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The basal ganglia process diverse reward values from various modalities using
limited resources, necessitating efficient processing. The convergence of
sensory reward values at the single-neuron level enables the efficient use of

limited neural resources. However, this raises a critical question: does such
convergence compromise modality-specific information and degrade the
overall information quality? Here, we reveal that the population representa-
tion of bimodal value neurons in the macaque putamen, which converges
value information from tactile and visual inputs, efficiently preserves both
value and modality information through shared abstract representations.

These population representations generalized across identical modalities and
values, establishing and maintaining an efficient low-dimensional representa-
tion as the neural geometry dynamically shifted toward value-guided move-

ment within a single trial. Interestingly, a faster transformation of this
geometry into a shared-value representation in bimodal value neurons was
associated with a cognitive state reflecting well-adapted and well-learned
value-guided behavior. In contrast, this relationship was notably absent in
unimodal value neurons. Our results indicate that bimodal value neurons in
the putamen play a key role in balancing efficiency and information fidelity
through shared neural representations, with their dynamic changes facilitating
the cognitive states required for value-guided behavior.

Our brain processes numerous functions with a limited number of
neurons, unlike contemporary artificial intelligence, which can expand
its computing resources. This limitation is particularly prominent in
cortico-basal ganglia circuits, where neuron numbers are significantly
reduced, referred to as the anatomical funneling circuit"*. This ana-
tomical arrangement suggests that striatal neurons might process
multiple cortical inputs in a convergent manner'”. Interestingly, we
have demonstrated this convergent processing, particularly when
encoding reward value information across different modalities at the
single-neuron level in the primate putamen®. Bimodal value neurons,
which encode both tactile and visual value information, constituted

more than half of the value-coding neurons in the putamen, under-
scoring the striatum’s ability to efficiently handle a variety of functions
with fewer neurons. This indicates that the striatum employs an
information processing strategy that is quantitatively efficient.
Pursuing quantitative efficiency alone does not guarantee the
quality of the information; instead, it often compromises the quality. If
bimodal value neurons encode both tactile and visual value informa-
tion into a unified value representation without preserving their
modality features, the result can be a decline in information quality®.
This issue may be critical, particularly in conditions that require ani-
mals to rely on both modality and value information. Additionally,
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such information may not be immediately necessary but could be
useful in future learning and decision-making scenarios. Therefore,
preserving the complete set of information could be beneficial for
optimizing value-guided behavior in various environments. Based on
this, we hypothesized that neurons in the putamen employ mechan-
isms to ensure both quantitative efficiency and the qualitative pre-
servation of information.

Efficient information processing may involve generalizing multi-
ple pieces of information based on shared features. Considering neu-
ronal energy consumption, generating more neural patterns requires
greater energy, as transitions between brain states involve synaptic
changes, ion channel alterations, and structural modifications, all
demanding an ATP supply’. Structured neural representations that
leverage these shared features enable brain regions to process diverse
information more concisely and efficiently within lower-dimensional
neural representations'®", This abstract form of neural geometry has
been observed in the prefrontal cortex and hippocampus, where it
reflects the cognitive states of subjects™*. However, it remains
unclear as to whether such abstract representations exist in the pri-
mate putamen within the basal ganglia system.

The putamen has traditionally been recognized for its role in
motor control compared to other basal ganglia structures, primarily
due to its anatomical inputs from the primary motor cortex (M1) and
outputs to the globus pallidus internal segment, which in turn projects
back to M1>'*?, However, putamen neurons also receive inputs from
sensory regions, including the somatosensory cortex for tactile pro-
cessing and the temporal cortex for visual processing, as well as
dopaminergic input from the substantia nigra pars compacta® >,
Reflecting these anatomical connections, studies have reported var-
ious roles of the putamen, including action value processing”*¢, object
value processing”*®, and learning® . These findings suggest that the
putamen plays a broader role beyond motor control, extending into
cognitive processes such as value learning and behavioral adaptation
potentially through sensory-to-value transformation.

Given its processing of motor, sensory, and value-related signals,
fundamental questions remain: How does the putamen encode two
different types of information, value and modality, at the population
level? Does the putamen’s population activity generate an efficient
neural geometry through shared representations, and if so, how does
this geometry dynamically transform across learning phases? Fur-
thermore, which aspects of its neural representation most directly
reflect and guide the cognitive states underlying adaptive value-guided
movements?

In this study, we examined the neural geometry in the primate
putamen, analyzing representations for each modality and value
through cross-condition generalization performance (CCGP) out-
comes using pseudo-populations'®. Our findings revealed that bimodal
value neurons efficiently encode both modality and value information
with a low-dimensional representation, exhibiting dynamic changes in
their geometric structures across task periods. We also conducted
additional analyses to investigate whether these dynamic changes in
neural geometry were correlated with cognitive states during the
execution of value-guided behavior.

Results

Convergent processing of tactile and visual values in the primate
putamen

To examine how the population of neurons in the primate putamen
processes value information from tactile and visual inputs, we
trained monkeys to perform both tactile and visual value reversal
tasks, as previously described (Fig. 1A, B and Supplementary
Fig. SIA)®. In the tactile and visual value reversal tasks (T-VRT and
V-VRT), one braille pattern or fractal image was associated with a
reward (good), and the other was not (bad). This stimulus-reward
contingency was reversed after 40 trials, enabling the examination of

neural responses encoding the value while excluding neural
responses to the stimuli (Fig. 1C).

In both tasks, the same tactile or visual stimulus was presented
twice after the presentation of a square cue indicating finger insertion,
enabling the monkeys to experience the stimulus during the first cue
presentation (stimulus presentation period) and to predict the reward
outcome during the blank delay period before the second cue pre-
sentation (Fig. 1B). Consequently, the monkeys inserted their fingers
more rapidly into the hole after the second cue presentation when the
previously experienced good stimulus was presented compared to the
bad stimulus (Fig. 1D). Specifically, the monkeys inserted their fingers
more slowly to bad stimuli in V-VRT than T-VRT, while they responded
more quickly to good stimuli in T-VRT than V-VRT (Supplementary Fig.
S1B). There were more give-up trials (i.e., trials in which the monkeys
did not insert their fingers into the hole) when they encountered bad
stimuli in V-VRT (Supplementary Fig. S1IC). When assessing how quickly
the monkeys adapted their behavior following a value reversal, their
reaction times shifted rapidly within four trials for both good and bad
stimuli in both tasks (Supplementary Fig. SID, E). Overall, the differ-
ence in the reaction time indicates that the monkeys acquired and
retained the values associated with the tactile and visual stimuli until
the second cue presentation.

Three types of value-coding neurons were identified in the pri-
mate putamen through single-unit recording, as previously reported:
tactile-selective value neurons, which respond specifically to tactile-
related value information; visual-selective value neurons, which
encode value information related to visual stimuli; and bimodal value
neurons, which encode value information from both tactile and visual
modalities (Fig. 1E)®. Bimodal value neurons comprise 43% of all task-
related responsive neurons (129/299) and 52% of all value-coding
neurons (129/247).

Notably, we observed that bimodal value neurons in the putamen
showed value discrimination responses in both T-VRT and V-VRT, but
these responses differed during the same periods and often occurred
in entirely different periods (Fig. 1F, G and Supplementary Fig. S2A, B).
Figure 1F shows an example neuron that exhibited stronger responses
to good stimuli than to bad stimuli during the stimulus presentation
period in both T-VRT and V-VRT, but its response patterns differed
between the two tasks. Moreover, value encoding of the putamen
neurons was often distributed across different task periods rather than
confined to a single period (Supplementary Table S1). For instance, the
neuron in Fig. 1G encoded both tactile and visual values, but it repre-
sented each value during different periods: the tactile value was
encoded during the blank delay period while the visual value was
encoded during the stimulus presentation period.

