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Jeff Orchard (jorchard @uwaterloo.ca)’
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2National Research Council of Canada, University of Waterloo, Waterloo, ON N2L 3G1, Canada

Abstract

It has been proposed that the basal ganglia is involved in select-
ing which action is performed, while the motor cortex specifies
how the selected action is carried out. However, recent electro-
physiological evidence from a reach-to-pull task challenges this
view by showing that the motor cortex and the dorsal striatum
in the basal ganglia jointly specify continuous action move-
ment parameters, such as reach angle and pull force. This
finding implicates the basal ganglia in both action selection
and action specification, creating a gap for a mechanistic model
that unifies both functions in a single, grounded framework.
We address this gap with a biologically plausible model of
the basal ganglia that leverages dynamic neural fields applied
to high-dimensional representations of action-salience distribu-
tions. The dynamic neural field converts high-entropy repre-
sentations into low-entropy representations without altering the
underlying action-salience distribution’s peak—a property pre-
viously shown to support accurate readout of continuous action
parameters (e.g., movement speed or force). Our model is an
extension that applies the same dynamic neural field transfor-
mation across multiple actions so that we can simultaneously (i)
resolve which action is chosen (e.g., lever pull vs. button press)
and (ii) specify the continuous action parameter value with
which the chosen action is to be executed (e.g., force or speed).
In our simulations patterned on the reach-to-pull paradigm, the
basal ganglia model performs both discrete action selection and
action specification of a continuous action parameter in a single
operation, offering a concise mechanism for how basal ganglia-
cortex circuits decide what to do and how to do it.

Keywords: basal ganglia; action selection; action specification;
dynamic neural fields; discrete action; continuous action param-
eter; salience; action-salience distributions; action-place cells;
action-salience bundles; entropy-reduction transformation

Introduction

Motor behaviour requires solving two coupled problems: se-
lecting an action from discrete alternatives, and determining
how the chosen action is to be executed. Traditionally, the
basal ganglia (BG) has been framed as a discrete action se-
lector that chooses which action to initiate from a finite set
of possibilities (hereafter, “action selection”), for example
choosing between pulling a lever or pushing a button, (Gur-
ney et al., 2001a; Humpbhries et al., 2006; T. Prescott et al.,
2000; Redgrave et al., 1999; Stewart et al., 2012). At the
same time, the motor cortex is proposed to specify how the
chosen action is executed (hereafter, “action specification”)
by setting values for its continuous action parameter(s), such
as pull force or speed (Lemon, 2008; Picard & Strick, 2001;

Scott, 2004; Shadmehr & Krakauer, 2008; Shenoy etal., 2013;
Teka et al., 2017). Despite this classical division of labour,
how discrete action selection is integrated with continuous
action specification—and the extent to which BG circuitry
contributes to both computations—remains an open question.

The BG comprise a set of interconnected subcortical nuclei
in which widespread cortical signals converge in the dorsal
striatum (dSTR), and are transformed through pallidal and
subthalamic circuitry to influence behaviour via the globus
pallidus internus (GPi) output to the thalamus, which in turn
modulates action execution through thalamo-cortical loops
(Rocha et al., 2023). Most computational models of action
selection in the BG adopt a localist, channelized representa-
tion, in which each candidate action occupies a separate, non-
overlapping neural channel (Berns & Sejnowski, 1998; Cohen
& Frank, 2009; Gurney et al., 2001a, 2001b; Lindahl et al.,
2013; O’Reilly & Frank, 2006; Ponzi, 2008; Soni & Frank,
2025; Stewart et al., 2010; Suryanarayana et al., 2019; Ursino
et al., 2020; Wiecki & Frank, 2013). In these models, the ac-
tivity of each channel is driven by a scalar salience signal that
indicates the perceived favourability of that action for a given
task or goal. Selection is implemented via lateral inhibition in
an off-center/on-surround competition that reinforces the most
salient (center) channel, while broadly suppressing compet-
ing (surround) channels (Gurney et al., 2001a; Humphries
et al., 2006; T. J. Prescott et al., 2024; Stewart et al., 2010;
Suryanarayana et al., 2019). An action is selected when in-
hibitory GPi activity for that channel is suppressed—typically
when direct (D1; “Go”) pathway drive outweighs indirect (D2;
“NoGo”) pathway suppression—thereby disinhibiting thala-
mic targets and facilitating action execution. Together these
localist, channelized architectures clarify how the BG acts as
an action selector over a repertoire of discrete actions.

