadagkar et al., 2016; Chen and Goldberg, 2020;
Toutounji et al., 2024). In contrast to the auditory-driven learning mechanisms of song-
birds, pigeons exhibit strong visual acuity and advanced cognitive capabilities
(Usherwood et al., 2011; Clayton and Emery, 2015), making them a valuable model for
investigating visually guided reinforcement learning and RPE coding. As nonsongbirds,
pigeons diverge significantly from bothmammals and songbirds in terms of brain architec-
ture (Carrillo and Doupe, 2004; Von Eugen et al., 2020), and the functional organization of
the VTA–basal ganglia circuitry remains poorly characterized.
Previous study has identified RPE signals in the nidopallium caudolaterale (NCL) of

pigeons, which shift temporally from the moment of reward delivery to the onset of the
cue stimulus (Packheiser et al., 2021). This temporal shift aligns with the predictions of
the temporal difference learning model. However, the VTA, which contains a high concen-
tration of dopaminergic neurons and is widely recognized as the principal source of RPE
signals, has not yet been definitively shown to encode RPE signals in pigeons in a manner
comparable to mammals. Furthermore, how the VTA dynamically modulates RPE signals
across trials in pigeons remains poorly understood.
As research into reinforcement learning has advanced, it has become increasingly evident

thatRPEsignaling in thebrain is a dynamicprocesscharacterizedby temporal shifts over the
course of learning. Extensive studies in mammals have demonstrated that, as learning pro-
gresses, RPE signals gradually shift from the time of actual reward delivery to the onset of
conditioned stimuli that predict the reward (Day et al., 2007; Enomoto et al., 2011; Clark
et al., 2013; Schultz, 2016; Zhong et al., 2017). This temporal migration reflects a fundamen-
tal mechanism by which the brain dynamically updates reward expectations and optimizes
behavior. However, studies on the temporal dynamics of RPE signals in nonmammalian
species such as birds remain limited, particularly in the context of operant conditioning
and complex learning tasks, where such research is relatively scarce.
To illustrate the neural coding properties of the pigeon VTA during reinforcement learn-

ing, we employed an operant conditioning paradigm utilizing visual cues. By integrating
channel-level multiunit activity (MUA) recordings with behavioral analysis, we examined
VTA activity as pigeons engaged in decision-making processes. Our research contributes
to provide insights into the shared and distinct mechanisms of reinforcement learning
between avian and mammalian species.
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To our knowledge, this is the first study to provide direct electrophysiological evidence that the pigeon VTA encodes
RPE signals, thereby extending cross-species comparative research on reinforcement learning.

Materials and Methods
Animals
Three healthy adult pigeons (Columba livia; P109, female; P117, female; and P121, male; 470–550 g) were used.

Pigeons were housed in a well-ventilated aviary (3 × 3× 2 m) with ad libitum access to water under standard laboratory
conditions. To maintain task motivation, pigeons were food-restricted during the training/recording period, while body
weight and health status were monitored and maintained within normal ranges. Although the number of subjects was lim-
ited, each pigeon completed repeated sessions with many trials, yielding a total of 455 valid trials across individuals after
quality control. The study was conducted according to the guidelines of the Declaration of Helsinki and approved by the
Life Science Ethical Review Committee of Zhengzhou University (No. ZZUIRB2022-44).

Experimental paradigm
The experiment began with an operant pretraining phase in which pigeons were trained to peck a key to obtain a food

reward, thereby establishing an association between specific actions and reward outcomes. Learning performance was
monitored throughout this phase, and individuals demonstrating robust acquisition were selected for subsequent testing.
In the formal reinforcement learning task, two pecking keys were presented, each paired with a specific visual cue—one

with green light and the other with red. When a green light appeared on a key, a pecking response from the pigeon resulted
in a food reward. In contrast, when a red light was displayed, pecking the key yielded no reward. The association between
visual cues (green, cue+; red, cue−) and reward outcomes was fixed across all pigeons, while the spatial positions of the
two cues on the left and right keys were randomized on each trial to avoid side bias. This design allowed pigeons to learn
the associations between visual stimuli (light cue), behavioral responses (key pecking), and outcomes (food). Neural activ-
ity in the VTA was recorded throughout the task. A schematic of the experimental paradigm is shown in Figure 1a.
The reinforcement learning procedure was as follows. Each pigeon was first placed inside the experimental apparatus