These bimodal value neurons recorded across all putamen areas
exhibited heterogeneity during the processing of modality informa-
tion: at the single-neuron level, 55% of bimodal value neurons encoded
modality information, while 45% did not (Supplementary Fig. S2C).
Bimodal value neurons did not show significant differences in the
timing of value discrimination, but they exhibited a greater magnitude
of value discrimination responses in V-VRT compared to T-VRT (Sup-
plementary Fig. S2D, E).

For a more thorough exploration of how bimodal value neurons
encode modality and value, we calculated the pairwise correlation of
regression coefficients for each unit (Fig. 1H). These results showed no
statistically significant correlation between modality and value
responses (p=0.15, Pearson’s correlation), indicating that these
representations are highly separable.

Given that the putamen is known to play a role in motor
movements>>>*, we further examined whether eye, finger, and arm
movements could be classified based on the reward value during
T-VRT and V-VRT. However, our analysis revealed that the monkeys did
not adjust their eye, finger, or arm movements according to either
reward value or modality, indicating that bimodal value neurons
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Fig. 1| Tactile and visual value-guided finger-insertion behavior and hetero-
geneous responses of bimodal value neurons in the primate putamen. A A
diagram illustrating the experimental setup for macaque monkeys. Tactile stimuli
were delivered via a tactile presenter, and visual stimuli were presented on a
monitor screen when the monkey inserted its finger into the tactile stimulus pre-
sentation box. Neural activities in the putamen were recorded as the monkey
performed the tasks. B Procedures of two different modality value reversal tasks:
referred to here as the Tactile Value Reversal Task (T-VRT) and the Visual Value
Reversal Task (V-VRT). The two tasks are identical in terms of the procedure, with
the only difference being the type of stimuli presented. C In T-VRT, braille patterns
were used as tactile stimuli. In V-VRT, fractal images were used as visual stimuli. To
avoid confusion in neural responses to the stimulus and value, reversal of the value
was applied. D Differences in reaction times for finger insertion after the onset of
the second cue based on stimulus-associated value (n =299 sessions for both T-VRT
and V-VRT, collected from two monkeys). Two-sided Wilcoxon signed-rank test was

used for T-VRT (p=8.866 x 10™) and two-sided paired t-test for V-VRT

(p=1.393 x 10™™*) (**p < 0.0005). The solid thick gray bar in the center of each
violin plot represents the interquartile range (from the 1st to the 3rd quartile), and
the thin line shows the data range excluding outliers. The white circle within each
plot indicates the median value. E Pie chart of recorded neurons in the putamen
(n=299). F Responses of an example bimodal value neuron in the putamen in
T-VRT and V-VRT. SPK/s: spikes per second. G Responses of another bimodal value
neuron as an example. SPK/s: spikes per second. H The pairwise relationship
between regression coefficients for modality and value in bimodal value neurons
(n=129). A two-sided Pearson’s correlation test was used to assess statistical sig-
nificance. Figure 1B, C adapted from Hwang, SH., Park, D., Lee, JW. et al. Convergent
representation of values from tactile and visual inputs for efficient goal-directed
behavior in the primate putamen. Nat. Commun. 15, 8954 (2024). https://doi.org/
10.1038/s41467-024-53342-X.
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Fig. 2 | The neural ensemble of bimodal value neurons in the putamen repre-
sents both modality and value information. A Illustration of two hypotheses of
the way bimodal value neurons process both modality and value information.

B Decoding performance plotted as a function of time for each variable in bimodal
value neurons: modality, value, and the interaction between modality and value.
Horizontal bars represent periods of decoding accuracy above the permutation
results (right-tailed z-test, p <0.05). C Confusion matrix for four different

conditions. Each graph has a different class variable and shows the responses of the
decoder. T tactile, V Visual. D An example of neural trajectories of bimodal value
neurons (Monkey EV) in the subspace projected to the first three principal com-
ponents (PCs). The circle and triangle denote the start (~200 ms from the stimulus
onset) and end points (1000 ms from the stimulus onset) of the neural trajectories,
respectively. Yellow and dark circles indicate the stimulus-on and delay-on points,
respectively.

encode value and modality independently of these motor-related
factors (Supplementary Fig. S3). Taken together, although nearly half
of value-coding neurons encode both tactile and visual value infor-
mation, the manner in which that information is encoded has hetero-
geneous response profiles across different task periods.

The population patterns of bimodal value neurons represent
tactile and visual values
Previous studies have suggested that complex neural activities may
serve latent functions related to the processing of various types of
information, which can be elucidated through population-level
analyses®¥. The diversity in value encoding at the single-neuron
level raises a question about the corresponding population-level
responses (Fig. 2A): Do the population patterns of these neurons
encode value information from tactile and visual inputs into a unified
value, or do they separately represent the tactile and visual values? To
determine whether bimodal value neurons process each value sepa-
rately or in a unified manner, we conducted population decoding
analyses of bimodal value neurons using three variables: modality,
value, and their interaction (Fig. 2B and Supplementary Fig. S4A).
The decoding accuracy for value was at the chance level (50%)
before the onset of the stimulus, but it quickly started to increase as
the stimulus was presented. In contrast, modality was decoded with
nearly 100% accuracy prior to stimulus onset, suggesting that bimodal

value neurons process modality information similarly to how con-
textual information is processed in each task. The decoding accuracy
for the interaction between value and modality (Tactile-good value/
Tactile-bad value/Visual-good value/Visual-bad value) also increased
and reached nearly 100% after stimulus presentation, but the accuracy
was already around 50% even before the stimulus was presented
(chance level =25%). Considering that the bimodal value neurons
represented the modality from the beginning of the trials, this statis-
tically significant decoding for interaction prior to stimulus onset may
be due to the use of modality information. To test this possibility, we
constructed a confusion matrix of the decoder testing interaction
between value and modality. These results indicate that the
decoder differentiated between tactile and visual modalities prior to
stimulus onset, and began discriminating values specific to each
modality condition after stimulus presentation (Fig. 2C). This suggests
that bimodal value neurons process modality as contextual informa-
tion and selectively discriminate values within each modality
condition.

These neural representations of modality and value dynamically
changed over time (Fig. 2D). We compared the dynamics of the
population activity among four conditions representing the combi-
nations of modality and value in the subspace projected to the first
three principal components (PCs) (Fig. 2D and Supplementary Fig.
S4B, C). Consistent with the decoding results, the trajectories revealed
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that the patterns of dynamics in the latent space initially clustered by
modality and then diverged according to their value and modality after
stimulus presentation. Notably, the trajectories for good values moved
nearly in parallel along the same direction, while those for bad values
moved in parallel but in the opposite direction, suggesting an abstract
representation of value (Fig. 2D). Overall, our data indicate that
bimodal value neurons represented value differently depending on its
modality, suggesting that the neural population in the putamen
maintained the unique feature of modality when processing value
components, supporting the divergent model in Fig. 2A.

