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DESCRIPTION: State the application's broad, long-term objectives and specific aims, making reference to the health relatedness of the project Describe
concisely the research design and methods for achieving these goals. Avoid summaries of past accomplishments and the use of the first person. This abstract
is meant to serve as a succinct and accurate description of the proposed work when separated from the application. If the application is funded, this
description, as is, will become public information. Therefore, do not include proprietary/confidential information. DO NOT EXCEED THE SPACE
PROVIDED.

Our ability to live within and interact with a world composed of 3D objects depends largely on our spectacular
capacity for visual shape perception. This is what makes vision so critical to our health, happiness, and
survival. The long-term goal of this project is to understand 3D object perception by discovering the neural
code for complex 3D shape in the primate ventral visual pathway. After decades in which neurophysiological
studies of object representation in the monkey ventral pathway have focused exclusively on 2D shape,
recent reports indicate a robust representation of 3D shape, although the nature of that representation
remains completely unknown. We will address this issue using the same techniques we have recently
applied to produce the first quantitative descriptions of complex 2D shape representation. We will combine
dense, parametric exploration of 3D shape space with intensive computational analysis to test hypotheses
about 3D shape coding dimensions, tuning functions, integration mechanisms, and population coding
principles. The stimuli will be complex, smooth (spline-based), abstract, randomly generated 3D shapes.
Successive generations of random shape stimuli will be determined with a genetic algorithm, using neural
responses as feedback to guide sampling toward the most relevant regions of 3D shape space. The
resulting data will be used to test hypotheses about coding dimensions relating to 2D boundary contours, 3D
surface patches, and 3D medial axis shape, all described in terms of absolute and relative position, 2D and
3D orientation, 2D and 3D curvature, curvature orientation, and curvature derivative. We will test tuning
functions ranging from simple Gaussians to complex manifolds describing highly specific part shapes. We
will test a variety of mechanisms for integrating information across object parts, ranging from single-part
tuning through multi-part tuning to holistic tuning for overall object shape. The hypotheses surviving from
these individual cell analyses will then be tested at the population coding level.
PERFORMANCE SITE(S) (organization, city, state)

Zanvyl Krieger Mind/Brain Institute, Johns Hopkins University, Baltimore MD

KEY PERSONNEL. See instructions. Use continuation pages as needed to provide the required information in the format shown below.
Start with Principal Investigator. List all other key personnel in alphabetical order, last name first
Name
Organization
Role on Project

Connor, Charles, Ph.D.
------- ----------- -------- ------------------- ----------- ------- ---------

Johns Hopkins University
Johns Hopkins University
Johns Hopkins University
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BUDGET JUSTIFICATION PAGE
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Personnel

Charles Connor, Ph.D., (Principal Investigator,----% effort) will be responsible for designing and
overseeing experiments, developing quantitative analyses of neural and behavioral data, and
preparing the results for publication in collaboration with Yukako Yamane and other students. In
addition, Dr. Connor will perform all surgeries required for these experiments.
-------- - ----------- Ph.D. (Postdoctoral Fellow,------% effort) will be responsible for experimental design
in collaboration with the PI, software development to create 3D stimuli and analyze neural data,
performing neurophysiological recording experiments, and preparation of results for publication in
collaboration with the PI. --- ----------- did her Ph.D. thesis work in the laboratory of Manabu Tanifuji
at RIKEN Brain Science Institute, studying 2D object representation in primate inferotemporal cortex.
---------- -------- Ph.D. (Senior Progammer/Analyst,----% effort) will be responsible for developing
software and managing hardware for - -- ------- -display, neural and behavioral data collection, and
neural and behavioral data analysis. --- ------ - received a PhD. in Biophysics with an emphasis on
3D visual perception and has extensive experience in software and hardware development, making
him uniquely qualified for this project.
------- ------ -- (Technician, --- % effort) will be responsible for histological procedures, supplementary
behavioral training, ordering supplie- ------------ in surgeries and experiments, and generating figures
for presentations and publications. ---- ------ -- -has been trained in all these procedures as part of her
3 years of experience in this laboratory.
----------- -------- - (Electronics Engineer, - % effort) will be responsible for design, manufacture and
------ --- ----stom electronic equipment needed for neurophysiological and behavioral experiments.
--- --------- supervises the Mind/Brain electronics shop and is responsible for the electronics needs of
6 laboratories. He received a B.S. in electrical engineering and has 4 years of experience in
electronics design.
--------- --------- - (Machinist, - % effort) will be responsible (along with---- ------- - for design,
manufacture --- - ------- --- custom equipment needed for neurophysiological and behavioral
experiments. --- ----------- in collaboration with --- ------- , is responsible for the equipment needs of 6
laboratories. He has 27 years experience as a machinist.
--------- ------- (Machinist,-- % effort) will be responsible (along with---- -----------) for design,
manufacture and repair of custom equipment needed for neurophysiological and behavioral
experiments. --- ------- supervises the Mind/Brain machine shop and is responsible for the
equipment needs of 6 laboratories. He has 27 years experience as a machinist.
PHS 398 (Rev. 05/01)
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-------- -------- - (Te----------- -- -- ------- ----- -be responsible for supplementary histological procedures in
collaboration with ---- --------- ----- -------- - is in charge of the histology facility in the Mind/Brain
Institute. She oversees histology and electrode manufacture for 6 laboratories and has 4 years of
experience.
------ -------------- -(Electrician,-- % effort) will be responsible (under the supervision of --- --------- - for
manufacture and repair of custom electronics equipment needed for behavioral and
neurophysiological experiments. He has 29 years of experience in manufacture and support of
laboratory electronics equipment.
Consortium
Fee (SBIR/STTR Only)
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BIOGRAPHICAL SKETCH
Provide the following information for trie key personnel in the order listed on Form Page 2.
Follow this format for each person. DO NOT EXCEED FOUR PAGES.
NAME

POSITION TITLE

Connor, Charles Edward

Associate Professor

EDUCATION/TRAINING (Begin with baccalaureate or other initial profess/ona/ education, such as nursing, and include postdoctoral training.)
DEGREE
FIELD OF STUDY
INSTITUTION AND LOCATION
YEAR(s)
(if applicable)

Loyola College of Maryland
Vanderbilt University School of Medicine
Johns Hopkins University School of Medicine
Johns Hopkins University School of Medicine
Washington University School of Medicine

B.S.
M.S.
Ph.D.
PostDoc
PostDoc

1978
1982
1989
1990-1992
1992-1996

Biology
Pharmacology
Neuroscience
Neurophysiology
Neurophysiology

A. Positions and Honors.
2003-present
1996-2002
1998-2002

Associate Professor, Johns Hopkins University
Assistant Professor, Johns Hopkins University
Pew Scholarship in the Biomedical Sciences