(Fig. 1b) for a brief acclimation period to ensure environmental adaptation and behavioral stabilization. At the start of each

Figure 1. Task design, recording setup, and VTA electrode localization. a, Schematic of the reinforcement learning experimental paradigm. In each trial,
either a green (cue+) or red (cue−) LED light is randomly illuminated for 2 s. If the pigeon pecks the green key during this period, it receives a 2 s food reward,
followed by a 2 s intertrial interval. Pecks on the red key or no response result in no reward and immediate transition to the next trial. For neural analyses,
precue/cue/outcome epochs were defined as 0.5 s windows aligned to cue onset and outcome time. b, A diagramof the experimental apparatus. c, Pigeon
with implanted electrode. d, Electrode implantation site, histological verification, raw traces and detected MUA spike events from the 16 recording
channels.
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trial, one of two LEDs—green (cue+) or red (cue−)—was randomly illuminated for 2 s. If the pigeon pecked the green key
within this time window, the food box was opened, delivering a food reward for 2 s, followed by a 2 s intertrial interval. In
contrast, if the pigeon pecked the red key or made no response, no reward was given, and the trial transitioned directly into
the intertrial interval. Each session was preset to include 100 trials, encompassing all three possible behavioral outcomes:
pecking the green key, pecking the red key, or failing to respond.
All experimental sessions were conducted daily between 3 and 4 P.M., with each session typically lasting ∼25–30 min.

This ensured a continuous learning process without fatigue. A pigeon was considered to have acquired the target behavior
pattern once its correct response rate to the green key exceeded 85% within a single session.

Surgery
After pretraining, pigeons underwent electrode implantation surgery. Animals were anesthetized via intramuscular injec-

tion of 2% sodium pentobarbital (0.2 ml per 100 g body weight) and positioned in a customized stereotaxic apparatus.
A 16-channel tungsten microwire array [Kedou (Suzhou) Brain Computer Technology; wire diameter 50 μm; interelectrode
spacing 300 μm]was chronically implanted targeting the VTA (Fig. 1c,d). Implantation coordinates were AP 4.25 ± 0.2 mm,
ML 1.5 ± 0.2 mm, and DV 9.50 mm. The array remained in a fixed position throughout all behavioral sessions (no microd-
rive advancement).

Neurophysiological data acquisition and preprocessing
After postoperative recovery, pigeons performed the reinforcement learning task while neural and behavioral data were

recorded simultaneously. Neural activity was amplified and recorded with a multichannel acquisition system (Cerebus,
128 channels, Blackrock Microsystems) at 30 kHz. Raw signals were bandpass filtered (0.25–5 kHz; Butterworth) to iso-
late spiking activity.
Spike events were detected independently on each channel using a fixed threshold set to 5× the noise standard devia-

tion. For each detected event, a 1.3 ms waveform segment (39 samples at 30 kHz) was extracted and aligned to the neg-
ative peak to reduce temporal jitter (Li et al., 2023). Importantly, given the 300 μm interelectrode spacing and the study’s
focus on population-level dynamics, spiking signals were treated as channel-level MUA rather than well-isolated single
units. Therefore, analyses were performed using channel-level spike times (MUA events) without making single-unit
claims. Example preprocessed waveforms are shown in Figure 2a.

Histological verification
Following the completion of electrophysiological recordings, pigeons were deeply anesthetized, and electrolytic lesions

weremade at the electrode implantation sites by applying direct current (1.1 mA for 30 s, repeated three times) to mark the
recording locations. Cardiac perfusion was then performed sequentially with physiological saline followed by 4% parafor-
maldehyde to fix the tissue. The brain was extracted and postfixed in 4%paraformaldehyde for an additional 16 h and then
cryoprotected in 30% sucrose solution until fully dehydrated. After cryoprotection, the brain tissue was frozen and cor-
onally sectioned at a thickness of 40 μm. Brain sections were processed with Nissl staining (Cresyl violet) and immuno-
fluorescence staining (tyrosine hydroxylase), respectively. Stained sections were compared with a standard pigeon brain
atlas to verify the accuracy of the electrode implantation sites.