Dynamic changes of the neural geometry during the processing
of value and modality

This distinct process of tactile and visual values at the population level
of bimodal value neurons raises a question: Do bimodal value neurons
encode value and modality in a structured representation, and can it
be generalized through shared features? If multiple variables can be
generalized with a shared feature, the corresponding neural geometry
forms an ‘abstract representation’, allowing for a reduction of the
neural dimensions when processing multiple inputs'®"*%%,

To investigate this, we measured how well each variable is gen-
eralized using the cross-condition generalization performance (CCGP),
following previously established methods™. In the CCGP analysis, we
determined whether a decoder, trained to identify the value (or
modality) in one of two conditions (e.g., the good or bad in tactile
condition), could decode the same value (or modality) in a condition
not used for the training of the decoder (e.g., good or bad in the visual
condition) (Fig. 3A).

Figure 3B illustrates the dynamic change of the CCGPs for value
and modality as the trial progresses, aligned with the stimulus pre-
sentation (see also Supplementary Fig. S5A, B). The CCGP for modality
was initially above the chance level and sustained this level until
~150 ms after stimulus presentation. In contrast, the CCGP for value
increased after stimulus onset, surpassing the chance level 230 ms
after the stimulus appeared. The CCGP for value continued to rise after
stimulus onset and during the delay period, while the CCGP for mod-
ality continued to decline during stimulus onset and at the beginning
of the delay period.

Overall, the CCGPs for value and modality were initially distinct
and then became similar, eventually reversing as the trial progressed.
To provide clear verification and visualization of this observation, we
divided the time window of the trial into three distinct phases: Phase 1,
which encompasses the prestimulus-early stimulus periods, from -200
to 150 ms aligned with the stimulus onset; Phase 2, focusing on sti-
mulus presentation, from 150 to 500 ms; and Phase 3, covering the
blank delay period, from 500 to 1000 ms (For further details and the
rationale behind this segmentation, refer to the methods section). We
also analyzed these three phases by determining which variables (value
and modality) were generalized across shared features in each phase
(Fig. 3C and Supplementary Fig. S5C). In phase 1, the CCGP for mod-
ality was above the chance level, whereas for value it was not (Fig. 3C,
left panel). In both phases 2 and 3, the decoding accuracy for the
interaction between value and modality exceeded 98%, as analyzed by
a traditional linear decoder (Fig. 3C, middle and right panels). How-
ever, the extent of the generalized representation dynamically chan-
ged as the phase progressed. In phase 2, the CCGPs for both value and
modality were above the chance level (Fig. 3C, middle panel). However,
in phase 3, the extent of the generalized representation for value
increased further, but the extent of the generalized representation for
modality decreased to the chance level, as analyzed according to the
CCGP (Fig. 3C, right panel).

For more clarification of the representational geometry of bimo-
dal value neurons, we also computed the parallelism score (PS) in each
phase, as previously reported, to quantify the degree to which the
coding directions are parallel. If the coding vectors for each variable

are nearly parallel, the PS will deviate significantly from 0. Conversely,
if the neural representations of each variable are similar to random
representations, the PS will be approximately O, indicating orthogon-
ality between the coding vectors. In this study, we can obtain coding
vectors for classifiers trained to classify values as tactile-good and
tactile-bad, as well as classifiers trained to classify values as visual-good
and visual-bad. We can then calculate the cosine angle between these
two coding vectors and define it as the PS for ‘value’. A cosine angle
between these two coding vectors close to 1 indicates that the two
vectors are parallel.

As shown in the results depicted in Fig. 3C, the PSs for value and
modality in all phases were above the chance level, except for the PS
for value in phase 1. This suggests that the coding directions for both
modality and value are almost parallel to the coding direction for that
same variable across conditions after stimulus onset, potentially
leading to high decoding accuracy rates and CCGPs in phases 2 and 3.
Taken together, our quantification analyses using the CCGP revealed
that as the trial progressed toward value-guided movements, the
generalized representation for modality decreased, whereas the gen-
eralized representation for value increased.

To visualize the geometric architecture of these neural repre-
sentations, the average population activities for all four possible
pairings of value and modality in each phase were projected into a
three-dimensional principal component (PC) space (Fig. 3D and Sup-
plementary Movie 1). In phase 1, the population activities clustered
according to the modality, showing similar representation outcomes
across the same modality. Interestingly, as they progressed to phase 2,
each variable diverged, forming a square-shaped geometry that cap-
tures low-dimensional representations for both value and modality.
Subsequently, this geometric arrangement stretched along the value
axis during the delay period of phase 3, resulting in a rectangular-
shaped geometry that reflects stronger similarity in representations
for the same values compared to the same modalities (Supplementary
Fig. S5D). Our comprehensive analytical approaches, including CCGP
and population responses in latent dimensions, successfully demon-
strated that bimodal value neurons form low-dimensional repre-
sentations. Furthermore, this neural geometry exhibited dynamic
changes as the trial progressed, primarily stretching out along the
value axis (Fig. 3D and Supplementary Fig. S5D).

The representational geometry for value and modality is cor-
related with the performance of value-guided behavior

The ensemble of bimodal value neurons in the putamen dynamically
shifted towards enhancing the generalized representation of value
when value-guided behavior is imminent. Accordingly, we investigated
whether this dynamic shift was correlated with the performance of the
value-guided behavior.

To assess this, we categorized trials based on reaction times
during finger insertion, dividing them into adapted and unadapted
behavior trials (Fig. 4A). Because the values of tactile and visual stimuli
were reversed in each block, the monkeys had to learn and adjust their
finger-insertion movements accordingly. Indeed, the monkeys exhib-
ited adaptive behavior: their finger movements became faster for good
stimuli and slower for bad stimuli (Supplementary Fig. SI1D, E).
Therefore, we defined adapted behavior trials as those in which the
reaction times clearly differentiated between values—faster for good
stimuli and slower for bad stimuli—falling above or below the 50
percentile, respectively. In contrast, unadapted behavior trials inclu-
ded those in which the reaction times did not clearly differentiate
between values—slower for good stimuli and faster for bad stimuli—
falling in the lower and upper portions of the 50" percentile, respec-
tively. This classification allowed us to examine how population-level
neural representations differed when monkeys adapted to value
changes and exhibited clear value-based behaviors versus when their
behavior remained ambiguous.
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Fig. 3 | Dynamic changes in the generalized representation of bimodal value
neurons in the putamen over time. A CCGP scheme for modality and value. Green
and red circles indicate tactile-good and tactile-bad conditions, respectively. Cyan
and pink triangles indicate visual-good and visual-bad conditions, respectively.
Different conditions were trained and tested to measure the extent of the gen-
eralization of each variable. B CCGP plotted as a function of time for value and
modality information in bimodal value neurons. Horizontal bars represent periods
of decoding performance above the results of the null model (right-tailed z-test,

S

p <0.05). C Comprehensive results of three analytic approaches (traditional
decoding using SVM, CCGP, and PS) in three different time phases. The colored
indicators represent the mean of each result, while the grayscale vertical bars with
open circles indicate the 95% confidence interval of the null model. P values derived
from the Z score of data compared to the null model are also shown (right-tailed for
SVM and CCGP, two-tailed for PS). D Principal component analysis (PCA) plot
depicting the representational geometry of bimodal value neurons over time with
respect to value and modality. *p < 0.05, *p < 0.0005, n.s. not significant.