A growing body of work has challenged the view of the
basal ganglia as a purely discrete action selector and implicat-
ing it in action specification (Dhawale et al., 2021; Dudman
& Krakauer, 2016; Fobbs et al., 2020; Park et al., 2025;
Turner & Desmurget, 2010). Most recently, Park et al. (2025)
showed that dorsal striatum (dSTR) and primary motor cortex
(M1) jointly encode continuous action kinematics that deter-
mine how an action is executed. The researchers designed a
task to systematically vary continuous action parameters (tar-
get location and pull force) while keeping the gross action
(“reach-to-pull”) constant. This design allowed them to dis-
tinguish whether the striatum selects only between actions or
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also specifies their continuous action kinematic details. Si-
multaneous electrophysiological recordings from dSTR and
M1 revealed that the dSTR population activity could clas-
sify task conditions (location X force) and decode continuous
action kinematics with accuracy comparable to M1. This find-
ing supports the view that BG circuitry contributes to action
specification alongside its established role in action selection.

The aforementioned localist models are adequate when the
BG is treated purely as an action selector, but they struggle
when the circuit must also specify a value for a continuous ac-
tion parameter. Representing continuous action parameters in
a localist framework necessitates binning these variables into
discrete categories, sacrificing precision. Achieving either a
wider range or finer precision for continuous action parame-
ters demands proportionally more bins, linearly increasing the
number of representational units (e.g. neurons or ensembles),
and leading to poor scalability. Furthermore, these localist
encoding methods are brittle because each bin is an isolated
representational “slot”: a particular continuous action value
is carried primarily by the activity of its dedicated unit, with
little overlap from neighbouring bins. Thus, if that unit is
corrupted due to damage or noise the corresponding value is
effectively lost with no mechanism for smooth degradation to
a nearby approximation. Although intermediate values can
be approximated by external interpolation or weighted aver-
aging across neighbouring bins, such methods are ad-hoc,
noise-sensitive, and require fine-tuning. These limitations
compound when representing both discrete actions and their
continuous action parameters: encoding multiple continuous
action parameter values for each discrete action (e.g., button
press at 3N, 3.5N, etc.) results in a combinatorial explosion
of units that scales poorly as precision requirements increase.
Therefore, localist encoding schemes are ill-suited for smooth
control and generalization over continuous action parameters.

The model presented by Bartlett et al. (2025) addresses
limitations of representing continuous action parameters in a
localist framework by using a distributed encoding approach.
Using Vector Symbolic Algebra (VSA) and Spatial Seman-
tic Pointers (SSPs), the model encodes action-salience dis-
tributions (i.e. probability densities) over a continuous action
parameter space as high-dimensional vectors (called action-
salience bundles) represented by spiking neuron populations.
The authors posit the BG as a “clean-up” system: striatal
dynamic neural fields (DNFs; Schoner et al., 2015) sharpen
the encoded action-salience distribution by reducing entropy
around its peak without shifting it, thereby narrowing the range
of values available to downstream selection mechanisms for
action specification. This captures the key features of Park
et al.’s reach-to-pull paradigm: a single gross action (reach-
to-pull) is represented by its own neural channel with force
as the continuous action parameter provided as an action-
salience bundle. However, Bartlett et al.’s model is limited to
a single action channel, and therefore does not address how
the BG can jointly decide which action to perform and how
to execute it when multiple discrete alternatives are available.