Behavioral data analysis
Behavioral performance was quantified for each pigeon and each session. Pecking accuracy was defined as the

proportion of green-key selections among all key-peck trials (green + red) within a session. Session-by-session
changes in pecking accuracy are shown in Results (Fig. 2a). Overall, pigeons progressively increased their preference
for the green key across training, consistent with learning the association between cue, key selection, and reward
outcome.

MUA data analysis
Spike activity was analyzed based on channel-level MUA recorded from a 16-channel microwire array. For each session,

the continuous signal from each channel was bandpass filtered (250–5,000 Hz), and spike events were detected using a
fixed threshold of 5× the noise standard deviation. Spike times from all 16 channels were pooled to characterize
population-level VTA spiking dynamics.

Trial-level quality control. To ensure data quality, we excluded (1) premature responses (response time <500 ms from
cue onset) and (2) trials contaminated by large-amplitude wing flapping or other movement-related artifacts. Unless oth-
erwise stated, all analyses were conducted on the remaining valid trials.

Spike counts and rate metrics. To quantify how spiking was distributed across task epochs, we computed an epoch-
wise spike proportion from pooled VTA MUA. For each valid trial, spike events detected across the 16 channels were
pooled and counted within three predefined 0.5 s epochs: precue reference (−0.5 to 0 s relative to cue onset), cue
(0–0.5 s), and reward/outcome (0–0.5 s relative to reward delivery; rewarded trials only). Let Npre, Ncue, and Nrew denote
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the pooled spike counts within these epochs. For cue+ (rewarded) trials, we defined the proportion of spikes in each
epoch as follows:

ppre = Npre

Npre + Ncue + Nrew
, pcue = Ncue

Npre + Ncue + Nrew
, prew = Nrew

Npre + Ncue + Nrew
, (1)

where p [ [0, 1] represents the fraction of spikes occurring during precue relative to the total spikes across the three
epochs in that trial.
For cue− (nonrewarded) trials, because reward delivery does not occur, analyses were restricted to the precue, and cue

epochs and proportions were computed as follows:

ppre = Npre

Npre + Ncue
, pcue = Ncue

Npre + Ncue
. (2)

These proportion metrics were computed on a trial-by-trial basis and then summarized at the session level by averaging
across valid trials (mean±SD), as reported in Figures 3 and 4.

Raster plots, PSTHs, and sliding-window analysis. To visualize task-related spiking, we constructed raster plots and
peristimulus time histograms (PSTHs) based on pooled MUA. In raster plots, the y-axis indicates the index of valid trials,
and each tick represents a detected MUA spike event within that trial (pooled across all 16 channels). PSTHs were gen-
erated by binning spike times using a fixed bin width, computing spike counts per bin for each trial, converting counts to
firing rates, and then averaging across valid trials. PSTHs are reported as either pooled-array activity (spikes/s) or channel-
normalized activity (spikes/s/channel), as specified in the corresponding figure captions.
To quantify temporal dynamics in spiking strength, we performed a sliding-window analysis on spike counts derived

from the pooled MUA. Spike counts were computed within a moving window (window size and step as specified in the
figure caption), converted to firing rates, and used to generate continuous firing-rate curves over time. For a given epoch,
the area under the firing-rate curve provides a compact measure of response magnitude within that temporal segment.

Trial exclusion criteria, sample-size summary, and analysis windows
Trials in which pigeons pecked within 0.5 s of light onset were classified as premature responses and excluded from

analysis. Trials contaminated by large-amplitude wing flapping or other movement-related artifacts were also excluded.
These exclusion criteria were applied consistently across pigeons and sessions; however, the proportion of excluded trials
varied across individuals due to differences in behavior and movement.
After trial-level quality control, a total of 451 valid trials were retained across the dataset (summarized by pigeon in