A traditional population decoding analysis for the interaction
between modality and value showed no clear difference between the
two groups across all phases. Particularly in phase 2 and phase 3, after
the monkeys experienced the value-associated stimulus, the decoding
accuracy approached 100% in both groups (Fig. 4B, D, Supplementary
Fig. S6A, C). However, these two groups showed clear differences in

the generalized representations of value and modality as the finger-
insertion progressed. The CCGPs for modality were statistically sig-
nificant in both groups during phase 1. However, distinct changes
emerged between the groups in phases 2 and 3. In the adapted beha-
vior trials, the CCGP for modality dropped to the chance level in phase
2, while the CCGP for value increased above chance in phase 2,
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reaching nearly 100% accuracy in phase 3 (Fig. 4B). Conversely, for the
unadapted behavior trials, the CCGP for modality remained above the
chance level across all phases. Meanwhile, the CCGP for value
remained at the chance level through phase 2 and only slightly
exceeded the chance level in phase 3 (Fig. 4D). Additional statistical
analyses showed modality CCGP for unadapted trials was higher than

xhase 1

Phase 2

~_

PC3

PC2

those for adapted trials, whereas value CCGP for adapted trials was
higher than that for unadapted trials during phases 2 and 3 (Supple-
mentary Fig. S6E). Time-resolved decoding analyses confirmed that
the differences between the two groups were driven by the extent of
the generalization of modality and value, as opposed to traditional
decoding performance (Fig. 4C, E). The different neural representation
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Fig. 4 | Relationship between adaptive behavior performance and the geo-
metry of neural representation. A Analytic scheme for dividing trials into the
adapted and unadapted finger-in reaction time. A histogram of reaction times in the
actual example session is shown in the panel on the right. B Comprehensive results
of traditional decoding (SVM) and CCGP in three different time phases with
adapted behavior trials. The colored indicators represent the mean of each result,
while the grayscale vertical bars with open circles indicate the 95% confidence
interval of the null model (right-tailed z-test). C Traditional decoding (SVM) and

CCGP with adapted behavior trials plotted as a function of time. Horizontal bars
represent periods of decoding performance above the results of the null model
(right-tailed z-test, p < 0.05). D Identical to (B) but for unadapted behavior trials
(right-tailed z-test). E Identical to (C) but for unadapted behavior trials (right-tailed
z-test, p < 0.05). F Principal component analysis (PCA) plot illustrating the geo-
metry of bimodal value neurons over time with adapted behavior trials. G The same
format is used for (F) but with unadapted behavior trials. *p <0.05, **p < 0.0005,
n.s. not significant.

outcomes between the adapted and unadapted behavior trials per-
sisted even after the delay period (Supplementary Fig. S6B, D).

This difference between the groups is visualized by projecting the
average population activity for all possible pairings of value and
modality into a three-dimensional latent space (Fig. 4F, G and Sup-
plementary Fig. S6F). The neural geometries of adapted and una-
dapted behavior trials, which were initially more clustered together in
phase 1, gradually diverged between the trial groups as the trial pro-
gressed (Supplementary Fig. S6G). The neural geometry of adapted
behavior trials stretched out more extremely along the value axis as
the phases progressed compared to the unadapted behavior trials
(Fig. 4F, G and Supplementary Fig. S6H). Together, these results sug-
gest that value-guided adaptive behavior is more strongly linked to the
extent of neural pattern generalization within the same value category
than to the distinct encoding of modality and value information.

Neural geometry dynamics reflect cognitive states associated
with different learning stages

Recent studies have shown that changes in the neural geometry may
be linked to shifts in cognitive states related to learning and
memory™. Given prior findings that the putamen plays a role in
object-value associative learning”**°, we examined whether the
transformation of the neural geometry in the putamen differs across
learning stages in the T-VRT and V-VRT.

As object-value associative learning progressed, the monkeys’
reaction times changed across the learning stages (Fig. 5A). During the
early learning stage, defined as the first half of the trials in each block,
the difference in the finger-insertion reaction times between good and
bad stimuli was smaller compared to that in the late learning stage,
which consisted of the last half of the trials in each block (Fig. 5B).

To investigate how the neural geometry in the putamen evolves
differently across learning stages, we conducted the same analysis
used in Fig. 4. First, we analyzed the traditional decoding accuracy for
value and modality, finding that it remained high during phases 2 and 3
in both the early and late learning stages (Fig. SC-F). Interestingly, a
key difference between the two learning stages emerged in the CCGP
analysis. In the early learning stage, the CCGP for value remained at the
chance level throughout all phases (Fig. 5C, D); however, in the late
learning stage, it exceeded the chance level from phase 2 onward
(Fig. SE, F). Further statistical analyses confirmed that modality CCGP
was higher in the early stage than in the late stage, whereas value CCGP
was higher in the late stage compared to the early stage during phases
2 and 3 (Supplementary Fig. S7A). This finding demonstrates that as
value learning progresses, the neural population shifts toward a more
abstract value representation.

This conclusion was further supported by latent space projections
of population activity (Fig. 5G, H and Supplementary Fig. S7B-D). The
neural geometries of early and late learning stages, which were more
clustered together in phase 1, gradually diverged between the two
learning stages as the trial progressed (Supplementary Fig. S7C). In the
early learning stage, the neural representations of the same modalities
became more closely clustered than the same values, whereas in the
late learning stage, the neural representations of the same values
became more closely clustered than the same modalities (Supple-
mentary Fig. S7D). Taken together with the previous analyses of the
adapted and unadapted behavior trials, the transformation of the

neural geometry in the putamen reflects cognitive states related to
how well the monkeys recognize and utilize learned values to guide
value-driven behavior.

Distinct contribution of two types of bimodal value neurons to
the generalized representation of value and modality

In our previous study, we identified two types of bimodal value neu-
rons in the putamen, classified based on the periods of their strongest
value responses: stimulus value neurons, which displayed the highest
value discrimination responses during the stimulus presentation per-
iod, and delay value neurons, which exhibited the strongest value
discrimination responses during the delay period®. To investigate the
distinct roles of these two types of bimodal value neurons in proces-
sing value and modality at the population level, decoding analyses
were conducted exclusively on neurons from each group (Fig. 6A, B
and Supplementary Fig. SSA-C).

In traditional neural decoding, the decoding accuracy for the
interaction between value and modality was robustly similar across any
of the phases (Fig. 6A, B), suggesting that both subpopulations con-
tributed similarly to processing value and modality information.
However, the CCGP analysis revealed differences in the dynamic
changes of the generalized representation for value and modality
between these two types of bimodal value neurons.

In phase 1, both types of value-coding neurons exhibited high
CCGPs for modality above the chance level, while the CCGPs for value
were not statistically significant (Fig. 6A, B, left panels). In phase 2, the
CCGP for value in stimulus value neurons rose above the chance level,
while the CCGP for modality dropped to the chance level (Fig. 6A,
middle panel). By phase 3, their CCGPs for both value and modality
were no longer statistically significant (Fig. 6A, right panel). Con-
versely, in the delay value neurons, the CCGP for modality remained
statistically significant in phase 2, while the CCGP for value did not
(Fig. 6B, middle panel). In phase 3, this trend was reversed, with the
CCGPs for value becoming significant and the CCGP for modality no
longer being statistically significant (Fig. 6B, right panel).

We also observed distinct changes in the geometries of each
neural type when projected into a three-dimensional latent space
(Fig. 6C, D and Supplementary Fig. S8D). In phase 1, the population
responses of stimulus value neurons clustered according to the con-
textual modality, reflecting a generalized representation of modality
(Fig. 6C). In phase 2, their population responses stretched along the
value axis, forming a rectangular-shaped geometry that captured the
generalized representation of value. By phase 3, this geometry col-
lapsed, resembling a random representation.

In contrast, the population responses of delay value neurons
maintained their clustering according to the contextual modality until
phase 2 (Fig. 6D and Supplementary Fig. S8D). However, in phase 3,
these responses diverged along the value axis, forming a rectangular-
shaped geometry.

