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Abstract

The primate visual system is typically divided into two streams — the ventral
stream, responsible for object recognition, and the dorsal stream, responsible for en-
coding spatial relations and motion. Recent studies have shown that convolutional
neural networks (CNNs) pretrained on object recognition tasks are remarkably
effective at predicting neuronal responses in the ventral stream, shedding light on
the neural mechanisms underlying object recognition. However, similar models
of the dorsal stream remain underdeveloped due to the lack of large scale datasets
encompassing dorsal stream areas. To address this gap, we present STSBENCH,
a dataset of large-scale, single neuron recordings from over 2,000 neurons in the
superior temporal sulcus (STS), a nearly 50-fold increase over existing dorsal
stream datasets, collected while Rhesus macaques viewed thousands of unique,
natural videos. We show that our dataset can be used for benchmarking encoding
models of dorsal stream neuronal responses and reconstructing visual input from
neural activity.

1 Introduction

A principal goal of systems neuroscience is to characterize the map between external stimuli and
neuronal responses [1]. This question has often been studied by probing neurons with simple
parametric stimuli to explain the relationship between stimulus parameters and neuronal responses
[2, 3]. In particular, these studies have proven instrumental in shaping our understanding of single-
neuron response properties throughout the primate visual system [e.g. 4] as well as its functional
organization [e.g. 5]. However, these classic approaches fail to adequately capture complex neuronal
responses to natural scenes [6], particularly in higher-level visual areas where neurons encode
increasingly abstract and nonlinear features [7].

Visual processing within the primate visual system is accomplished by functionally specialized, quasi-
separable neural circuits. The output of the primate retina consists of distinct classes of ganglion cells
distinguished by their relative specialization for spatiotemporal or object vision [8]. The vast majority
of retinal output is transmitted to primary visual cortex (V1) via anatomically distinct layers of the
dorsal lateral geniculate nucleus in which the above specializations remain largely segregated. That
segregation continues in V1 and to a large extent in V2. Beyond these areas lie many additional visual
representations extending dorsally into the parietal lobe where neurons specialize in spatiotemporal
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vision and ventrally into the temporal lobe where neurons specialize in object vision (Figure 1a)
[9]. For example, whereas neurons in ventral visual areas tend to be more selective to shape and
color (e.g. area V4) [10–12] and to foveal stimuli (e.g. inferotemporal cortex) [13], neurons in dorsal
areas are more selective to motion and spatial processing (e.g. area MT) [14, 15]. More crucially,
selective impairments of object identification follow damage to ventral visual areas whereas more
spatial deficits follow damage to dorsal visual areas [16].

In recent years, convolutional neural networks (CNNs) have been applied to predict neuronal response
to natural images in ventral stream areas such as V4 and the inferior temporal (IT) cortex with
considerable success [7, 17–20]. These advances were accelerated by the release of a suite of
large-scale datasets and benchmarks for predicting ventral stream neuronal responses to natural
images, including BrainScore [21, 22], MacaqueITBench [23], and the Things Ventral Stream Dataset
(TVSD) [24], among others [e.g. 25]. In contrast, datasets and models of dorsal stream neuronal
responses to naturalistic stimuli remain scarce. To date, the largest such dataset contains 45 neurons
recorded from area MT [26, 27] which is orders of magnitude smaller than ventral stream datasets
such as TVSD that contain thousands of neurons [24]. The limited scale of existing datasets has
constrained the development of deep learning-based models for predicting neuronal responses in the
dorsal stream [but see 28].

In the past several years, high-channel-count electrophysiological recording devices such as Neuropix-
els probes have transformed neuroscience by enabling simultaneous recordings from large, densely
localized populations of neurons anywhere in the brain. These recording probes were deployed
initially in rodents [29], and subsequently in primates [30]. The capabilities provided by such probes
have already led to several novel discoveries [31, 32]. Short-length (10 mm) probes were first used to
record neurons in both human and nonhuman primates (NHPs), allowing access to superficial targets.
More recently, Neuropixels probes were adapted for greater suitability in primates by extending
the probe length in order to achieve large-scale recordings in deep structures including visual areas
located deep within the convolutions of the posterior visual cortex, such as the superior temporal
sulcus (STS) [33]. Neuropixels probes are thus ideally suited to build large datasets from the entirety
of the primate visual system including both the dorsal and ventral streams. Here, we leveraged these
probes to address the relative lack of data from the primate dorsal stream by recording from thousands
of neurons in area MT/MST in the STS. We recorded neuronal activity while monkeys viewed natural
videos, and used this large-scale dataset to develop new encoding and reconstruction models for the
dorsal stream (Figure 1b-e).

Our main contributions in this paper are: (i) We release STSBENCH, a dataset of single neuron
recordings in the STS with 2,244 neurons recorded while monkeys viewed �4,500 unique natural
videos. (ii) We use STSBENCH to benchmark an extensive suite of encoding models, and identify
gaps in current models of visual processing in MT/MST. (iii) We use a neural-conditional latent
diffusion model for reconstructing visual stimuli from neural activity, and demonstrate successful
reconstructions on STSBENCH and TVSD.

2 Related works

Neural network encoding models of dorsal and ventral visual cortex. A landmark study by
Yamins et al. [7] found that CNNs trained on object recognition tasks are highly predictive of neuronal
activity in inferior temporal (IT) cortex. Subsequent work demonstrated that the hierarchy of layers
in CNNs aligns with the hierarchy of ventral visual areas, with early layers predictive of V1 and
later layers predictive of V4 and IT [17, 34]. These models have provided insight into the neuronal
mechanisms underlying object recognition, including the functional organization of feature-selectivity
in V4 [19] and face-selectivity in IT [35].

Although the functional properties of neurons in the dorsal stream have been extensively investigated
using parametric stimuli, there have been comparatively few studies that used naturalistic stimuli. In
a pioneering study, Nishimoto and Gallant [26] introduced a model for predicting neuronal responses
in area MT to natural videos that consists of a bank of 3D Gabor filters convolved with the video
followed by a linear readout. Mineault et al. [28] compared this model to 3D ResNets, trained either
on action recognition (ResNet3D-18) or self-motion estimation (DorsalNet) tasks, and concluded that
the dorsal stream is optimized for ‘self-motion estimation’. A separate line of work has applied these
approaches to functional magnetic resonance imaging (fMRI) data, which captures activity in both
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