We address this shortcoming in our paper by extending their
framework to multiple discrete action channels, each with its
own continuous action parameter (action-salience) distribu-
tion (e.g., force for lever pull and button press), enabling joint
action selection and action specification.

Collectively, prior work has not yet demonstrated a single
BG mechanism that selects an action while simultaneously
specifying its execution value along a continuously valued
action parameter. A related proposal, the affordance competi-
tion hypothesis by Cisek (2006), proposes that frontoparietal
cortex encodes multiple candidate actions as distributed pop-
ulation activity over a continuous action space (e.g., reach
direction), where kinematic action specification is intrinsic to
the population code and action selection emerges from biased
competition via mutual inhibition and top-down influences
(e.g., goals, context, value). Joint action selection and spec-
ification occur when one representation crosses a dynamic
decision threshold and suppresses its competitors. However,
Cisek (2006) places the computation in the cortex, leaving the
BG’s role in this integrated process open to question.

In this paper, we present a BG model that jointly performs
action selection and action specification in a single opera-
tion. Building on Bartlett et al. (2025), we retain VSA/SSP
distributed encoding and striatal DNF dynamics, but extend
the framework from a single fixed action to multiple discrete
action channels, each coupled to its own continuous action
parameter distribution (e.g., force). Each channel receives a
scalar salience and a high-dimensional bundle encoding an
action—salience distribution over its continuous action param-
eter domain. Joint action selection and action specification
is achieved by applying the striatal DNF’s entropy-reduction
dynamics to the concatenated multi-channel action-salience
bundle representation, so the same computation identifies the
winning action while sharpening the corresponding continu-
ous action parameter estimate into a low-entropy output for
action specification. Although developed independently, our
integrated mechanism closely mirrors Cisek (2006)’s hypoth-
esis, while situating the competition within the BG.

Methods

In the following sections we summarize the methods of
Bartlett et al. (2025) for representing and manipulating contin-
uous action parameters in a biologically plausible form, then
present our extended, multi-channel BG architecture.

Spatial Semantic Pointers

Spatial Semantic Pointers (SSPs) are high-dimensional vec-
tor representations of continuous quantities (often spatial co-
ordinates) that use the Holographic Reduced Representation
(HRR) (Plate, 1995) VSA. An SSP maps a point x € R to
a D-dimensional vector ¢(x) € RP such that similarity in
the vector space reflects proximity in the underlying continu-
ous space: nearby values yield similar vectors, distant values
yield dissimilar vectors (Eliasmith, 2013; Eliasmith & Ander-
son, 2003). SSPs are typically constructed via a Fourier-phase

2696



(HRR-compatible) embedding; we refer readers to (Eliasmith,
2013; Eliasmith & Anderson, 2003) for the formal construc-
tion and properties.

SSPs provide a smooth, similarity-preserving code for con-
tinuously valued action parameters, and because they sup-
port dimensionality-preserving operations such as bundling,
they enable compact representations of quasi-probability (or
action-salience) distributions over continuous action param-
eters within a fixed-dimensional vector space (for detailed
discussions see Dumont (2025), Eliasmith (2013), Furlong
and Eliasmith (2023), and Furlong et al. (2024)).

Bundling

In VSA, bundling (superposition) is a method for representing
a set of vectors in a single vector of the same dimensionality.
Given N D-dimensional vectors Ay, ..., AN, their bundle is
B=A;+Ay+ - +Ax = XN, A; € RP. To encode a dis-
tribution of salience over a continuous action parameter (e.g.,
force), we start with a continuous domain, A = [dmin, Amax]
(for our simulations, a scalar interval), and choose N evenly
spaced samples a; € Afor j € {1,...,N}. Let ¢(a;) denote
the SSP encoding of a;, and let a; have an associated salience
sj 2 0. The resulting action-salience bundle is,

N
B = sl¢(a1) + -4 SN¢(QN) = Zsj¢(aj) (S RD .
j=1
To make the action-salience profile-to-bundle mapping ex-
plicit, we precompute an SSP basis matrix by stacking the
sampled continuous action SSPs row-wise,

$(ar)’
E=0= e RV*D, D; = ¢p(aj),
¢lan)’
and define the sampled action-salience profile as s =
[s1, - ,sn]T € Rfo. Then bundling can be written com-

pactly as B = ETs € RP, so ET acts as an encoder that
maps an N-dimensional action-salience profile into a D-
dimensional action-salience bundle.