Overall, both types of value neurons demonstrated similar capa-
cities for conveying value and modality information but exhibited
distinct dynamic changes in their neural representations of modality
and value. This ablation study, which excluded one neural type at a
time, revealed that both types of neurons in the putamen were
essential for generating the factorized representation observed in
phase 2, as shown in Fig. 3C.
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Selective generalized representation for modality but not value correlation with value-guided behavior at the population
by modality-selective value neurons level (Fig. 7A).

Modality-selective value neurons, which selectively encode either
tactile or visual value, constitute the remaining half of the value-coding
neurons identified in the putamen. We investigated their contributions
to the generalized representation of value and modality as well as their

Our findings revealed that the population activity of modality-
selective value neurons selectively represented the generalized form
of modality but not the value across all phases (Fig. 7B). In the tradi-
tional neural decoding analysis, these neurons successfully
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Fig. 5 | Relationship between learning stage and the geometry of neural
representation. A Behavioral analysis scheme for categorizing trials into early and
late learning stages within each block. Reaction times (RT) for good (green) and bad
(red) values are plotted across the trials. Shaded areas indicate early (light gray) and
late (dark gray) learning stages. Each data point is based on a sample size ranging
from 86 to 271 for the ‘Good - Bad’ condition, and from 73 to 271 for the ‘Bad >
Good’ condition. The solid circles represent the mean reaction time across trials,
and the error bars indicate the standard error of the mean (SEM) at each trial. B Box
plots comparing the reaction times (RT) for good and bad values, as well as the RT
difference (bad - good), between the early and late learning stages. A right-tailed
Wilcoxon signed-rank test was conducted for the good value (p = 6.497 x107%), a
left-tailed Wilcoxon signed-rank test for the bad value (p = 1.94 x10), and a two-
tailed Wilcoxon signed-rank test for the RT difference (p = 3.709 x10*) (n=997
trials for both early and late). In box plots, the center line indicates the median, box

edges show the 25th and 75th percentiles, and whiskers extend to values within 1.5
times the interquartile range (IQR). Outliers beyond this range are shown as indi-
vidual points. C Decoding results (SVM and CCGP) for modality and value in the
early learning stage across three phases (right-tailed z-test). D Traditional decoding
(SVM) and CCGP in the early learning stage are plotted as a function of time.
Horizontal bars represent periods of decoding performance above the results of
the null model (right-tailed z-test, p < 0.05). E Decoding results (SVM and CCGP) for
modality and value in the late learning stage across three phases (right-tailed z-
test). F Identical to (D) but for the late learning stage (right-tailed z-test, p < 0.05).
G Principal component analysis (PCA) plot illustrating the geometry of bimodal
value neurons over time in the early learning stage. H The same format is used in
(G), but for the late learning stage. *p < 0.05, **p < 0.005, ***p < 0.0005, n.s. not
significant.

A

Phase 1 Phase 2 Phase 3
g\o./ 100 *kk
- > *kk *kKk *kk
O 8 &0
g S g n.s NS ns.
— 3 *kk -S. n.s >
QO
52 8 e0 \
®©
5 S5 & 40
s | | |
> 3 20
Jo)
()]
S S o IR 3 O o
0% 0%, N O 0%, N 0% 0%, N
MR- WONT oS WS N o2
K ,b\‘fc: 00? OC'G K 'f>\$00? OOO K ,a\‘fc:og? OGG
S ol S
Phase 1 Phase 2 Phase 3
X 100
g 5 *kk *hk g Hkk ke
5¢ 80 ns. ns.
> S n.s.
828 e0f = \
[+ @
()
o] S g’ 40 ‘
C o 1 ‘ ‘
> 8 20
A
S S o S S 3 o ud
S\ ?N’b %\ ?,\\'6 NIOS\S ?_Q’&
N\,\\'a\}to‘"?ooc’ qa\éo@"oo" N\,\\'a\}toc’?ooc’
oV oV oV

Fig. 6 | Subpopulations of bimodal value neurons contribute to different
aspects of the neural geometry. A Traditional decoding performance (SVM) and
CCGP for stimulus value neurons (n = 55) (right-tailed z-test). B The same format
used in (A) but with delay value neurons (n =74) (right-tailed z-test). C PCA plot
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depicting the representational geometry of stimulus value neurons with respect to
value and modality. D The same format is used in (C) but with delay value neurons.
***p <0.0005, n.s. not significant.

discriminated value, modality, and their interaction during phases 2
and 3 (Fig. 7B and Supplementary Fig. S9A). However, their CCGPs for
modality were consistently above the chance level, whereas those for
value were not significant across all phases. In the visualization of
neural representation changes projected into a three-dimensional
latent space, the clustering according to modality was preserved
across all phases (Fig. 7C).

To examine whether these dynamics of modality-selective value
neurons were associated with behavioral performance, we analyzed
the relationship between value-guided behaviors and changes in
shared representation. In traditional neural decoding, the

performance accuracy rates in both phases 2 and 3 for both adapted
and unadapted behavior trials were above the chance level (Fig. 7D,
E). Furthermore, the dynamic changes of generalized representation
were similar between the adapted and unadapted behavior trials: the
CCGPs for modality were maintained across all three phases, while
the CCGPs for value were not in both groups (Fig. 7D, E and Sup-
plementary Fig. S9B-E). Likewise, a similar decoding pattern was
observed across different learning stages (Fig. 7F, G and Supple-
mentary Fig. S10). These findings suggest that modality-selective
value neurons play a specialized role in generalizing modality infor-
mation rather than value.
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Discussion representations for identical modalities and values. Our findings suggest

Our population analyses demonstrated that bimodal value neurons in
the putamen, which converge value information regardless of modality
inputs at the single-neuron level, maintain distinct population repre-
sentation for both modality and value information. These neurons
exhibited a well-organized geometric structure, with shared

that neurons in the putamen form a low-dimensional population
representation that efficiently preserves both value and modality
information. Moreover, as the trials progressed, the neural geometry
was dynamically transformed. Notably, a more rapid shift toward a
shared-value representation in bimodal value neurons was associated
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Fig. 7 | The selective role of modality-selective value neurons appears in the
generalization of modality information, but not in the generalization of value.
A lllustration of modality-selective value neurons when processing two different
types of value information. We conducted the same analyses previously performed
for bimodal value neurons using modality-selective value neurons. B Traditional
decoding performance outcomes (SVM) and CCGP for modality-selective value
neurons (right-tailed z-test). C PCA plot depicting the geometric structure of
modality-selective value neurons with respect to value and modality.

D Comprehensive results of traditional decoding and CCGP in three different time

phases with unadapted trials of modality-selective value neurons. The colored
indicators represent the mean of each result, while the grayscale vertical bars with
open circles indicate the 95% confidence interval of the null model (right-tailed z-
test). E The same format used in (D) but with adapted trials (right-tailed z-test).

F Decoding results (SVM and CCGP) for modality and value in the early learning
stage across three phases (right-tailed z-test). G The same format used in (F) but in
the late learning stages (right-tailed z-test). *p < 0.05, **p < 0.005, ***p < 0.0005, n.s.
not significant.
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Fig. 8 | Efficient neural geometry of value and modality in the primate putamen reflects learning states. The neural geometry of bimodal value neurons representing

value and modality evolves across learning and reflects value-guided behavior.

with a cognitive state reflecting well-adapted and well-learned value-
guided behavior (Fig. 8). In contrast, this relationship between the
neural geometry and behavioral outcomes was absent in modality-
selective value neurons, indicating the unique role of bimodal value
neurons in encoding the cognitive states underlying value-guided
behavior.