Table 1 and by session in Table 2). All sessions were recorded using the same 16-channel array, and spike events
were analyzed as pooled MUA across channels.
To examine learning-related dynamics, sessions were categorized into a learning phase and a consolidation phase

based on behavioral performance, using a correct response rate threshold of 85% to delineate the boundary. The learning
phase included sessions before the animal achieved ≥85% correct responses, while the consolidation phase included
sessions once performance met or exceeded this threshold. We note that this 85% threshold was used as an operational
criterion for phase labeling (learning vs consolidation), rather than as a strict stopping rule. Accordingly, the number of
recorded sessions differed across pigeons: P109 and P121 include additional postacquisition sessions to sample stable
(consolidation) activity, whereas P117 reached criterion by Session 3 and therefore did not undergo further training/
recording sessions.
For event-aligned neural analyses, the precue period was defined as the 0.5 s precue reference window immediately

preceding cue onset (−0.5 to 0 s), the cue period as the 0.5 s window immediately following cue onset (0–0.5 s), and
the reward/outcome period as the 0.5 s window following reward delivery (0–0.5 s relative to reward onset; rewarded trials
only). This precue definition was chosen to quantify firing changes in a temporally contiguous window around cue onset;
we note that as learning progresses, the precue windowmay include anticipatory activity and therefore precue referenced
effects are interpreted conservatively. For visualization, these three event-locked segments were concatenated into a

Table 1. Summary of trial inclusion/exclusion and recording channels (pooled MUA) by pigeon

Pigeon ID (sex)
Total trials/valid trials/
excluded trials Exclusion reasons (trial count)

Number of
channels

P109 (female) 267/210/57 Premature response (<500 ms; n=35) large-amplitude wing flapping (n=22) 16
P117 (female) 153/89/64 Premature response (<500 ms; n=33) large-amplitude wing flapping (n=31) 16
P121 (male) 319/152/167 Premature response (<500 ms; n=97) large-amplitude wing flapping (n=70) 16
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1.5 s analysis window (precue to cue to outcome), with time shown relative to cue onset (and outcome onset where
applicable).

Statistical analysis
Statistical analyses were performed using nonparametric tests. For paired comparisons within the same trials or ses-

sions (e.g., precue vs cue or precue vs reward within a session), we used the Wilcoxon signed-rank test. For comparisons
between independent groups (e.g., learning vs consolidation phase when treated as independent samples), we used the
Wilcoxon rank-sum test. All tests were two-tailed with significance set at p , 0.05. In figures, * indicates p , 0.05 and n.s.
indicates nonsignificance.

Results
We first summarize the behavioral learning progress and provide an overview of the recorded spiking signals. Across

pigeons, cue+ (green-key) pecking accuracy increased over training sessions, reaching a stable high level as the task
was acquired (Fig. 2a; P109 and P121, Sessions 1–5; P117, Sessions 1–3). To illustrate the quality of the recorded spiking
activity after preprocessing, we also show representative spike waveform samples extracted from the VTA recordings
(Fig. 2b). Building on this behavioral improvement and signal overview, we next analyzed event-aligned VTA pooled
MUA dynamics during cue+ trials across sessions.

Learning-related temporal redistribution of VTA pooled MUA during cue+ trials
To examine how event-aligned VTA activity evolves across learning in cue+ trials, we analyzed pooled channel-level

MUA across three predefined epochs (precue reference, cue, and reward) and tracked changes over training sessions
(Fig. 3). In pigeon P109 (five sessions total), Sessions 1–3 were classified as the learning phase and Sessions 4–5 as
the consolidation phase based on behavioral performance. The raster plots and PSTHs illustrate that, during early learning
(Session 1), event-locked modulation was more concentrated around the reward period, whereas cue-locked modulation
was relatively weak (Fig. 3a). As training progressed (Sessions 2–3), cue-aligned modulation becamemore apparent while
reward-aligned modulation diminished. In the consolidation phase (Sessions 4–5), modulation was predominantly aligned
to the cue period, consistent with a redistribution of event-locked activity from outcome to cue as performance stabilized.

Table 2. Session-wise summary of trial counts used for pooled MUA analyses

Pigeon ID Session Extracted key-peck trials Valid trials Channels included (n)