The salience s; for a; can be decoded by dot-product:
§; = B - ¢(a;), where §; is the estimated salience of a;.
Equivalently, the full decoded action-salience profile is ob-
tained as § = EB € RN where § = [§1,...,8n5]7. Thus
ET and E form an explicit encoder-decoder pair between an
action-salience profile and its bundle. Additionally, because
SSP similarity varies smoothly with distance in A, the same
decoding mechanism supports interpolation at intermediate
continuous action parameter values that are not explicitly en-
coded or sampled. For a; < a* < ajsi, we estimate the
salience of a* as: §* = B-¢(a*). Furthermore, since bundling
is dimensionality-preserving (we use D = 512), large or dense
continuous action parameter domains can be represented with-
out increasing the vector representational size. Together, these
properties make bundles compact representation of continu-
ous action-salience distributions that can be transformed by
downstream DNF dynamics for action specification.

Dynamic Neural Fields

Dynamic neural fields (DNFs) are recurrent neural networks
defined over a continuous feature space (e.g., spatial loca-
tion or force magnitude) (Schoner et al., 2015). Following
Bartlett et al. (2025), we represent a continuous action pa-
rameter domain (A by discretizing the DNF’s action axis with
N action-place (AP) cells—analogous to hippocampal place
cells, but tuned to action parameter values rather than spatial
locations. Each AP cell j is tuned to sampled continuous
action a; € A, so that its activity encodes the salience s; of
the action-salience distribution at a;.

Given this representation, the DNF’s recurrent dynamics
implement an entropy-reduction (sharpening) transformation.
External inputs set an initial high-entropy action-salience pro-
file over the N AP cells. Then, the DNF’s local excitation and
global inhibition interactions (Schoner et al., 2015) sharpen
this profile by concentrating activity around the most salient
location while suppressing competitors by driving activity to-
wards the baseline. The dynamics converge to a single, sharp
peak centered at the most salient continuous action parameter
value (i.e., the operation does not translate the peak), along the
continuous action parameter axis, and thereby yielding a low-
entropy action-salience profile suitable for robust downstream
action specification.

Model Architecture

Our BG network (Figure 1) follows the canonical localist,
channelized architecture (Frank, 2005; Gurney et al., 2001a,
2001b; Stewart et al., 2010). We omit lateral inhibition motifs;
instead, competition is resolved by striatal DNF dynamics
together with downstream GPi gating (Bartlett et al., 2025).
Following the Bartlett et al. (2025) model, direct (D1) and
indirect (D2) pathways use the same fixed gain, abstracting
away pathway-specific asymmetries present in vivo (see Sec.
Online Resources for model implementation).

Connections from cortex provide M high-entropy action-
salience bundles {B,,}* ., with B,, € RP for m ¢
{1,--+, M}, as input to each action channel m. Each B,
encodes an action-salience distribution over a shared continu-
ous action parameter domain (A, sampled at N evenly spaced
points; for us, all channels encode the same domain space at
the same sampling resolution.

Following Bartlett et al. (2025), for each channel m, we
decode action-salience bundle B,, using decoder ET to ob-
tain an N-dimensional action-salience profile s,, € RY. We
concatenate the M action-salience profiles into a single N M-
dimensional high-entropy action-salience profile vector as
S = [s]|---Is;,]T € R¥M which drives the striatal DNF
dynamics. The DNFs are tiled by AP-cells arranged as M
contiguous blocks of N AP-cells each. Within block m, AP-
cell j is tuned to a'™ and its activity encodes salience stm
for j € {1,...,N}. Together, these steps implement our key
extensions: (i) an explicit multi-action channel design with M
parallel discrete action channels, each encoding a continuous
action parameter via an action-salience bundle; and (ii) con-
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Figure 1: Basal ganglia model architecture for joint action selection and action specification.

catenation of action-salience profiles so that, operationally,
the DNFs receive a single multi-modal N M-dimensional in-
put spanning M action channels.