B. Selected peer-reviewed publications (in chronological order).
Research Papers
Brincat, S.L. & Connor, C.E. (2004) Underlying principles of visual shape selectivity in posterior
------------------ --------- --------- ----------------- - -- ------------------- ------ -- ---------- ----- -------- ---------------- - -------------------- - -- ---------- - ------- - - - --------- ---------- ---- - -- - ---------------Pasupathy, A. & Connor, C.E. (2002) Population coding of shape in area V4. Nature Neuroscience 5:
1332-1338.
Hinkle, D.A. & Connor, C.E. (2002) Three-dimensional orientation tuning in macaque area V4. Nature
Neuroscience 5: 665-670.
Pasupathy, A. & Connor, C.E. (2001) Shape representation in area V4: Position-specific tuning for
boundary conformation. Journal of Neurophysiology 86: 2505-2519.
Hinkle, D.A. & Connor, C.E. (2001) Disparity tuning in macaque area V4. NeuroReport 12: 365-369.
Pasupathy, A. & Connor, C.E. (1999) Responses to contour features in macaque area V4. Journal of
Neurophysiology 82: 2490-2502.
Gallant, J.L., Connor, C.E. & Van Essen, D.C. (1998) Neural activity in areas V1, V2 and V4 during
free viewing of natural scenes compared to controlled viewing. NeuroReport 9: 2153-2158.
Connor, C.E., Preddie, D.C., Gallant, J.L. & Van Essen, D.C. (1997) Spatial attention effects in
macaque area V4. Journal of Neuroscience 17: 3201-3214.
Connor, C.E., Gallant, J.L., Preddie, D.C. & Van Essen, D.C. (1996) Responses in area V4 depend
on the spatial relationship between stimulus and attention. Journal of Neurophysiology 7 5:13061308.
Gallant, J.L., Connor, C.E., Rakshit, S., Lewis, J. & Van Essen, D.C. (1996) Neural responses to
polar, hyperbolic, and Cartesian gratings in area V4 of the macaque monkey. Journal of
Neurophysiology 76: 2718-2739.
PHS 398/2590 (Rev. 05/01)
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Steinmetz, MA, Connor, C.E., Constantinidis, C. & Mclaughlin, J.R. (1994) Covert attention
suppresses neuronal responses in area 7a of the posterior parietal cortex. Journal of
Neurophysiology72: 1020-1023.
Connor, C.E. & Johnson, K.O. (1992) Neural coding of tactile texture: comparison of spatial and
temporal mechanisms for roughness perception. Journal of Neuroscience 12: 3414-3426.
Connor, C.E., Hsiao, S.S., Phillips, J.R. & Johnson, K.O. (1990) Tactile roughness: neural codes that
account for psychophysical magnitude estimates. Journal of Neuroscience 10: 3823-3836.
Connor, C.E. & Kuczenski, R. (1986) Evidence that amphetamine and Na+ gradient reversal increase
striatal synaptosomal dopamine synthesis through carrier-mediated efflux of dopamine.
Biochemical Pharmacology 35. 3123-3130.

Reviews. Comments and Chapters
--------- ------ -------- --------- ------------ ------------ - ---- ------------- ---------- ---------- -- - --------Connor, C.E. (2003) Active vision and visual activation in area V4. Neuron 40: 1056-1058.
--------- ----- -------- -------- - -------------- - ---- - ------- ------------- ---- ---- - -------- ------------------------------ -- -- ---------- ----- ------ ---- - -------- ------------- - ------- - ----------------Connor, C.E. (2003) Perceptual Learning. Quarterly Review of Biology 78: 259-260.
Connor, C.E. (2002) Reconstructing a 3D world. Science 298: 376-377.
Connor, C.E. (2002) Representing whole objects: temporal neurons learn to play their parts. Nature
Neuroscience 5: 1105-1106.
Connor, C.E. (2001) Visual perception: sunny side up. Current Biology 11: R776-R778.
Connor, C.E. (2001) Shifting receptive fields. Neuron 29: 548-549.
Connor, C.E. (2001) Multiple cues for object perception. Trends in Neuroscience 24: 64-65.
Connor, C.E. (2000) Visual perception: monkeys see things our way. Current Biology 10: R836-R838.
C. Research Support.
Ongoing Research Support
R01 EY11797 Connor (PI)
04/01/03-03/31/07
NIH/NEI
Role: PI
Object Synthesis in Extrastriate Visual Cortex
This is a study of 2D object representation in the primate ventral visual pathway, using large sets of
parameterized shape stimuli to elucidate mechanisms of shape coding at the single cell and
population levels in higher stages of monkey ventral pathway visual cortex.
P01 NS38034 Johnson (PI)
07/01/99-06/30/04
NIH/NINDS
Role: PI for Project 2
Three-dimensional tactile and visual form perception
This was a program project grant involving four laboratories (two tactile, two visual) aimed at
elucidating common mechanisms of 3D form perception in touch and vision. The research in our
laboratory funded by this grant led to the first demonstration of binocular disparity tuning in area V4
and the first demonstration of 3D orientation tuning. This grant is currently in a no-cost extension
period from 07/01/04-06/30/05. There is no plan to apply for renewal of this grant.

PHS 398/2590 (Rev. 05/01)
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Completed Research Support
---------- -- -- Connor (PI)
07/01/98-06/30/02
------ ---- -- ------------ - --------Object-based Attention in Extrastriate Visual Cortex
The major goal of this project was to investigate the neural correlates of object-based attention in
extrastriate cortex.
Overlap
P01NS38034. which does have scientific overlap with the proposed project, is currently in a no-cost
extension period, will end on 06/30/05. There is no plan to apply for renewal of P01NS38034. Thus,
P01NS38034 will terminate before the earliest point at which the proposed project funding would
begin (07/01/05).
R01EY11797 has no scientific overlap with the proposed project (or with P01NS38034). For a
number of reasons, 2D and 3D object vision require very different scientific approaches, and thus
have always represented two relatively independent lines of research in our laboratory. While almost
nothing is known about 3D complex shape representation, a great deal is known about 2D shape
representation, and the experiments in R01EY11797 build on that background. 2D object shape has
a much simpler, lower-order dimensionality, making it more amenable to dense sampling of broad
regions of shape space. 2D object vision is faster and does not depend on complex inferences about
depth based on subtle cues like binocular disparity, making it possible to sample shape responses
much more rapidly. 3D object vision appears to depend particularly on specific, more restricted parts
of ventral pathway cortex, such as the temporal cortex inside the superior temporal sulcus. 3D shape
experiments, especially those involving stereoscopic vision, entail a number of additional technical
challenges in generating stimuli and ensuring fused, binocular vision and normal depth perception.
Thus, the 2D project is bound to yield a more complete picture in the near future, while the 3D project
will constitute the first exploration of a new, richer perceptual realm. The students and major
equipment associated with the two projects will remain separate.
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RESOURCES
FACILITIES: Specify the facilities to be used for the conduct of the proposed research. Indicate the performance sites and describe capacities,
pertinent capabilities, relative proximity, and extent of availability to the project. Under "Other," identify support services such as machine shop,
electronics shop, and specify the extent to which they will be available to the project. Use continuation pages if necessary.
Laboratory:

The PI has the sole use of a 750 sq ft laboratory equipped with 2 electrically shielded 8X10 rooms for
monkey training and recording and a large general room for the use of experimenters.

Clinical:

Animal:

The Department of Comparative Medicine at Johns Hopkins administers animal facilities capable of housing
25 monkeys and surgical facilities, both located within the Mind/Brain Institute. The sterile surgical suite
comprises 3 rooms (prep room, surgical theater, procedure room) and is maintained and equipped by the
Mind/Brain Institute.
Computer:

The laboratory is equipped with 4 highspeed Linux workstations for visual stimulus generation, data
collection and analysis and 16 Windows PCs for data analysis, figure generation and word processing.
Office:

The PI has a 170 sq ft office. Offices for students are provided by the Mind/Brain Institute.
Other:

The Mind/Brain Institute provides a well-equipped machine shop, electronics, shop, histology laboratory and
electrode manufacturing room. The machine and electronics shops both have staffs of 2, the histology and
electrode facility is staffed by one person.
MAJOR EQUIPMENT: List the most important equipment items already available for this project, noting the location and pertinent capabilities of each.

1. 2 high-speed linux workstations for stimulus generation and data collection
2. 8 high-speed Windows PCs for data analysis, figure generation and word processing
3. ISCAN dual video eyetracker system for monitoring the positions of both eyes during stereoscopic
stimulus presentation.
4. Custom-built stereoscopic display system with 2 20" high-resolution CRT monitors laser-aligned in a
frame for positioning the monkey's eyes so that a binocular display with disparity cues can be presented at
the appropriate vergence angle (adjusted for interpupillary distance) through cold mirrors that reflect the
monitor images toward the eyes but transmit images of the eyes to the ISCAN video cameras.
5. Neurophysiological recording system including hardware for accessing any part of inferotemporal cortex
through a variable angle guide tube with stepper-motor microdrive and electronic filtering, windowing, and
high-speed computerized data collection equipment.