P109 S1 41 28 16
S2 55 39 16
S3 53 40 16
S4 61 54 16
S5 57 49 16

P117 S1 45 21 16
S2 57 35 16
S3 51 33 16

P121 S1 63 26 16
S2 72 33 16
S3 68 34 16
S4 67 32 16
S5 49 27 16

Figure 2.Behavioral learning curves and representative VTA spike waveforms. a, Key pecking accuracy of P109, P117, and P121 across sessions. b, Spike
waveform samples after preprocessing.
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Figure 3. Learning-related redistribution of VTA pooled MUA across task epochs during cue+ trials. a, Example cue+ rasters (left) and PSTHs (right) for
pigeon P109 across sessions, aligned to cue onset (0.5 s) and reward delivery (1.0 s; dashed lines). Background shading indicates sessions assigned
to the learning phase (blue) versus the consolidation phase (pink) based on behavioral performance. For each session, PSTHs are shown at two temporal
resolutions (upper, 10 ms bins; lower, 100 ms bins with a 5-point moving average for visualization). b, Session-wise spike proportions for cue+ trials in the
precue reference, cue+, and reward epochs for each pigeon (mean±SD across valid trials). Statistical significance is indicated above bars (see Materials
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We quantified this pattern using trial-level spike proportions computed on valid trials after quality control. Across
pigeons, session-wise summaries show that the reward-epoch proportion was highest early and decreased with learning,
whereas the cue-epoch proportion increased and became larger in later sessions (Fig. 3b). As a representative
example, the corresponding session-wise trajectories and session-to-session changes for pigeon P109 are shown in
Figure 3, c and d. Within each pigeon and session, session-level mean spike proportions differed significantly across
the precue, cue+, and reward epochs in multiple sessions (Fig. 3b; see Materials and Methods, Statistical analysis).
Together, these results indicate that cue+ learning is accompanied by a robust temporal redistribution of VTA pooled
spiking from outcome-locked to cue-locked epochs, consistent with a learning-related shift from outcome-locked to
cue-locked modulation.

Early rapid changes followed by stabilization in cue− and reward-locked activity
To summarize the time course of learning-relatedmodulation, we focused on the representative pigeon P109 and exam-

ined how cue− and reward-epoch spike proportions evolved across sessions. In P109, the cue-epoch proportion
increased, and the reward-epoch proportion decreased primarily during the early sessions (Sessions 1–3), whereas
both measures showed only modest variation once performance stabilized (Sessions 4–5; Fig. 3c). Consistent with
this, the session-to-session change (Δ proportion; Session n+1−Session n) was largest early and became small in later
session pairs (Fig. 3d). This pattern parallels the behavioral learning curve, indicating that the redistribution of VTA
event-locked activity occurs most prominently during early training and stabilizes as the task is acquired. Thus, both beha-
vior and neural measures converge on a fast initial learning phase followed by a plateau, during which cue-locked mod-
ulation is maintained with reduced session-to-session change.

Cue− trials show limited cue-locked modulation
To evaluate cue-locked modulation during cue− (red-key) choices, we analyzed pooled VTA MUA on trials in which

pigeons selected the red key, focusing on the precue reference and cue epochs (Fig. 4). In the illustrative example
P109, raster plots and PSTHs aligned to cue− onset showed broadly similar spiking density before and after cue presen-
tation across Sessions 1–3 (Fig. 4a). Consistent with this qualitative pattern, session-wise trial–level comparisons between
the precue and cue windows did not reveal a significant difference in mean spike proportion for cue− trials (Fig. 4b; n.s.
across sessions for each pigeon). Together, these results indicate that cue− trials exhibited limited cue-locked modulation
in the available dataset.

Discussion
This study combined behavioral analysis and VTA recordings to examine learning-related changes in event-aligned VTA

activity in pigeons. Using pooled channel-level MUA (spike events pooled across the 16 recording channels), we observed
a learning-related redistribution of event-locked modulation in cue+ trials, with outcome-locked activity being more prom-
inent early in training and cue-locked modulation becoming more apparent as performance stabilized. These patterns are
consistent with a temporal-difference–like account of RPE signaling. Cue− trials were sparse after early learning; therefore,
cue− activity is reported descriptively and we do not draw strong conclusions regarding value-dependent temporal effects
from those analyses. Overall, our results suggest parallels between avian VTA activity and RPE-like dynamics reported in
other species, while emphasizing the exploratory nature of the present dataset.
In cue+ trials, pooled VTA MUA showed a learning-related temporal redistribution from outcome-locked to cue-locked

modulation. This dynamic is consistent with predictions from the temporal difference learning model (Sutton and Barto,
2018). According to the temporal difference model, RPE signals are expected to move in time from the reward to the pre-
dictive cue as learning advances, representing the increasing precision of reward prediction in reinforcement learning. Our
findings provide further empirical support for this theoretical framework and reveal that the rate of signal shift is faster dur-
ing the early stages of learning and gradually stabilizes over time. This shift may reflect the VTA’s role in rapidly updating
prediction errors during initial learning phases, with the magnitude of signal adjustment decreasing as reward expecta-
tions become more precise (Lak et al., 2016).
Pigeon VTA pooled channel-level MUA exhibited RPE-like, event-locked dynamics and a learning-related temporal