From S, the DNF dynamics converge to a single localized
peak. The block containing this peak identifies the winning
channel, and the within-block peak index j* specifies the con-
tinuous action value by mapping j* back to the continuous
action value a j € A. Thus, action selection and action spec-
ification are resolved by a single entropy-reduction operation.

After DNF convergence, connection weights ET (see
Sec. Bundling) re-encode the NM-dimensional striatal ac-
tivities into M D-dimensional low-entropy action-salience
bundles, which then propagate through standard BG path-
ways. These low-entropy action-salience bundles then inter-
act with their original high-entropy cortical action-salience
bundle counterparts via the subthalamic nucleus (STN), pro-
viding a substrate for explore-exploit tradeoffs. The BG output
is a concatenation of M low-entropy action-salience bundles
(equivalently a DM-dimensional vector). We decode this
output into an low-entropy N M-dimensional action-salience
profile and apply an argmax readout to identify (i) the win-
ning channel (action selection), and (ii) within-channel peak
index j*. In vivo, we propose that an analogous compu-
tation for action specification readout may be realized by
the GPi-thalamus-cortex loop over the low-entropy action-
salience bundle of the winning channel.

Constructing Basal Ganglia Input

To support simultaneous action selection and action specifi-
cation, it is necessary to construct a BG input that encodes
both the discrete channel salience across actions and within-

channel continuous action-salience profile in such a form that
DNF’s dynamics would be sufficient to resolve competition.
We therefore define these quantities separately and then com-
bine them into a single fixed-dimensional representation.

For each discrete action channel m € {1,..., M}, we dis-
tinguish two quantities that must be jointly represented at
the cortical input to the BG. First, each channel has a scalar
channel salience c¢,, € [0, 1], which denotes the perceived
favourability of discrete action m in relation to all other dis-
crete alternatives. Second, each channel carries a continuous
action-salience profile s,, € RY over the shared continuous
action parameter domain {a j}?’: , € A. This action-salience
profile is represented as s, = [s1(a1),...,sy(an)]". Here,
the action-salience value s,, (a ;) specifies how strongly execu-
tion value a; is preferred for the continuous action parameter,
conditional on selecting discrete action m.

A central challenge is to encode both the across-channel
salience (c,,) and the within-channel continuous action pa-
rameter salience (s,,) within a fixed-dimensional representa-
tion. Since our model resolves action selection and action
specification in a single BG computation, both signals must
be encoded simultaneously. We therefore employ two prepro-
cessing steps to s,,. This input construction is an engineering
choice to reconcile established action selection and action
specification modelling conventions within a single BG com-
putation; we do not claim that cortex performs these exact pre-
processing operations, only that multiple cortical processes
could generate equivalent bundle inputs, and we adopt this
procedure as a concrete instantiation.

First, we perform unit-height normalization that equalizes
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the peak magnitude across all discrete action channels:

~ Sm

S§p=—"—9H——
" max; sm(a;)

e [0, 11",

This normalization procedure removes arbitrary scale dif-
ferences in the action-salience profiles by rescaling each s,
so that its maximum value is 1, forcing all peaks to have equal
height while preserving the distribution’s shape and peak lo-
cation. This step is crucial because, for action specification,
the selected continuous execution value is determined by the
peak location (given by index j*), not the unnormalized peak
height (given by s,,(a+)).