Low-dimensional representation for efficient processing in the
basal ganglia

It is noteworthy that putamen neurons process value and modality
information using low-dimensional representations, a characteristic
mostly reported in higher-order structures, such as the prefrontal
cortex and hippocampus'®>**2, This raises another question: Do

putamen neurons need to encode information in low-dimensional,
generalized representations across shared modality or value features?
An important consideration is that the number of neurons
decreases progressively from the putamen to subsequent structures**,
Within this anatomical funneling structure, reducing neural population
patterns through shared representations may enable these downstream
regions to process a diverse range of information efficiently with fewer
neurons. Therefore, to convey information to subsequent structures
without losses and to ensure proper processing in these downstream
regions, the putamen may need to represent and transmit both value
and modality information in a low-dimensional generalized form.
Additionally, considering energy consumption at the neuron
level, generating a greater number of neural patterns requires more
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energy because transitions between brain states necessitate synaptic
changes, such as alterations in ion channel responses and structural
modifications in the synapses, all of which demand an ATP supply’.
Instead of requiring every neuron to examine every detail of individual
pieces of information, processing based on shared features may offer
potential efficiency gains by reducing the energy required for state
changes. Therefore, the shared representation of putamen neurons
enables the efficient processing of information with less energy.

Based on the shared representation found in putamen neurons,
we also consider the possibility that downstream structures of the
putamen, such as the substantia nigra pars reticulata and the globus
pallidus internal segment, may process information using lower-
dimensional representations. This is particularly linked to the question
of how individual neurons’ responses and population representations
within each region are read out in subsequent regions of the basal
ganglia system. Understanding how single-cell properties impact
population representation and how neural population patterns con-
tribute to actual brain functions remains a complex challenge in
neuroscience®**° Additionally, whether different populations of
neurons perform distinct functions remains an ongoing question”*""*>,
Future research will be crucial in uncovering how different structures
within the basal ganglia encode various types of value-related infor-
mation through low-dimensional, generalized representations. This
will provide insight into the circuit-level mechanisms underlying value-
guided behavior and how the entire basal ganglia network efficiently
processes value and modality information.

Transformation of the neural geometry toward value abstrac-
tion reflects the adaptive state and learning stages of value-
guided behavior

Recent studies have discussed the significance and advantages of
abstract representation*>*>**, One fundamental question is whether
this representation correlates with behavior. Our findings show that
the dynamic transformation of the neural geometry in the putamen
shifts toward a more shared-value representation within a trial, sug-
gesting its possible role in value-guided finger-insertion movements.
Notably, as object-value reversal learning progressed, the neural geo-
metry transformation accelerated, with a faster shift toward a shared-
value representation during the late learning stage compared to the
early stage. Additionally, this shift occurred more rapidly in adaptive
trials than in unadaptive trials, suggesting that these dynamic changes
are involved in value-guided movements.

This shift toward a shared-value representation also suggests that
putamen neurons may be involved in the processing of the sensory-to-
value transformation to guide goal-directed behavior. In our tasks,
after experiencing a value-associated tactile or visual stimulus, distin-
guishing between good and bad values is essential for achieving the
goal (a liquid reward). Because the final movement in both the T-VRT
and V-VRT is the execution of a finger insertion guided by the per-
ceived value, a clear recognition of good or bad values is sufficient to
guide finger movements at the end of the trial. In this context, modality
information may become irrelevant for value-guided movement once
values are recognized. Therefore, the degree of value abstraction
could be more directly associated with behavioral performance, with
higher abstraction facilitating more effective action selection and
execution to attain the goal. Our data suggest that successfully
executing the final goal-directed action depends on the convergence
of value meanings—across modalities—into a single, abstract repre-
sentation of value, uninfluenced by other irrelevant sensory
information.

In natural conditions, however, stimuli from different modalities,
each associated with distinct values, are often presented simulta-
neously, necessitating the selection of the most valuable object among
them. This suggests that the process of value encoding and abstraction
may contribute differently under varying conditions. For example, a

previous study showed that neurons in the orbitofrontal cortex did not
concurrently encode different values when stimuli were presented
serially®. In this study, we examined tactile and visual value separately
in the putamen using two task paradigms designed to focus on values
rather than sensory modalities. Thus, although we found that the
neural geometry shifts toward a shared representation of crucial
information and correlates with behavioral performance, it remains an
open question as to how bimodal value neurons encode tactile and
visual values when presented together. Additionally, it is yet to be
determined whether they exhibit distinct dynamics in neural geometry
when modality information plays a crucial role in achieving a goal.

Insight from dynamic neural geometry and conventional
decoding in the putamen

The performance of value-guided behavior tends to correlate more
strongly with the changing patterns of neural geometry than with the
predictions obtained from the conventional decoding method. This
occurs because the decoding accuracy rates for value and modality
consistently exceeded 90% during phases 2 and 3 across the learning
stages and adaptive states. These findings indicate that the transfor-
mation of the neural geometry into a shared-value representation is
more sensitive during the capturing of a cognitive state in which
putamen neurons encode the generalized reward expectancy for
value-guided movements.

In contrast, these neurons did not exhibit a dynamic shift toward a
shared modality representation; instead, they displayed more distinct
representations for modality discrimination. However, our block-wise
design of T-VRT and V-VRT should be considered, as it may convey not
only modality information but also additional contextual cues. In this
regard, the modality we refer to in this study is better understood as
contextual modality rather than purely sensory modality. If monkeys
can be successfully trained to learn an interleaved presentation of
tactile and visual stimuli within a single block, it could provide further
insight into whether putamen neurons specifically process sensory
modality information.

Task difficulty should also be considered, as differences in diffi-
culty between tasks may be embedded in the contextual information.
We observed a higher give-up rate in V-VRT compared to T-VRT, while
the reaction times to good stimuli were faster in T-VRT than V-VRT,
demonstrating the challenge of directly comparing task difficulty
levels. Nonetheless, the monkeys demonstrated a high level of profi-
ciency, as their choice behavior during the task exceeded 94%, indi-
cating that they were well trained in both T-VRT and V-VRT.

The correlation between the dynamic shift toward abstract value
representation and behavioral performance underscores its potential
for predicting value-guided behavior. Nonetheless, our reliance on
pseudo-populations may have led to certain limitations as we attempted
to fully capture the dynamics of neural information processing. Speci-
fically, pseudo-populations do not account for trial-to-trial noise cor-
relations, potentially leading to an overestimation of encoded
information®. Future advancements in simultaneous recording techni-
ques for deep brain regions in primates could overcome these limita-
tions. Additionally, our decoding used linear SVMs, which are
interpretable but may miss nonlinear patterns, especially in complex
interactions like value and modality”’. Future use of nonlinear methods
may reveal additional structure in neural population activity. Such
progress would enable the use of a dynamic shift toward shared-value
representation to decode trial-by-trial cognitive states, improving our
understanding of the neural mechanisms behind value-guided behavior.

Methods

General experimental procedures and subjects for
electrophysiology

All of the data were collected in our previous study and were reana-
lyzed for the purposes of this study®. All experimental and animal care
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procedures were approved by the Seoul National University Institu-
tional Animal Care and Use Committee.