PHS 398 (Rev. 05/01)
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a. SPECIFIC AIMS
Long-term goal: To understand how complex 3D shape is encoded by neurons in high-level
object regions of visual cortex. Our ability to live and interact in a world composed of 3D objects depends
largely on our spectacular capacity for visual shape perception. This is what makes vision so critical to our
health, happiness, and survival. Human shape perception ultimately depends on unknown neural coding
mechanisms in high-level ventral pathway visual cortex. Deciphering this neural code is fundamental to
understanding human visual appreciation of the world and complex pattern perception in general. We plan to
address this issue by recording neural responses in higher stages of the macaque monkey ventral pathway,
specifically the posterior, central, and anterior subdivisions of inferotemporal cortex (PIT, CIT, AIT).
Significance: The proposed experiments would be the first to investigate specific mechanisms
of complex 3D shape representation in the ventral pathway. For many decades, neurophysiological
studies of complex object representation in monkey IT cortex have focused on 2D shape. Several recent
reports indicate that 3D shape is also represented in IT, especially along its dorsal aspect, and in analogous
regions of human cortex. These initial findings raise but do not address the basic question of how complex 3D
shape is encoded by neurons in visual cortex. Ours would be the first neurophysiological experiments to
address fundamental questions about neural coding of complex 3D shape.
Methods: We will use complex, smooth (spline-based), abstract, randomly generated 3D stimuli
guided by a genetic algorithm to explore 3D shape space efficiently. We will test hypotheses about 3D
shape coding mechanisms by constructing mathematical models to explain neural response patterns.
The genetic algorithm will use neural responses as feedback to guide successive generations of random
stimuli toward the most relevant regions of 3D shape space. This is an efficient way to achieve dense
sampling in high-response regions of a stimulus space too large to explore with ordinary methods. It also
avoids the biases introduced by an experimenter-defined stimulus set. Our system for generating smooth,
abstract 3D objects permits both broad random variation and precise mathematical control over stimulus
shape. Mathematically defined stimuli allow us to construct quantitative models to test hypotheses about
shape coding mechanisms.
Specific Aims: We propose to answer a number of fundamental, never-before-addressed
questions about how the brain represents 3D objects. Because neurophysiological studies of complex
shape representation have focused on 2D stimuli, the basic theoretical questions about 3D shape coding
remain to be addressed empirically. In the following, competing hypotheses are stated as questions.
AIM 1: What kind of 3D shape information is encoded by individual IT neurons? In recent
studies of 2D shape coding in areas V4 and IT, we showed that the specific shape information signaled by
individual neurons can be quantified with tuning functions in multiple shape-related dimensions. Here, we will
use related analyses to test hypotheses about three aspects of 3D shape coding:
(a) Coding dimensions. What measurable 3D shape characteristics are signaled by IT responses?
What parts, features or entities do they relate to—occlusion boundaries (i.e. external or internal object edges,
which typically have 3D conformations), surface patches, medial axes, volumetric parts? What geometric
characteristics of these entities are explicitly represented—absolute or relative position, orientation, curvature,
curvature orientation, curvature derivative, thickness variation?
(b) Tuning function shape. Are IT neurons narrowly selective for specific 3D shape characteristics,
producing a sparse, efficient, compact representation of 3D objects? Or are they broadly tuned, with wide
tolerance for shape and orientation changes, supporting the ability to generalize across different views of the
same object? Is tuning smooth and Gaussian, indicating basis function coding? Or do tuning functions have
abrupt boundaries indicative of categorical object coding?
(c) Integration mechanisms. Are 3D objects represented in terms of their parts, as many theories
maintain? If so, how do neurons at the highest levels in IT integrate information across multiple object parts?
How many parts? Adjacent or disjoint? Is integration mainly linear, favoring implicit, highly distributed coding?
Or is it mainly nonlinear, favoring explicit, sparse coding? Do some IT neurons, especially at higher stages in
AIT, encode holistic shape, by integrating information nonlinearly across entire objects?
AIM 2: How is 3D shape encoded at the neural population level? The ultimate representation of a
3D object is the activity pattern it evokes across large neural populations. Can the neural representation of an
entire object be read out from this activity pattern as a high-dimensional vector averaged over individual neural
tuning (basis) functions? Or is a more complex, optimization decoding method required? Do any decoding
methods specify 3D shape completely enough to reconstruct the original stimulus?
PHS 398/2590 (Rev. 05/01)
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b. BACKGROUND AND SIGNIFICANCE