Second, we apply a channel-salience scaling step, where we
encode the across-channel salience by scaling the normalized
action-salience distribution §S,, by ¢,, for discrete action m:

Qn = CmSm € [0, ]]N'

The scaling of §,,, by ¢, sets the peak height of q,, to reflect
how salient the discrete action m is relative to other action
channels. Simultaneously, this scaling procedure preserves
the shape and peak location of the within-channel action-
salience distribution §,,, required to recover the preferred con-
tinuous execution value for the continuous action parameter.
Thus, channel identity is encoded before concatenation: c,,
specifies action salience, whereas §,,, specifies the continuous
action parameter profile.

Finally, we encode q,, into a D-dimensional cortical
action-salience bundle using the encoder E € RV*P (see
Sec. Bundling): B,,, = ETq,, € R, yeilding M high-entropy
cortical input action-salience bundles {B,,,}”]‘f=l that are deliv-
ered to the BG.

Experimental Design

We adapt the reach-to-pull paradigm of Park et al. (2025)
to a modeling setting that explicitly separates discrete action
selection from continuous action specification. Instead of
two reach targets and two loads, our model has two discrete
action channels—Iever-pull and button-press—and a shared
continuous action parameter: force, f € [0, 15]g (load, in
grams), sampled at 0.01g resolution (N = 1500).

To mirror the two-load structure, each channel receives a
bimodal force—salience profile with peaks at 3g and 12g. On
each trial, the channel salience c,, scales the action-salience
profile amplitude for each discrete action channel, thereby set-
ting its relative salience against its competitors. Within each
channel, the relative peak heights determine whether 3g or
12g is preferred. The effective channel saliencies (lever-pull,
button-press) are: Trial 1 (0.93,0.61), Trial 2 (0.95,0.63),
Trial 3 (0.62,0.98), and Trial 4 (0.65,0.93) (see Figure 2).
Each scaled bimodal force—salience profile is then encoded as
a 512-dimensional force-salience input bundle.

We run a 2x2 design (action X load) across four trials: lever-
pull at 3g and 12g (trials 1-2), and button-press at 3g and 12g
(trials 3—4). Input bundles drive a BG circuit with a striatal
DNF of 1500 units per channel (3000 total), presented for
1.5 seconds, with fixed dopamine level of 0.2. This enables

a direct test of whether BG dynamics jointly resolve action
selection and action specification.

Results

As shown in Figure 2, across all four trials, the BG net-
work’s striatal DNF transformed the concatenated high-
entropy action-salience distribution (dot-dashed green line)
into a single localized peak at the intended channel (solid pur-
ple line). In Trials 1 and 2, the peak appears in the lever-pull
(LP) block at the instructed load (3g, then 12g); in Trials
3-4, the peak emerges in button-press (BP) at 3g and 12¢g
(respectively), while LP is suppressed. The decoded action-
salience distribution from the BG output (dotted blue line)
mirrors this sharpening: only the winning channel retains
a structured low-entropy action-salience distribution, and its
within-channel peak index j* maps directly to the specified
continuous action value a - € A.

Discussion

Our work develops a biologically grounded BG circuit that
couples discrete action selection with continuous action spec-
ification within a single computation. Each candidate ac-
tion is represented as a channel carrying an SSP-encoded
action-salience distribution over a continuous action param-
eter (e.g., force). Striatal DNFs compete over the concate-
nated action—salience profiles to perform an entropy-reduction
transformation, concentrating activity around the most salient
region. In a complete coritcal-BG-thalamo-cortical imple-
mentation, this competition would be expected to supress GPi
activity in the winning channel, yielding disinhibition of the
corresponding thalamic channel (Rocha et al., 2023); within
that disinhibited channel, action specification would be read
out by mapping the within-channel peak location back to the
continuous action parameter domain (Bartlett et al., 2025).

Although our theoretical inputs are idealized bimodal ac-
tion—salience profiles, realized action-salience bundles exhibit
small encoding and decoding distortions. Despite this repre-
sentational noise, the model converges to the correct action
and continuous action value across all trials, indicating ro-
bustness that is consistent with the stability properties of DNF
recurrent dynamics (Schoner et al., 2015).