redistribution from outcome-locked to cue-locked modulation in cue+ trials. This pattern is consistent with cross-species
reports of TD-like temporal redistribution in dopaminergic systems in mammals (Romo and Schultz, 1990; Schultz et al.,
1997; Niv, 2009; Kim et al., 2020; Schultz, 2024), suggesting that similar computational principles may operate across
species.

�
and Methods, Statistical analysis). c, Representative example from pigeon P109 illustrating how the session-wise mean spike proportion evolves across
training. Each point corresponds to the samemean value shown for P109 in panel b (computed across valid trials within that session for the cue and reward
epochs). The curve is provided as a visualization of the learning-related trajectory rather than a group-level summary. d, Session-to-session change in the
same metric for P109, computed as Δ= value (Session n+1)− value (Session n), where each value is the session-wise mean spike proportion (identical to
the corresponding bar height in panel b).
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Cue− (red-key) trials were sparse after early learning; therefore, cue− activity is reported descriptively, and we refrain
from making claims about value-dependent temporal shifts. Although prior studies suggest dopaminergic signals can
be sensitive to reward value (Tobler et al., 2005; Rios et al., 2023), our dataset is not sufficient to evaluate such effects
reliably.
Nevertheless, this study has several limitations that warrant discussion and further investigation. The first limitation of

this study is the small sample size (N=3 pigeons). While our findings provide preliminary evidence for the dynamic encod-
ing of RPE signals in the pigeon VTA, the limited cohort inevitably reduces the statistical power of our analyses and con-
strains the generalizability of the results. However, it should be emphasized that avian neurophysiology research often
adopts small cohorts combined with intensive within-subject trial repetitions. In our study, each pigeon contributed hun-
dreds of valid trials, yielding a total of 451 trials across individuals, and the behavioral and neural patterns were highly con-
sistent across subjects. This design provides sufficient reliability for exploratory work and establishes a solid foundation
for future studies, which will need to expand the sample size to validate and extend these observations.
Second, this study primarily focused on the signal activity of the VTA as a single brain region, without systematically

examining its interactionswith other brain regions. Existing research has shown that the activity of NCL dopaminergic neu-
rons is strongly influenced by the VTA (Kalt et al., 1999; Von Eugen et al., 2020), and its role in reward learning may be
highly correlated with the VTA. Future research could further elucidate the role of the VTA–NCL network in RPE signal gen-
eration through multibrain region joint recordings.
Finally, another limitation concerns the task design. This study did not include reward omission or extinction (forgetting)

paradigms. According to the classical RPE theory, in contrast to positive RPE, the activity of dopamine neurons decreases
below precue levels when the expected reward is omitted (Tian and Uchida, 2015). Similarly, extinction tasks, in which a
previously learned association is no longer reinforced (Packheiser et al., 2019), are critical for dissociating genuine RPE
signals from neural responses that simply reflect stable stimulus–reward associations. Our deterministic reinforcement

Figure 4. Cue− trials show limited cue-locked modulation in VTA pooled MUA. a, Example cue− rasters (left) and PSTHs (right) for pigeon P109 across
Sessions 1–3, aligned to cue− onset (dashed line). The y-axis indexes valid trials after trial-level quality control. For each session, PSTHs are shown at
two temporal resolutions (upper, 10 ms bins; lower, 100 ms bins with a 5-pointmoving average for visualization). b, Session-wise comparison of cue− spike
proportions between the precue reference and cue− epochs for each pigeon (mean±SD across valid trials). “n.s.” indicates no significant difference
between epochs (see Materials and Methods, Statistical analysis).
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schedule was deliberately chosen to establish a clear precue of VTA activity in pigeons, enabling us to identify RPE-like
dynamics under controlled conditions. Future research should therefore incorporate probabilistic reward paradigms,
explicit reward omission, and extinction experiments to systematically differentiate RPE signals from other neural repre-
sentations and to further validate the generalizability of our findings.