Summary: The proposed study would be the first direct investigation of neural coding mechanisms for
complex 3D shape. The specific neural coding mechanisms for shape can be studied most directly using
neurophysiology in non-human primates. Past non-human primate neurophysiology has focused on the 2D
aspects of complex shape, but the world we live in and the objects we interact with are 3D. Understanding the
neural basis of visual shape perception is a fundamental goal of vision science with broad implications for
human welfare and the general study of higher-level brain function. Quantitative data on neural representation
of 3D objects would provide a critical comparison with previous psychophysical, theoretical and computational
data and models of natural object perception. Understanding the neural code for 3D object shape would
provide an essential basis for investigating higher-level cognitive processes that involve generation, storage,
retrieval, and/or manipulation of real object information.
Understanding the neural basis of complex 3D shape perception would constitute a critical insight into
human vision and higher-level brain function in general, providing a basis for comparison with
previous psychophysical, theoretical and computational results, and supporting future studies of
higher-level cognition involving realistic object information. Shape perception is a fundamental aspect of
human vision. It is essential to most normal interactions with other individuals and with the world. Thus,
diseases that impair shape perception (apperceptive and associative agnosias1) have a profound effect on
quality of life. The human (and primate) capacity for shape perception is unmatched by the most advanced
computer vision systems. Humans can effortlessly perceive any shape, in a way that generalizes across an
infinity of retinal image changes (e.g. different views of the same face) yet remains sensitive to the subtlest
nuances (e.g. in facial expression). Thus, visual shape perception is a paradigmatic case of complex
perceptual processing that can shed light on general higher-level brain mechanisms. Real objects are 3D, and
a large body of psychophysical, theoretical and computational literature is devoted to 3D object perception2"36.
The proposed studies would provide quantitative neural data to complement that literature. Deciphering the
neural code for shape would also provide the essential basis for examining memory formation and retrieval,
decision-making, and other high-level cognitive processes that depend on object information.
In humans and other primates, object shape is represented in the ventral cortical pathway.
Neurophysiological and lesion studies in monkeys have shown that complex shape information is processed in
higher stages of the ventral pathway—V4, PIT/TEO, CIT/TE, AIT/TE37"*0. Imaging research in humans has
identified homologous regions in human cortex—V4, V8, LOG, pFS, FFA, PPA—and elucidated how different
types of object information are distributed across these areas41^9.
Previous work on neural coding of complex shape in the ventral pathway has focused on 2D
perception. Neurophysiology in monkeys remains the most direct method for studying how shape information
is encoded. Past experiments on complex shape coding have focused on 2D images. (In some cases, real 3D
objects have been used as stimuli, but not to investigate how 3D shape characteristics are encoded.) These
experiments have shown that individual neurons in V4 and IT represent information about object parts50"55. V4
neurons mainly represent small, simple shape fragments, in terms of their basic geometrical characteristics
(orientation, curvature) and position (absolute, relative)51156'57 (Pasupathy & Connor, J. Neurophysiol. 1999,
2001, Nat. Neurosci. 2002, APPENDIX). IT neurons integrate information about multiple shape fragments in
similar geometric and position coding dimensions, using both linear and non-linear mechanisms54 (Brincat &
Connor, Nat. Neurosci. 2004, APPENDIX). At the population level, the activity pattern in geometric and
position dimensions has multiple peaks corresponding to constituent object parts, and overall object shape can
be decoded from this parts-level representation (Pasupathy & Connor, Nat. Neurosci. 2002, APPENDIX; see
PRELIMINARY STUDIES). Parts-based coding seems predominant, especially for abstract or unfamiliar
objects, but more holistic coding may emerge with increasing familiarity and/or behavioral relevance40' ^ 58r59.
The proposed experiments would be the first to investigate specific neural coding mechanisms for
complex 3D shape. Despite the fact that the retinal images are 2D, humans and other primates are
exquisitely sensitive to depth information, especially in the context of local object surfaces60'61. At the neural
level, simple local information about depth is encoded in V1 and V262^7. Until recently, it was thought that
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higher order depth processing occurred mainly in the dorsal visual pathway68"74. Recent evidence indicates a
robust representation of complex 3D shape in the ventral pathway of the monkey75"80 and human 73'81t 82. At
the neural level, V483'84 and IT85 neurons are sensitive to binocular disparity, V4 neurons are tuned for 3D
orientation (Hinkle & Connor, Nat. Neurosci. 2002, APPENDIX), and IT responses (especially in dorsal
subregions in the bank of the superior temporal sulcus) to flat 2D shapes are altered by cues that make those
flat surfaces appear to curve outwards or inwards76"79. These results indicate that IT neurons encode 3D
shape, but they do not begin to address how 3D shape is encoded. A few studies have tested generalization
of IT responses across different views of a 3D object86"89, but such experiments do not target shape coding
mechanisms. The extensive investigations of 2D shape coding in u5*"55 (Brincat & Connor, Nat. Neurosci.
2004, APPENDIX) have no counterpart in the 3D domain. The proposed studies would constitute a first
approach to this open question.
The proposed analyses will answer many fundamental, never-before-addressed questions about how
the brain represents complex 3D objects. What kind of specific 3D shape information is represented by
individual IT neurons? What 3D shape characteristics of object parts or whole objects are they tuned for? The
proposed analyses will measure the precise 3D shape information signaled by IT neural responses. Are IT
neurons narrowly selective for specific 3D shape characteristics, producing a sparse, efficient, compact
representation of 3D objects? Or are they broadly tuned, with wide tolerance for shape and orientation
changes, supporting the ability to generalize across different views of the same object? The proposed
analyses will answer these questions with tuning function fits based on dense sampling along 3D shape
dimensions. Are 3D objects represented in terms of their parts, as many theories maintain? Or is 3D shape
representation holistic, especially at the final stages in anterior temporal cortex? The proposed analyses will
determine how parts-level information is integrated across an object, and whether that integration reaches the
level of whole-object shape tuning. Can the neural representation of an entire object be read out from the
activity pattern across the neural population? Does this population activity pattern specify 3D shape so
completely that it can be used to reconstruct the original stimulus? The proposed analyses culminate with
estimation of neural population activity patterns and stimulus reconstruction to answer these questions.
c. PRELIMINARY STUDIES
Summary: We have developed and tested the necessary experimental and analytical tools for broad
sampling in complex 3D shape space and quantitative analysis of 3D shape coding mechanisms.
Specifically, we have
(i) Demonstrated that multi-dimensional Gaussian tuning analyses can explain neural coding for complex 2D
shape in IT, thus setting the stage for an analogous 3D study.
(ii) Demonstrated Gaussian tuning for simple 3D shape characteristics (binocular disparity, 3D orientation) in
lower order ventral pathway area V4, which argues that complex 3D shape tuning in IT can also be
characterized with Gaussians or other smooth, mathematically definable functions.
(iii) Demonstrated that complex random spline-based shape stimuli are effective for sampling 2D shape space
and deriving shape tuning functions, suggesting a similar strategy will be effective in 3D shape space.
(iv) Developed a spline-based graphics method for generating complex random 3D shape stimuli.
(v) Developed and tested a genetic algorithm for optimal search of 3D shape space with random stimuli.
(vi) Built and extensively tested a 3D stimulation system for displaying flat, shaded, textured, stereoscopic and
random dot stereogram (RDS) stimuli.
(vii) Collected behavioral data from one monkey on an RDS task that verifies binocular fusion and
stereoscopic depth vision, which is critical for interpreting responses to stereoscopic stimuli.
(i) We have used multi-dimensional Gaussian tuning analyses to explain complex 2D shape coding in
IT cortex at the individual cell and population levels. This provides a basis for applying similar
analyses to complex 3D shape coding in IT. We recently published a study showing how 2D shape
responses of IT neurons reflect integration of object part information across multiple Gaussian tuning regions in
position * orientation * curvature space (Brincat & Connor, Nat. Neurosci. 2004, APPENDIX). Our current
analyses are directed at understanding how these complex parts-level tuning functions are integrated into
neural population representations of entire objects (Brincat & Connor, Soc. Neurosci. Abstr. 2004, APPENDIX).
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This analysis is related to our previously published study of population coding of 2D shape in area V4
(Pasupathy & Connor, Nat. Neurosci. 2002, APPENDIX). However, the greater complexity of IT shape tuning
requires testing new hypotheses about population-level integration. Fig. 1 shows a population activity estimate
based on weighted tuning function summation in object-centered relative position x orientation x curvature
space. This activity pattern provides accurate information about local contour orientation and curvature, but
less accurate information about relative position of contour fragments. Therefore, we are currently testing
other integration mechanisms (vector summation, optimization) and other types of relative position dimensions
(including local part-part relationships) to determine which provide the most accurate whole-object shape
information and produce the most veridical reconstructions of the original stimuli. In the proposed study, we
will perform analogous tests of population coding hypotheses in 3D shape-related dimensions.
Figure 1. IT population activity plotted in
relative position x orientation x curvature space.
This estimate of population activity evoked by a 2D
shape is a sum of neural tuning functions (based on
76 IT neurons) weighted by corresponding neural
responses to the shape (shown as a black outline in
side plots; the actual stimulus was solid). The
tuning functions were derived by iterative fitting to
neural responses across a large stimulus set
(Brincat & Connor, Nat. Neurosci. 2004,
APPENDIX). The center plot shows activity peaks
in the orientation x curvature domain. For each
peak in this domain, a corresponding slice through
the x,y relative position domain is shown in one of
the side plots. White circles indicate veridical
contour fragment values, black squares are
estimates based on the population activity.
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(ii) We have demonstrated smooth, Gaussian-like tuning for simple 3D shape characteristics (binocular
disparity and 3D orientation) in area V4. This supports our proposed strategy of using smooth tuning
functions to characterize complex 3D shape responses at higher levels in IT cortex. We have previously
explored the simplest level of 3D shape tuning—edge orientation—in area V4. We found smooth, Gaussianlike tuning for 3D orientation (Hinkle & Connor, Nat. Neurosci. 2002, APPENDIX; see Fig. 2) comparable to
previously described tuning for 2D edge orientation. We also reported the first evidence for stereoscopic depth
position tuning in area V4, buttressing the general case for 3D representation in the ventral pathway83. These
findings provide a basis for the proposed experiments addressing more complex 3D shape tuning at higher
ventral pathway stages in IT cortex. Specifically, the demonstration of Gaussian-like tuning for these simpler
3D shape-related properties argues that similar smooth, mathematically definable tuning for more complex 3D
properties exists at higher levels. Our recent results on 2D shape tuning in IT (Brincat & Connor, Nat.
Neurosci. 2004, APPENDIX) also support this idea. Our proposed experiments and analyses are directed at
characterizing smooth tuning for complex 3D shape characteristics.
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Figure 2. Gaussian-like tuning for 3D orientation in area V4. In this
graph, the 3D orientation domain is plotted as the surface of an inverted
bowl (tilted slightly upwards to provide perspective). The average
responses of an individual V4 neuron to bar stimuli at each orientation are
indicated by the color scale, which ranges from blue (0 spikes/sec)
through pink (-40 spikes/sec) to yellow (69 spikes/sec). This cell shows
Gaussian tuning for 3D orientation, with a peak at diagonal bar
orientations slanting away toward the lower right. 3D orientation tuning
was consistent across changes in absolute depth. Similar depth-invariant,
3D orientation tuning was observed for approximately one-third of V4
neurons (Hinkle & Connnor, Nat. Neurosci. 2002, APPENDIX).