Two rhesus macaques (Macaca mulatta; female monkey EV
(5.2 kg) and male monkey UL (10.7 kg)) were used for the experiments.
During the period of general anesthesia and surgical preparation, the
monkeys’ skulls underwent implantation of a plastic head holder and a
recording chamber. Each chamber was positioned at a lateral tilt of 25°
to align with the putamen. Training and recording sessions com-
menced once the monkeys had completely recuperated from the
surgery.

Single-unit recording

During the task performance by the monkey, the activities of individual
neurons within the putamen were recorded using standard proce-
dures. Determination of recording sites utilized a grid system with a
spacing of 1 mm, aided by MR images (3T, Siemens) aligned with the
chamber’s direction. Single-unit recording employed a glass-coated
electrode (Alpha-Omega) inserted into the brain through a stainless-
steel guide tube and advanced using an oil-driven micromanipulator
(MO-974A, Narishige). Neuronal signals were amplified, filtered
(250 Hz to 10 kHz), and digitized (30-kHz sampling rate, 16-bit A/D
resolution) using a Scout system (Ripple Neuro, UT). Online isolation
of neuronal spikes was achieved through custom voltage-time window
discrimination software (BLIP, Laboratory of Sensorimotor Research,
National Eye Institute National Institutes of Health [LSR/NEI/NIH],
accessible at www.cocila.net/blip), with corresponding timings detec-
ted at 1kHz. Individual spike waveforms were recorded at 50 kHz. In
addition, to verify the online isolation quality of putative single units
when neuronal signals appeared to be mixed, we used online cross-
correlation analysis using the BLIP software.

Behavioral tasks

Monkeys performed two different modality value tasks, termed here as
the Tactile Value Reversal Task (T-VRT) and the Visual Value Reversal
Task (V-VRT), as previously described®.

In the T-VRT task, monkeys were trained to insert their left index
finger into the left hole of a braille presentation case upon being pre-
sented with a colored square cue on a screen. Once they inserted their
fingers into the hole, a braille pattern was delivered and remained
present for 500 milliseconds (ms). The monkeys were then instructed
to maintain contact with the tactile stimulus until the disappearance of
the finger-in cue and the tactile stimulus. Because the braille pattern
was presented within an invisible braille case, the monkeys relied solely
on tactile perception to discriminate its value. After retracting their
finger from the hole, there was a delay period ranging randomly from
500 to 1000 ms. Subsequently, upon the onset of the second cue, the
monkeys could either reinsert to touch the same stimulus that they
had experienced before and receive a stimulus-associated reward, or
give up reinserting their finger by waiting 1000 or 2000 ms. If they
chose to reinsert the finger, they were required to maintain finger
insertion for a minimum of 200 ms to receive the stimulus-associated
reward. If they chose to give up the reinsertion, they would simply have
to wait for the next trial.

The reaction time for finger insertion was measured from the
onset of the second ‘finger-in’ cue to the actual finger insertion. Across
two blocks, each consisting of 40-50 trials, the association between the
stimulus and its value was reversed. Initially, in the first block, one
stimulus was linked to a liquid reward, while the other was not. Sub-
sequently, in the second block, this contingency was reversed. The
order of the blocks was randomized across sessions, ensuring that the
pairing of stimuli with rewards remained unknown to both the mon-
keys and the experimenters until the beginning of each session.

The procedure for V-VRT was identical to that of T-VRT, except
that visual stimuli were presented instead of tactile stimuli. Reward-
associated fractal images were displayed on a monitor screen when the

monkeys inserted their left index finger in response to the presenta-
tion of a cue. Fractal images were generated using a MATLAB-based
program (https://github.com/ProfKimHF/fractalgenerator). The two
modality tasks were conducted separately.

Single neuron categorization

We initially categorized neurons exhibiting task-related responses.
Evaluating the task-related neuronal responses involved isolating the
activity of individual neurons and calculating the spike counts during
the T-VRT and V-VRT. For this assessment, we compared spike rates
between the targeted test windows and control windows. Control
windows were defined as the period 200-0 ms preceding the onset of
the first finger-in cue, while test windows spanned 0-500 ms following
the onset of each task event. Task events included (1) the first finger-in
cue-on, (2) the first finger-in, (3) stimulus-on, (4) stimulus-off, (5) the
first finger-out, (6) the second finger-in cue-on, (7) the second finger-in,
(8) reward, (9) the second finger-in cue-off, and (10) the second finger-
out. Statistical significance in task-related responses was determined
by comparing spike counts between control and test windows in
individual trials using the Wilcoxon rank-sum test. Neurons showing
statistical significance in any of the tested task events were classified as
task-related response neurons.

Among the neurons with task-related responses, we examined
whether each neuron exhibited value discrimination responses during
either the stimulus presentation in the first cue period or the delay
period as previously described®. We quantified the activity of each
individual neuron in response to tactile or visual stimuli by calculating
the spike counts within a specified test window (0-500 ms after sti-
mulus onset or the first finger-out) across individual trials. The firing
rates of individual putamen neurons in response to good and bad
values were compared using the Wilcoxon rank-sum test to determine
the statistical significance of value discrimination. Subsequently, we
analyzed the neural responses in both the T-VRT and V-VRT. Neurons
displaying distinct value discrimination responses exclusively during
either of the two T-VRT periods but not in the V-VRT period were
categorized as ‘tactile-selective value neurons’. Conversely, those
demonstrating value discrimination responses solely during the V-VRT
but not during the T-VRT were identified as ‘visual-selective value-
coding neurons’. Neurons exhibiting value discrimination responses in
both the T-VRT and V-VRT were classified as ‘bimodal value neurons’.
Details pertaining to the definition of each type of value-coding neuron
and the corresponding numbers are summarized in Supplementary
Table S1.

Population decoding

We conducted pre-processing steps for population decoding. First,
given our finding that the putamen encodes value responses in two
distinct time phases - the stimulus presentation and blank delay period -
we computed the spike train in both the stimulus presentation and
the delay period. For the stimulus presentation period, we used a
[-200, 500] ms window aligned with the stimulus onset, while for the
delay period, a window [0, 500] ms aligned with the finger-out action
was used.

Subsequently, these spike trains from the two periods were con-
catenated. We did not simply set the time window from [-200, 1000]
ms from stimulus onset because doing so would encompass a finger-
out movement between the stimulus being turned off and the start of
the delay. As this study primarily focuses on value processing, we
aimed to minimize neural responses caused by movements as much as
possible by combining these two distinct time periods. Second, dif-
ferent analytic windows were used for either time-resolved decoding
or fixed-window decoding methods. The time-resolved decoding
depicted in Figs. 2B, 3B was done on spike counts measured in a 100-
ms moving window with a 1-ms step size. For fixed-window decoding,
we summed spike counts in a fixed window corresponding to each
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time phase, as shown in Figs. 3-6. We reported averaged decoding
accuracy rates across iteration results and used these values as the
main dataset for the analysis and visualization. Concatenated spike
trains were then normalized using the z-score to capture response
changes across all neurons, as opposed to focusing solely on those
with high firing rates.

Using these pre-processed activities of each neuron, we created
pseudo-population data. Trials from each neuron were randomly
selected, after which we utilized ten-fold cross-validation with a linear
support vector machine (SVM) decoder to evaluate the performance.
This procedure was repeated for 100 resample runs, where different
random pseudo-populations were created during each run. We pre-
sented decoding results for three task variables: 1) modality, 2) value,
and 3) interaction between modality and value. We ensured that an
equal number of trials per condition (for interaction between modality
and value, tactile-good, tactile-bad, visual-good, and visual-bad) were
contributed by each cell included in the population decoding step. For
all analyses, data were aggregated across monkeys, given that all key
features of the dataset remained consistent between the two monkeys.