References
Basanisi R, Marche K, Combrisson E, Apicella P, Brovelli A (2023) Beta

oscillations in monkey striatum encode reward prediction error sig-
nals. J Neurosci 43:3339–3352.

Carrillo GD, Doupe AJ (2004) Is the songbird area X striatal, pallidal, or
both? An anatomical study. J Comp Neurol 473:415–437.

Chen R, Goldberg JH (2020) Actor-critic reinforcement learning in the
songbird. Curr Opin Neurobiol 65:1–9.

Clark JJ, Collins AL, Sanford CA, Phillips PEM (2013) Dopamine
encoding of Pavlovian incentive stimuli diminishes with extended
training. J Neurosci 33:3526–3532.

Clayton NS, Emery NJ (2015) Avian models for human cognitive neu-
roscience: a proposal. Neuron 86:1330–1342.

D’Ardenne K, McClure SM, Nystrom LE, Cohen JD (2008) BOLD
responses reflecting dopaminergic signals in the human ventral
tegmental area. Science 319:1264–1267.

Daw ND, Gershman SJ, Seymour B, Dayan P, Dolan RJ (2011)
Model-based influences on humans’ choices and striatal predic-
tion errors. Neuron 69:1204–1215.

Day JJ, Roitman MF, Wightman RM, Carelli RM (2007) Associative
learning mediates dynamic shifts in dopamine signaling in the
nucleus accumbens. Nat Neurosci 10:1020–1028.

Enomoto K, Matsumoto N, Nakai S, Satoh T, Sato TK, Ueda Y,
Inokawa H, Haruno M, Kimura M (2011) Dopamine neurons learn
to encode the long-term value of multiple future rewards. Proc
Natl Acad Sci U S A 108:15462–15467.

Flagel SB, Clark JJ, Robinson TE, Mayo L, Czuj A, Willuhn I, Akers CA,
Clinton SM, Phillips PEM, Akil H (2011) A selective role for dopa-
mine in stimulus–reward learning. Nature 469:53–57.

Gadagkar V, Puzerey PA, Chen R, Baird-Daniel E, Farhang AR,
Goldberg JH (2016) Dopamine neurons encode performance error
in singing birds. Science 354:1278–1282.

Goedhoop J, Arbab T, Willuhn I (2023) Anticipation of appetitive oper-
ant action induces sustained dopamine release in the nucleus
accumbens. J Neurosci 43:3922–3932.

Kalt T, Diekamp B, Gunturkun O (1999) Single unit activity during a
GorNoGo task in the “prefrontal cortex” of pigeons. Brain Res
839:263–278.

Kasdin J, Duffy A, Nadler N, Raha A, Fairhall AL, Stachenfeld KL,
Gadagkar V (2025) Natural behaviour is learned through dopamine-
mediated reinforcement. Nature 641:699–706.

Kim HR, et al. (2020) A unified framework for dopamine signals across
timescales. Cell 183:1600–1616.e25.

Kishida KT, Saez I, Lohrenz T, Witcher MR, Laxton AW, Tatter SB,
White JP, Ellis TL, Phillips PEM, Montague PR (2016) Subsecond
dopamine fluctuations in human striatum encode superposed error
signals about actual and counterfactual reward. Proc Natl Acad Sci
U S A 113:200–205.

Kubikova L, Kostál L (2010) Dopaminergic system in birdsong learning
and maintenance. J Chem Neuroanat 39:112–123.

Lak A, Stauffer WR, Schultz W (2016) Dopamine neurons learn relative
chosen value from probabilistic rewards. Elife 5:e18044.

Li S, Tang Z, Yang L, Li M, Shang Z (2023) Application of deep rein-
forcement learning for spike sorting under multi-class imbalance.
Comput Biol Med 164:107253.

Montague P, Dayan P, Sejnowski T (1996) A framework for mesence-
phalic dopamine systems based on predictive Hebbian learning.
J Neurosci 16:1936–1947.

Niv Y (2009) Reinforcement learning in the brain. J Math Psychol
53:139–154.

Packheiser J, Güntürkün O, Pusch R (2019) Renewal of extinguished
behavior in pigeons (Columba livia) does not require memory con-
solidation of acquisition or extinction in a free-operant appetitive
conditioning paradigm. Behav Brain Res 370:111947.