(iii) We have developed and tested random spline-based stimuli as an unbiased approach to
characterizing 2D shape tuning. The effectiveness of this method supports our proposal to use
random spline-based stimuli to investigate 3D shape tuning. Random stimuli are optimal for avoiding the
biases associated with arbitrary stimulus choices. They are also useful for avoiding possible long-term
learning effects associated with repeated exposure to a standard stimulus set. Most importantly, they provide
a way to explore an extremely large stimulus space, which is an especially daunting problem in 3D shape
research, where the range of possible stimuli is virtually infinite. Previous experiments at lower levels in the
visual system have employed random pixel patterns to successfully characterize receptive field and secondorder kernel structure90'91. However, random pixel patterns cannot be effective for studying complex shape
representation at higher levels because these stimuli do not typically contain continuous contours that define
recognizable shapes.
As an alternative, we have developed random spline-based contour stimuli and tested their effectiveness for
studying 2D shape tuning in area V4 (Carlson & Connor, Soc. Neurosci. Abstr. 2004, APPENDIX). The stimuli
are constructed by random positioning of control points to define a smooth Bezier-spline contour. These
stimuli have proven to be effective for characterizing 2D shape tuning in area V4. Fig. 3 shows results for an
individual V4 neuron. The left panel displays the 25 stimuli evoking the strongest average responses (given in
spikes/sec above each stimulus icon). Many of these stimuli contain sharp curvature pointed toward the left or
lower left. Because these stimuli were presented as a rapid (10Hz) serial sequence, there is a good deal of
noise in the responses, but this averages out over the total of 5000 stimuli used in the experiment. The right
panel shows a tuning surface in orientation * curvature space based on this stimulus set and derived by
iterative fitting of a Gaussian function to the responses. The fitted Gaussian indicates that the most
explanatory shape characteristic common across high-response stimuli was curvature (weighted toward high
or sharp curvature, but broadly tuned) oriented near 200° (i.e. with the peak pointing toward the left or lower
left). This tuning function is similar to those we have previously derived using experimenter-defined stimulus
sets (APPENDIX), but the random stimulus approach confirms the generality of such tuning function fits.
Similar results have been obtained for 70 area V4 neurons.
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Figure 3. Use of random spline-based stimuli to
measure 2D shape tuning in area V4. The 25 stimuli
evokipg stropgest respopses are showp ip the left papel,
with the average respopse ip spikes/sec above each
stimulus. (Respopses were relatively low because stimuli
were SPOWP ip a rapid upipterrupted sequepce at 10 Hz.) A
tuning function ip orieptation * curvature space based OP 5000 such respopses is shown ip the right papel.
This peurop was tuped for a rapge of curvatures (weighted toward sharp curvature, represepted by the value
1.0) oriepted pear 200° (poiptipg toward the left or lower left).
(iv) We have developed a spline-based graphics method for generating complex random object stimuli
suitable for broad, unbiased sampling in 30 shape space. Ope of the greatest difficulties in studying
complex shape is the virtually infinite stimulus space to be explored. Apy experimenter-defined stimulus set is
necessarily limited and arbitrary. Random stimuli provide a means for broader, less biased exploration of
complex shape space. We have developed a method for randomly generatipg smooth, closed 3D objects
usipg pop-upiform ratiopal B-splipes (NURBS). Our aim was to achieve wide variatiop ip local surface
copfiguratiops that could then be combiped to form a rich set of complex 3D objects. The graphical difficulty
lay ip achievipg smooth coptipuity betweep all the local surface patches required to copstruct a whole object.
NURBS guarantee smoothpess apd coptipuity across a sipgle patch defiped OP a 2D domaip (typically labeled
u,v), but a whole object must be stitched together from mapy patches arranged to be smoothly coptipuous at
their joipt edges.

Figure 4. Method for random generation of smooth 3D object stimuli. See main text for details.
The solutiop we adopted (shown in Fig. 4) is based OP a stacked series of circular control point arrays
lying ip parallel plapes and closing to a point at either end of the stack. This set of control points defipes a
smooth lozepge shape. The basic lozepge topology cap thep be distorted by varyipg the relative positions,
orieptations, apd shapes of the copstituept plapar control point arrays. The position apd orieptatiop variatiops
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define the central axis of the final object. The shapes of the planar arrays are varied by adding randomlydefined 2D Gaussian distortions to control point radius along the circular arrays, producing local projections
and indentations in the final object. An example is shown in Fig. 4A; each successive planar array of control
points is depicted as a uniquely colored polygon. The NURBS formulation is used to calculate a dense array of
vertices forming a smooth surface around those polygons, shown as a wire mesh in Fig. 4B. The final stimulus
is rendered as a smooth surface shaded according to an OpenGL lighting model (Fig. 4C; in this case the light
source comes from the viewer's direction). Disparity is added to the left and right eye images to produce
corresponding stereoscopic depth variation (Figs. 4C and D for uncrossed free fusers; Figs. 4D and E for
crossed fusers).
As can be seen in Fig. 4, this method produces complex 3D objects with a variety of projections, indentations,
saddle-shapes, ridges, channels, and flat surfaces (i.e., all 6 pair-wise combinations of positive, negative and
flat principal curvatures). As in our previous studies of 2D shape coding, each stimulus simultaneously tests
many shape features, and the different combinations of features in different stimuli make it possible to analyze
which features contribute consistently to responses and how multiple features interact. Because we define
these stimuli mathematically, we can completely parameterize their shape characteristics for analysis
purposes, and we can test graded variations along any parameter, gradually morphing the objects to approach
a neuron's tuning peak through successive approximation (see next section) or to examine any particular 3D
shape tuning characteristic in secondary post hoc tests (Fig. 5). Most importantly, we can generate a wide
variety of stimuli that broadly sample 3D object shape space in a relatively unbiased fashion not tied to a single
specific hypothesis. (However, we do not claim that our randomization method produces stimulus sets that are
in any sense "white"—i.e., completely unbiased sampling of a finite space, like pixel noise—it is not even clear
how whiteness would be defined, since there is no generally accepted method for dimensionalizing 3D shape
space.)
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Figure 5. Parametric variation in 3D shape characteristics. Our stimulus generation method makes it
possible to systematically vary 3D shape characteristics in secondary tests (based on initial results with
random stimuli). The rows in this figure exemplify different kinds of variation in overall shape (top 3 rows;
length, thickness/surface curvature, medial axis curvature) and shape of a specific part (bottom 3 rows; length,
thickness/surface curvature, medial axis curvature).
(v) We have developed and tested a genetic algorithm for guiding search through 3D shape space
using neural responses as feedback. The potential range of 3D shapes is virtually infinite, so a purely
random search would be highly inefficient for accurate measurement of tuning properties. The high
dimensionality of 3D shape space also effectively prohibits an approach based on pre-defined stimulus sets (of
the sort we have used to study 2D shape coding). Instead, we will use a genetic algorithm92"95 (Fig. 6) to guide
successive generations of quasi-random 3D stimuli toward high-response regions of shape space. After each
generation of 50 stimuli is tested, those stimuli evoking higher responses (e.g. Fig. 6A) undergo random
mutation (i.e., random perturbation of the parameters defining their NURBS construction) of parts (Fig. 6B),
and overall shape (Fig. 6C), and crossover with other high-response stimuli (e.g. Fig. 6D) to form different
combinations of parts (Fig. 6E,F), to produce progeny that will be tested in the next generation. The probability
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and number of progeny scale with normalized response to the progenitor, so that the highest response stimuli
are represented by the greatest number of variants in subsequent generations.