Permutation model to test the decoding performance for
significance

A permutation test was conducted by shuffling the labels of each trial
condition in each neuron. The same decoding procedure was used to
generate a null distribution of the decoding accuracy rates. This pro-
cedure was repeated 1000 times and generated a full shuffled
decoding null distribution for each time bin. We reported the theo-
retical chance level for each tested condition in the main figures and
the fifth to the ninety-fifth percentiles of the null distribution in the
Supplementary Figures. The p-value was calculated through a right-
tailed z-test by comparing the decoder’s performance with the null
distribution. If the p-value was below 0.05, we defined the decoder’s
performance as significantly higher than the permutation results. The
raw p-values from this analysis are subject to multiple comparison
issues, as the analysis was conducted across multiple time points"~.
To address this, we applied false discovery rate (FDR) correction using
the Benjamini-Hochberg procedure to control for the proportion of
false positives. In addition, in order to maintain a conservative
approach in our analysis when using time-resolved windows, we
tabulated consecutive significant points and reported significance only
when at least 20 consecutive time points displayed significance.

Dimensionality reduction

Dimensionality reduction was employed to represent the decoding
outcomes and the structure of population neural patterns visually.
This was achieved by conducting a principal component analysis (PCA)
of the averaged z-scored neural activities per condition. PCA was
applied to a firing rate matrix with dimensions of CT xN, where C
represents the number of conditions, T denotes the number of time
points per condition, and N indicates the number of neurons. With the
exception of Fig. 2D, which depicts neural trajectories with time-
resolved activities, we analyzed and visualized all neural data across
both monkeys.

Cross-condition generalization performance (CCGP)

To quantify the extent of generalization across shared conditions and
the geometry of neural activities at the population level, we assessed
the CCGP in our experiment™. Unlike the traditional cross-validated
decoding (support vector machine (SVM)), where trials from all con-
ditions are present in both the training and test sets, the CCGP used
trials from distinct conditions for the training and test sets. For
instance, when testing for ‘value’, we could designate the conditions
‘tactile good’ and ‘tactile bad’ as the ‘good’ and ‘bad’ conditions for
training a decoder (Fig. 3A). Subsequently, we assessed whether the
trained decoder could accurately classify the conditions ‘visual good’

and ‘visual bad" as ‘good’ and ‘bad’, respectively. By evaluating the
classification performance on data from entirely different conditions,
we could assess the similarity of population neural patterns among
distinct conditions with shared variables and the decoder’s ability to
generalize to novel conditions on which it has not been trained
previously.

As we used a total of four conditions (tactile good, tactile bad,
visual good, and visual bad), there are four possible combinations
available to select training and testing sets for each variable (modality
and value). Similar to population decoding, we assessed the CCGP on
100 iterations for each possible combination and averaged the results
across iterations. Subsequently, we averaged the CCGP outcomes
across all four combinations and reported these values as the main
dataset.

Geometric random model to test the significance of the CCGP
To assess the significance of the CCGP, we followed the geometric
random model used by Bernardi and colleagues'®. This model involved
creating a random geometry by relocating a cluster of points corre-
sponding to different conditions to new random positions sampled
from an isotropic Gaussian distribution. Subsequently, we rescaled all
of the vectors to maintain the total variance across all conditions,
known as the signal variance or variance of the centroids of the clus-
ters. These procedures allowed us to evaluate the geometry of neural
patterns for each condition in a more conservative manner as com-
pared to the normal random labeling technique used in traditional
population decoding.

For each possible CCGP combination, we conducted 1000 itera-
tions and averaged the results across combinations. Based on these
averaged results for each time point, we generated a null model and
tested the significance of the CCGP. This rigorous approach enabled us
to accurately evaluate the significance of our findings regarding the
geometry of neural patterns across different conditions. A right-tailed
z-test was conducted to test the CCGP outcomes for statistical
significance.

Rationale behind dividing three fixed time phases

To examine the dynamic changes in geometries for generalized
representation comprehensively, we segmented neural activities into
three distinct, non-overlapping phases. Phase 1 comprises prestimulus-
early stimulus periods (200 ms before and 150 ms after stimulus onset)
to analyze neural pattern transitions before and after stimulus pre-
sentation. Phase 2, ranging from 150 ms to 500 ms after stimulus
onset, captures the stimulus presentation period before the onset of
the delay period. Phase 3 covers the entire blank delay period. These
intervals were strategically chosen to optimize the visualization and
analysis of the neural representation geometry. We analyzed the phase
2 starting at 150 ms after stimulus presentation because previous
research by Merchant et al.*® demonstrated that putamen neurons
begin processing tactile stimuli within the range of 100-200 ms fol-
lowing stimulus onset. Furthermore, our investigation into the latency
of value discrimination responses among bimodal value neurons
during stimulus presentation in both the T-VRT and V-VRT tasks
revealed median latencies of 141 ms for the T-VRT and 130 ms for the
V-VRT®. These findings suggest that the critical period for stimulus-
related information processing in the putamen occurs at around
150 ms, thereby informing our phase partitioning strategy for the
analysis.

Parallelism score (PS) and corresponding permutation test

To measure the geometry of neural representations more precisely, we
estimated the parallelism score (PS)™. To estimate the coding direction
between two conditions, we trained a linear support vector machine
(SVM) and used the resulting weight vector as a proxy for the axis
separating the two classes in firing rate space. In our experiment, each
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variable had only two coding directions from the two pairs of training
conditions. We normalized the two weight vectors and computed the
cosine of the angle between them. For example, to calculate the PS for
value, we initially trained two linear classifiers, one with [tactile
good, tactile bad] and the other with [visual good, visual bad].
Then, we computed the two coding vectors from each of these
classifiers and calculated the cosine angle between them. This
process was repeated 100 times, and the average PS for each
condition was reported.

To test the statistical significance of the PS, we generated 1000
numbers for the null model with random labeling and calculated the
cosine angle of the weight vectors for a comparison with the normal
PS. A two-tailed z-test was conducted to test the PS for statistical
significance.

Categorization of stimulus and delay value neurons

To examine whether stronger value encoding in a specific phase leads
to differences in population representation, we used standards iden-
tical to those in our previous study. Bimodal value neurons were
categorized into two types. For each neuron, we quantified the mag-
nitude of value discrimination using receiver operating characteristic
(ROC) analysis, which assessed how well the firing rates differentiated
between good and bad values. ROC values were computed within two
predefined time windows, the stimulus and delay periods, based on
spike counts in each condition. Neurons were categorized based on
their responses in each period using a ROC curve calculated with the
activities of individual neurons to good stimuli versus bad stimuli. If a
neuron showed stronger value responses (IROC - 0.5|) during the sti-
mulus presentation period than during the delay period, we identified
it as a stimulus value neuron. In the opposite case, neurons were
classified as delay value neurons.

Data analysis tool and statistics

All behavioral and neuronal data analyses were performed using
MATLAB (R2023b). A summary of all statistical tests employed in this
study is provided in Supplementary Table 2.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Due to ethical and regulatory restrictions, the dataset supporting this
study cannot be publicly archived. Access to the data requires prior
approval from the Institutional Animal Care and Use Committee of
Seoul National University and National Research Foundation of Korea.
Requests will be reviewed within several months and, if approved, data
will be made available for academic, non-commercial use. Source data
are provided with this paper.

Code availability
Custom code associated with this study is available at https://github.
com/ProfKimHF.
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