In this architecture, action selection and action specification
occur in lockstep by construction: the same competition that
identifies the winning channel also determines the within-
channel peak location, which the thalamo-cortical pathway
can then read out as the specified continuous action value.
This coupling is enforced by our model connectivity pattern
and representational scheme rather than from a biological
derivation. Moreover, our construction of q,, (see Sec. Con-
structing BG Input) is an engineering choice rather than a
mechanistic claim: q,, need not be constrained to [0, 1]V,
and equivalent joint encoding of c¢,, and s,,, could be achieved
with alternative scalings, ranges, or transformations. How
the cortex might implement any such mapping or encoding
remains an open question. Thus, while we show that a single
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Figure 2: Basal ganglia action—force representations across four trials over time. Each panel shows the force domain (LP left,
BP right) with input action—salience (green, dot-dashed line), decoded BG output (blue, dashed line), and DNF AP-cell activity
(purple, solid line). Y-axis labels are omitted to emphasize peak location and distribution shape along the action domain, rather

than absolute magnitude.

striatal substrate can support both computations given suitable
representations and connectivity, we do not yet establish that
biological circuits must realize this unification under realistic
noise, delays, and recurrent cortico-BG—thalamic dynamics.
Several limitations of our current model point to direct
extensions. First, the model specifies only a single con-
tinuous action attribute per discrete action, whereas natural
movements require multi-attribute action specification (e.g.,
a combination of force, direction, and speed). While SSPs
naturally generalize to higher-dimensional continuous action
parameters, the DNF would need to be adopted—either via a
factorized design (separate, smaller field for each attribute) or
a joint field spanning all possible attribute combinations with
appropriately defined interaction kernels. Second, our inputs
were held static for 1.5 seconds, which bypasses time-varying
decision formation and evidence accumulation. Incorporat-
ing an STN-mediated “brake” that delays commitment under
uncertainty would allow inputs to evolve and accumulate evi-
dence until a decision threshold is reached, better mimicking
real-world decision making processes (Ballanger et al., 2009;
Frank et al., 2007). Finally, we abstract away recurrent cor-
tico—thalamic loops and plasticity; future work should include
an explicit thalamo-cortical readout, short-loop pallidal feed-
back, and experience-dependent shaping of DNF kernels.
Two open questions remain. The first regards symmetry
breaking: if two channels encode identical action—salience
distributions, does the circuit resolve ties stochastically, via
history dependence, through delayed commitment, or fail to

resolve competition? While noise in the DNF may eventually
break symmetry, animals likely resolve such cases more slowly
through evidence accumulation and top-down biases (Cisek &
Kalaska, 2010; Ratcliff & McKoon, 2008). Testing this would
require constructing matched alternatives and then introduc-
ing controlled perturbations to quantify their effects on choice
and latency. The second concerns dopaminergic control: we
held dopamine constant to isolate DNF-driven dynamics, but
tonic and phasic dopamine are expected to modulate pathway
gains, exploration—exploitation, and learning (Dreyer et al.,
2010; Gilbertson & Steele, 2020; Humphries et al., 2012;
Keeler et al., 2014). A natural extension is to couple the cir-
cuit to reinforcement learning (e.g., actor—critic or temporal
difference learning) with phasic dopamine as a teaching signal
and test how systematic shifts in tonic dopamine regulate the
stability and speed of joint action selection and specification.
In this setting, reinforcement signals would shape both the
selected action and the continuous action parameter values
required to execute that action.

In conclusion, we present a BG circuit that jointly per-
forms discrete action selection and continuous action speci-
fication in a single operation. This extends localist, channel-
ized BG models from selecting “which action” to also deter-
mining “how much”, and yields testable hypotheses for how
the cortico-BG-thalamo—cortical loop can couple choice and
vigour. The framework further motivates principled exten-
sions to multidimensional specification, time-varying deci-
sion dynamics, and dopamine-dependent learning.
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the experiments and facilitate further exploration of the pro-
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