A

B

C

D

E

F

Figure 6. Random mutation in a genetic algorithm-based search through 3D shape space.
(A) Hypothetical high-response stimulus. (B) Next-generation stimulus derived by parts-level mutation of
stimulus A. (C) Next-generation stimulus derived by whole-object mutation of stimulus A. (D) Another
hypothetical previous-generation high-response stimulus. (E,F) Next-generation stimuli resulting from
crossover of parts between stimuli A and D.
The goal of the genetic algorithm is not to find a single best stimulus, but to sample densely around the
neuron's tuning peak or peaks in 3D shape space. Random mutation in each succeeding generation ensures
that sampling remains distributed, not focused on a single point. All generations contribute to the analysis, but
later generations sample more densely near the tuning peak. To avoid entrapment of the search near local
sub-maximal tuning peaks, every generation includes a percentage of completely random stimuli unrelated to
the previous generation. Entrapment is also avoided by starting with large mutation distances in early
generations to ensure wide exploration, followed by gradual decrease in mutation distances to sample finer
gradations in high response regions. At the same time, loss of promising stimuli due to mutation is avoided by
conferring longevity (across generations) on stimuli in the highest response percentages.
Within generations, sampling efficiency is optimized by scaling the number of repetitions for each stimulus
with the cumulative average response rate to that stimulus. A stimulus evoking no response is tested only
once. A stimulus evoking a certain threshold fraction of the current maximum response is tested a second
time. If its average response rate across the two repetitions exceeds a slightly higher threshold, it is tested
again, and so on up to 5 repetitions. This procedure is optimal because response variance scales with
response rate (so that high response stimuli require more repetitions for equal accuracy) and because it favors
higher accuracy in the more relevant regions of shape space.
We have tested this genetic algorithm in extensive simulations to determine efficiency and estimate optimal
parameters for mutation and crossover probability, mutation distance (degree of perturbation), spatial extent of
mutation (from single parts to whole objects), longevity (what fraction of high-response stimuli survive
unchanged across generations), and stimulus repetition (normalized response thresholds for repeated
presentation within a generation). These parameters will be further adjusted based on results in early
experiments. Our simulations show that the genetic algorithm settles toward a hidden high-response region of
3D shape space within 10-30 generations. This would require between approximately 1000-4000 total
stimulus presentations. Our previous experiments on 2D shape coding in IT (Brincat & Connor, Nat. Neurosci.
2004, APPENDIX) using pre-defined stimulus sets involved 3000-10000 presentations per neuron, so the
efficiency of the genetic approach compares favorably, especially considering the much higher dimensionality
of 3D shape space.
An example simulation is presented in Fig. 7. The hidden tuning principle in this case was based on surface
fragment positions. This kind of tuning corresponds to one specific theory of 3D shape coding: that objects
are represented in terms of their piece-wise, point-to-point positional proximity to learned shape exemplars96.
In this simulation, there were two hidden excitatory regions in the z = 0 (fixation) plane at the top and right, and
one inhibitory region at the left. Inputs from these regions were integrated by linear summation. Generation 0
comprised 50 random shapes (Fig. 7A). The maximum response within this generation was 20.66 (in arbitrary
PHS 398/2590 (Rev. 05/01)

Page 21

Continuation Format Page

Principal Investigator/Program Director (Last, First, Middle):

Connor, Charles Edward

B

50
0 Generation 0

20

ffl Generation 18

85

25
1
i

•fe-

ll 10
E

J J

20
Generation

-15

-5

5

15

25

• •
35

45

Response

Figure 7. Genetic algorithm-based search for 3D tuning properties. (A) Stimulus generation 0. (B)
Stimulus generation 18. (C) Increase in maximum response rate with generation number. (D) Change in
distribution of response rates between generations 0 and 18. (E) Reverse correlation result. See main text for
details.
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response units, Fig. 7C) and the distribution of response rates was weighted toward the low range (Fig. 7D,
blue bars). Negative responses are due to the simple but unrealistic model for calculating responses as a sum
of excitatory and inhibitory effects. In a real experiment, where negative spike rates are impossible, inhibitory
effects are revealed by their suppressive interaction with excitatory effects (Brincat & Connor, Nat. Neurosci.
2004, APPENDIX).
In subsequent generations, the maximum response increased in several abrupt steps (Fig. 7C) and plateaued
around 45 in generation 18. Generation 18 contained a number of high response stimuli with shapes meeting
the hidden specifications (Fig. 7B, top row), and the distribution of response rates was shifted toward a higher
range (Fig. 7D, red bars). Most of the generation 18 stimuli evoked responses below the maximum, but this is
essential for sampling the entire tuning surface.
Sampling effectiveness was visualized with reverse correlation based on all stimuli from all generations (Fig.
7E). Each stimulus sampled a large number of points in the analysis space (the x,y,z domain), and each of
those points was weighted by the response to the stimulus. The analysts space was binned and the average
weight of sample points in each bin was calculated. A slice through this averaged volume centered on the z
plane reveals the excitatory (red) and inhibitory (blue) subregions specified by the hidden tuning specifications.
In a real experiment, this main test search would be followed up by secondary tests to systematically explore
tuning characteristics in the region of the tuning peak (see RESEARCH DESIGN).
(vi) We have built and tested a 3D stimulation system for displaying flat, shaded, textured,
stereoscopic and random dot stereogram (RDS) stimuli. In our previous 3D experiments, we used a
NuVision LCD shutter system to present stereoscopic stimuli. This system suffered from bleed-through
(crosstalk) between eye channels and low maximum luminance due to two layers of polarizing filters, making it
unsuitable for presentation of realistic, complex 3D object stimuli in the proposed studies. Therefore, during
the past year we have built and tested a new system comprising two monitors controlled by an FX3000
graphics card in a dual processor workstation running real-time Linux to ensure precise and consistent control
over stimulus onsets and offsets. Luminance detectors are attached to each screen to verify frame
presentation times during recording. Our tests show that less than 0.1% of frames are delayed when
displaying the stereoscopic, shaded stimuli described above. Stimuli are rendered in OpenGL with any
combination of depth cues (binocular disparity, shading, texture gradients). In addition to sequential static
presentation, these stimuli can be dragged across the screen under mouse control for hand-plotting receptive
fields.
Images from the two monitors are reflected by circular mirrors mounted directly in front of the eyes (Fig. 8).
These are "cold" mirrors that reflect visible light from the monitors but transmit infrared light so that eye position
can be measured with infrared-sensitive ISCAN video cameras mounted in front of each eye. The mirrors
swivel, and the monitors are mounted on arc-shaped tracks, so that viewing geometry can be adjusted for
interpupillary distance such that vergence angle and accommodation correspond as in natural viewing. The
angular and positional alignment of monitors and mirrors is periodically checked with lasers, and stereoscopic
perceptibility is verified by human observers. The monkey's headpost is mounted to the same frame as the
mirrors to ensure consistent alignment of the eyes.
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Figure 8. 3D visual stimulation system. See main text for a description.
(vii) We have trained one monkey on an RDS task and collected behavioral data that verify binocular
fusion and stereoscopic depth vision. This provides an essential control for interpreting neural
responses to stereoscopic stimuli. The task requires the monkey to find and fixate a small square defined
only by depth offset (binocular disparity) within a large RDS display. The monkey was first trained to fixate a
luminance defined square at randomly varying positions within the RDS, and then the luminance contrast was
gradually reduced to require use of the depth/disparity cues. Performance on this task exceeds 90% correct,
verifying that the monkey is not stereo-blind and that the display is correctly aligned with the eyes to facilitate
stereoscopic depth perception. This animal's skull is implanted with an acrylic cap, headpost, and recording
chamber (see RESEARCH DESIGN AND METHODS) so that recording experiments can begin immediately
(Fall 2004).