Packheiser J, Donoso JR, Cheng S, Güntürkün O, Pusch R (2021)
Trial-by-trial dynamics of reward prediction error-associated sig-
nals during extinction learning and renewal. Prog Neurobiol
197:101901.

Pan W-X, Schmidt R, Wickens JR, Hyland BI (2005) Dopamine cells
respond to predicted events during classical conditioning: evi-
dence for eligibility traces in the reward-learning network.
J Neurosci 25:6235–6242.

Rios A, et al. (2023) Reward expectation enhances action-related
activity of nigral dopaminergic and two striatal output pathways.
Commun Biol 6:914.

RomoR, SchultzW (1990) Dopamine neurons of themonkeymidbrain:
contingencies of responses to active touch during self-initiated
arm movements. J Neurophysiol 63:592–606.

Sands LP, Jiang A, Liebenow B, DiMarco E, Laxton AW, Tatter SB,
Montague PR, Kishida KT (2023) Subsecond fluctuations in extra-
cellular dopamine encode reward and punishment prediction
errors in humans. Sci Adv 9:eadi4927.

Schultz W (2016) Dopamine reward prediction-error signalling: a two-
component response. Nat Rev Neurosci 17:183–195.

Schultz W (2024) A dopamine mechanism for reward maximization.
Proc Natl Acad Sci U S A 121:e2316658121.

SchultzW, Apicella P, Ljungberg T (1993) Responses ofmonkey dopa-
mine neurons to reward and conditioned stimuli during successive
steps of learning a delayed response task. J Neurosci 13:900–913.

SchultzW, Dayan P, Montague PR (1997) A neural substrate of predic-
tion and reward. Science 275:1593–1599.

Stauffer WR, Lak A, Schultz W (2014) Dopamine reward prediction
error responses reflect marginal utility. Curr Biol 24:2491–2500.

Sutton RS, Barto AG (2018) Reinforcement learning: an introduction,
Ed 2. Cambridge, MA: MIT Press.

Takahashi YK, Langdon AJ, Niv Y, Schoenbaum G (2016) Temporal
specificity of reward prediction errors signaled by putative dopa-
mine neurons in rat VTA depends on ventral striatum. Neuron
91:182–193.

Tian J, Uchida N (2015) Habenula lesions reveal that multiple mecha-
nisms underlie dopamine prediction errors. Neuron 87:1304–1316.

Tobler PN, Fiorillo CD, Schultz W (2005) Adaptive coding of reward
value by dopamine neurons. Science 307:1642–1645.

Toutounji H, Zai AT, Tchernichovski O, Hahnloser RHR, Lipkind D
(2024) Learning the sound inventory of a complex vocal skill via
an intrinsic reward. Sci Adv 10:eadj3824.

Usherwood JR, Stavrou M, Lowe JC, Roskilly K, Wilson AM (2011)
Flying in a flock comes at a cost in pigeons. Nature 474:494–497.

Von Eugen K, Tabrik S, Güntürkün O, Ströckens F (2020) A compara-
tive analysis of the dopaminergic innervation of the executive cau-
dal nidopallium in pigeon, chicken, zebra finch, and carrion crow.
J Comp Neurol 528:2929–2955.

Zhong W, Li Y, Feng Q, Luo M (2017) Learning and stress shape the
reward response patterns of serotonin neurons. J Neurosci
37:8863–8875.

Research Article: New Research 10 of 10

March 2026, 13(3). DOI: https://doi.org/10.1523/ENEURO.0355-25.2026. 10 of 10

https://doi.org/10.1523/ENEURO.0355-25.2026

	 Introduction
	 Materials and Methods
	Outline placeholder
	 Animals
	 Experimental paradigm
	 Surgery
	 Neurophysiological data acquisition and preprocessing
	 Histological verification
	 Behavioral data analysis
	 MUA data analysis
	 Trial-level quality control
	 Spike counts and rate metrics
	 Raster plots, PSTHs, and sliding-window analysis

	 Trial exclusion criteria, sample-size summary, and analysis windows
	 Statistical analysis


	 Results
	 Learning-related temporal redistribution of VTA pooled MUA during cue+ trials
	 Early rapid changes followed by stabilization in cue− and reward-locked activity
	 Cue− trials show limited cue-locked modulation

	 Discussion
	 References