d. RESEARCH DESIGN AND METHODS
In this section, each major part (experiments, single-cell analysis, population analysis) is headed by a short
summary followed by a series of detailed methodological explanations.
Experiments (AIMS 1 and 2): Summary. We will study neurons throughout early to late stages of monkey
inferotemporal cortex—PIT, CIT, AIT—focusing on the dorsal subdivisions of these regions, which appear to
emphasize 3D representation77'78. In our main test, we will study neurons with successive generations of
random, complex 3D objects, guided toward high-response regions of shape space by a genetic search
algorithm. This main test will provide approximately 1000 data points, with sampling concentrated near the
neuron's tuning peak(s). In secondary tests, we will use systematically varying stimuli to study in detail the
PHS 398/2590 (Rev. 05/01)
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3D shape tuning characteristics indicated by the main test analyses. These secondary tests will measure
width (selectivity vs. tolerance) and shape (smoothness vs. abrupt, categorical boundaries) of tuning for
variations in local surface characteristics, part shape, part position, object elongation, object thickness, and 3D
orientation.
Experiments (AIMS 1 & 2): Recording Locations and Methods. Recording methods will be similar to those
used in our previous studies of 2D shape coding in IT cortex (Brincat & Connor, Nat. Neurosci. 2004,
APPENDIX). The experimental animals will be rhesus macaque monkeys (M. mulatta). Access to water will be
restricted (see VERTEBRATE ANIMALS). During training and recording sessions the animal will be seated in a
two-monitor computer-driven stereoscopic viewing system (see PRELIMINARY STUDIES), with the head
immobilized by means of a steel headpost attached to the skull with an acrylic cap anchored by orthopedic
screws. Animals will be trained to fixate a 0.1° white spot within 0.5° of visual angle for a period of 5 sec in
order to receive a juice reward. Eye position will be monitored using an ISCAN video eye-tracking system.
PIT/CIT/AIT neurons will be sampled mainly from the lower bank of the superior temporal sulcus because this
dorsal aspect of IT appears more sensitive to 3D shape information77'78, but to a lesser extent from the surface
of the inferior temporal gyrus for comparison. Recording sites will range in the anterior-posterior direction from
approximately -5 to +25 mm relative to stereotaxic 0. Anatomical analyses of functional differences between
areas will be based primarily on regressions of functional measurements onto anterior-posterior recording
position. An anatomical MRI scan will be used to visualize sulcus location and guide electrode penetrations
using stereotaxic landmarks.
Neural activity will be recorded with 125-nm-diameter epoxy-coated tungsten electrodes (A-M Systems,
Carlsborg, WA) with impedances of 1-5 MQ. Electrodes will be inserted transdurally by means of a custom
guide tube system with two degrees of freedom in angle of insertion so that any region of temporal cortex can
be targeted from a chamber mounted at the top of the head. Electrode position will be controlled with a
stepping motor microdrive (National Aperture, Salem, NH). Electrical waveforms will be amplified and filtered
and single units will be discriminated on the basis of two independently adjustable time/amplitude windows
(Bak Electronics). The digital output of the window discriminator will be collected through a National
Instruments Card in a Windows PC using custom software.
After isolating the neuron electronically, we will use a hand-plotting program with colored 3D shape stimuli
under mouse control to establish an optimal stimulus color and an adequate stimulus shape, size and position
for preliminary tests. These initial values will be used in automated tests to optimize stimulus color, position
and size for subsequent tests. Stimuli will be presented in one of 8 colors: red, green, blue, yellow, cyan,
magenta, white and black. Each color will be adjusted to an approximate luminance of 20 cd/m2, except for
blue (15 cd/m2) and black, and displayed against a background gray of 2.5 cd/m2.
AH stimuli in the main and secondary tests will be presented in random order at a rate of 1 stimulus per second
(750 msec stimulus-on periods separated by 250 msec delays). Five stimuli will be presented during each 5
second fixation trial. Stimuli will be centered at the receptive field center determined in the preliminary position
test, and scaled based on the preliminary size test. Stimuli overlapping the fixation point will be positioned in
depth so that the surface at that point lies at the fixation plane (in order to produce a more natural viewing
situation in which a point on the object surface is being fixated). Stimuli not overlapping the fixation point will
be positioned such that the median surface disparity value lies in the fixation plane.
Experiments (AIMS 1 & 2): Main Test—Exploration of 3D Shape Space with Random Stimuli Guided by
a Genetic Search Algorithm. As described in detail under PRELIMINARY STUDIES, the main test will
consist of successive generations of 50 smooth, spline-based stimuli generated by randomly varying the
position, size, orientation, and local Gaussian perturbations of a series of stacked circular NURBS control point
arrays (Fig. 4). The highest response stimuli from each generation will be used to generate progeny in the
next generation based on random mutation of object parts and overall shape, as well as crossover between
high response stimuli (Fig. 6). (Crossovers are necessarily limited to shape parts with compatible orientations.)
The cumulatively highest response stimuli across the entire test will be represented in each generation, and
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each generation will also include a percentage of completely novel random 3D shapes. The parameters
controlling rate and extent of mutation, crossover, and longevity will be based initially on a priori simulation
results (PRELIMINARY STUDIES) but then adjusted based on results during early recordings, to produce the
fastest progress toward a final response plateau. Simulations indicate that 10-30 generations will be required.
Early recording, in which a larger number of generations will be presented, will be used to refine this estimate
and determine an optimal method for determining when a final plateau has been achieved based on maximum
response rates and response variation within generations and across recent generations. For all neurons, a
separate set of 50 random stimuli (consistent across cells) will be presented (5 repetitions) at the beginning of
the main test for the purpose of estimating population responses to those 50 stimuli. (These stimuli will not be
used as part of the genetic search process or for analysis of tuning properties.)
Experiments (AIMS 1 & 2): Secondary Tests of Specific 3D Shape Tuning Characteristics. Preliminary
analyses of main test results (see below) will be used to identify 3D shape tuning characteristics for systematic
exploration in secondary tests. These may include any of the hypothetical tuning dimensions discussed below,
including length, width, thickness, and curvature of parts and whole objects (see Fig. 5 for examples). The
relevant dimension(s) will be tested by systematically varying NURBS control point positions. In addition, we
will use one or more optimal stimuli from the main test to measure sensitivity/tolerance to changes in 3D
orientation and stimulus size. Our initial tests of 3D orientation sensitivity will be at 45° increments around the
cardinal x, y and z axes (Fig. 9), but we expect selectivity to be typically narrow, in which case we will
subsequently test smaller ranges with finer sampling.

PS!

Figure 9. Secondary test of 3D orientation sensitivity. A hypothetical stimulus drawn from the main test is
rotated in 45° increments around the z (top row), y (middle) and x (bottom) axes.
As a control for effects due to the 2D luminance pattern of the shaded stimuli, we will present selected optimal
and non-optimal stimuli illuminated from 9 different implicit directions (Fig. 10) to verify that tuning for 3D shape
is consistent. If early results show that lighting direction typically has major effects on responses, we will
incorporate it as a variable in the main test. As a control for artifacts associated with stereoscopic presentation
(e.g. changes in vergence angle), we will present optimal and non-optimal stimuli with shading cues alone, to
verify that tuning for 3D shape is consistent. We will also collect continuous eye position data to control for
vergence and other eye movement-related artifacts.
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Figure 10. Secondary test of implicit lighting
direction. The main test stimuli (center) imply a
light source behind the viewer. The side panel
stimuli imply lighting from right, left, above, and
below, at 45° and 90° angles with respect to the
line of sight. To ensure that no part of the object
is invisible, a dim light source aligned with the line
of sight is included in all conditions to fill in
shadows partially.

Finally, we will test for tolerance to changes in stereoscopic depth by presenting selected optimal and nonoptimal stimuli across a 2° range of binocular disparities at 0.25° increments. For stimuli overlapping the
fixation point, the nearest stereoscopic depth will be that at which the overlapping surface point lies in the
fixation plane (so that the fixation point is never inside or behind the stimulus). Where possible, this test will be
run on stimuli that do not overlap the fixation point, in which case the median surface disparity value will range
from +1.0 to -1.0°. Our studies of 3D orientation tuning in area V4 (Hinkle & Connor, Nat. Neurosci. 2002,
APPENDIX) suggest that for many neurons 3D shape tuning will be robust to depth changes across this range.
Single-Cell Analysis (AIM 1): Summary. As in our previous work on 2D shape coding, we will use iterative
curve-fitting to derive models in multi-dimensional shape space that do the best job of predicting neural
responses across a large dataset. In the proposed study, the dataset will comprise the main test (-1000
random stimuli widely sampling 3D shape space) and secondary tests (~500 stimuli from systematic tests of
3D shape dimensions based on the main test results) described above. Each complex random stimulus is a
test of multiple features, and different stimuli test those types of features in various combinations. The
secondary stimuli provide dense sampling along the shape dimensions most relevant for the particular neuron,
and serve to measure tolerance for variation in basic dimensions like orientation. The pattern of neural
responses to these ~1500 stimuli will provide a rich set of constraints that force models to discover which
specific 3D shape characteristics have consistent effects on the cell and how those effects interact. We will
test models that vary in coding dimensions, tuning function shape, and integration mechanisms as described
below. Prediction accuracy of models will be measured using cross-validation (predicting responses to
stimulus subsets not used in the fitting procedure) to ensure against overfitting. We will use regression to look
for tuning trends across anatomical location. We expect to see increases in tuning complexity and possibly a
shift from parts-based toward holistic coding in the posterior to anterior direction (PIT to CIT to AIT). We
expect to see increased sensitivity to 3D (as opposed to 2D) shape in the dorsal parts of IT (lower bank of
superior temporal sulcus, as opposed to inferior temporal gyrus).
Single-Cell Analysis (AIM 1): Iterative Curve-Fitting. As in our previous analyses of 2D shape tuning
(APPENDIX), we will use the Gauss-Newton algorithm in MATLAB (MathWorks, Natick, MA) to adjust the
parameters of models based on multiple tuning function components in multi-dimensional shape domains so
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as to minimize the sum of squared errors betweep observed and predicted responses to large sets of stimuli.
Observed neural response rates will be calculated by counting spike occurrences within the stimulus
presentation period. Background response rate will be derived in the same way from null stimulus periods
interspersed randomly among stimulus presentations in all tests and subtracted from observed rate for most
analyses. Our previous results in IT indicate that background rates are extremely low for almost all neurons.
In previous analyses, we have used multiple starting positions for the iterative search for each tuning function
component in order find the global maximum solution. To speed analyses in the present study, we will attempt
to use reverse correlation (e.g. Fig. 7E) as a basis for inferring optimal starting positions (e.g., by finding local
maxima in the reverse correlation volume to use as starting points for Gaussian tuning subunit positions). The
accuracy of this approach will be verified in early analyses by comparison with the multiple starting point
approach. If the reverse correlation approach proves inadequate, we will rely on multiple starting points as in
our previous analyses.
Correlation between predicted and observed responses will be the basic measure of model performance.
Partial F-tests will be used to measure significance of individual tuning function parameters and significance of
differences between models. The Bayesian Information Criterion will be used to compare the relative
probabilities of competing models, taking account of model complexity and weighing that against the amount of
explained variance. Generality of models will be tested by cross-validation (predicting responses to a stimulus
subset not used in the fitting procedure).
Single-Cell Analysis (AIM 1): Coding Dimensions (AIM 1a). Using the iterative model-fitting procedures
described above, we will test a wide variety of hypothetical 3D shape tuning dimensions—i.e. measurable 3D
shape characteristics that might systematically influence neural responses. We will test dimensions related to
different parts or features of objects: 2D occlusion boundaries (external and internal edges, which typically
have a 3D shape), 3D surface patches, medial axes, and volumetric parts. For each of these, we will test a
range of metric characteristics—absolute and relative position, orientation, curvature (in multiple directions for
surfaces), curvature orientation, curvature derivative, thickness variation (for volumetric parts). We will test all
of these tuning dimensions individually and in every possible combination, searching for the metric 3D shape
domain that yields the best prediction of observed responses, in an attempt to approximate the implicit coding
dimensions of IT cortex itself.
Parts-level analyses will rely on dense sampling of stimulus values along boundaries, surfaces, medial axes
and volumes of 3D object stimuli to provide a set of parts-related points in the analysis space that represent
the object. Predicted responses will be based on those points that fall closest to the tuning function
components in the current iteration of the model. In previous analyses, we have used higher-level derivatives
to segment 2D objects into boundary parts that were then each represented by a point in the shape domain.
The dense sampling approach will provide a more accurate and complete representation of the object, and will
avoid the difficult issues involved in segmentation of 3D objects into parts. Dense sampling will slow
computational speed, but we hope to make that up by reducing the necessary number of starting positions for
iterative searches, as described above.
Hypothetical position dimensions for object parts will include absolute (retinotopic) position, position relative
to object center of mass, position relative to object geometric center, and (for model terms that represent nonlinear interactions between multiple tuning regions) relative positions of two or more object parts.
Orientation for 2D occlusion boundary fragments will be the direction of a boundary normal vector pointing
away from the object interior. Surface orientation will similarly be based on a surface normal pointing away
from the interior. It will involve two dimensions—the direction of the projection of the normal onto the x,y plane,
and the angular deviation away from the x,y plane. For model terms that represent non-linear interactions
between multiple tuning components, relative orientation will also be considered as a dimension.
Curvature (rate of change in orientation) will be mapped from the original -coto oorange to a scale of-1.0 to
1.0 using a squashing function (for details see Pasupathy & Connor. J. Neurophysiol. 2001, APPENDIX).
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Curvature of 2D occlusion boundaries and medial axis components will be one-dimensional. Curvature of
surface patches will be measured with two dimensions, one corresponding to the maximum cross-sectional
curvature, the other to the orthogonal cross-sectional curvature. These curvatures will +/+ for a protrusion, -/for a depression, +/- for a saddle-shape, +/0 for a ridge, -/O for a channel, and 0/0 for flat. The orientation of
the maximum curvature will also be a dimension in these analyses (to distinguish, for example, ridges oriented
in different directions). The derivative of curvature will also be tested (a non-zero curvature derivative
characterizes horn-shapes and other spiral elements).
Volumetric parts will be characterized by local size in 3 orthogonal directions—length, height, and thickness—
relative to cardinal axes or to the local medial axis (in which case the orientation and curvature of the local axis
will also be analysis dimensions). Rate of change (1st derivative) of these measures will also be considered as
analysis dimensions, to distinguish, for example a cylinder (zero 1st derivative of width) from a cone (non-zero
1st derivative of width). The 2nd derivative of these volumetric size values will also be considered, to
distinguish, for example, a cone (zero 2nd derivative of width) from a bullet-shape (non-zero 2nd derivative of
width).
These dimensions do not exhaust the possible range of 3D shape descriptors, but they represent the simplest,
most easily derived geometrical measures most commonly discussed in the theoretical literature, and they
relate to 2D tuning dimensions with high predictive value in our previous analyses of 2D shape coding in V4
and IT (APPENDIX). Tuning for more complex shape characteristics would be apparent as specific patterns
within these simpler dimensions, which could then be modeled by integration across multiple tuning regions
(see below) or by constructing more complex dimensions suggested by the initial analyses. Tuning for holistic
shape would likewise be represented by integration across multiple tuning regions in these parts-level
dimensions.
Single-Cell Analysis (AIM 1): Tuning Functions (AIM 1b). The nature of the best-fitting tuning functions in
3D shape dimensions will reveal fundamental characteristics of 3D shape coding mechanisms. Smooth
functions (e.g. Gaussians) suggest a basis function coding scheme97'98, where the variable response rates of
individual neurons represent a range of shape values along some dimension or dimensions, and exact values
for the current stimulus are represented as hills of activity in the population of units (tuned for different regions
along the shape dimensions). Tuning functions with abrupt discontinuities would represent categorical tuning99'
10
°, which could be prominent for an extremely complex domain like 3D shape, and might be more typical at
higher stages in anterior regions of IT. Broad tuning functions (e.g. Gaussians with large standard deviations)
would reflect a highly distributed coding scheme with broad tolerance for shape and orientation changes, which
could support generalization of object recognition across different views. In contrast, narrow tuning functions
would reflect a sparse, efficient, compact representation of highly specific shapes101.
As in our previous analyses of 2D shape (APPENDIX), multi-dimensional Gaussian functions (products of onedimensional Gaussians in the individual dimensions) will be used as the basic subunits in our initial models.
Gaussian tuning seems to be a ubiquitous feature of neural representation, our 2D coding studies have shown
that highly predictive models can be constructed from multiple Gaussian subunits, and we expect similar
results for 3D shape. Because tuning for 3D shape, especially at more anterior stages in IT cortex, may be
more categorical, with more abrupt boundaries, we will also use if necessary combinations of sinusoidal
functions (for each dimension, 2 sinusoids with a common maximum amplitude where they join), which can be
adjusted to have sharp roll-offs. If our initial reverse correlation analyses suggest other more complex tuning
function shapes, we will try fitting responses with more flexible polynomial functions and constructing higherdimensional domains in which tuning function shape might become simpler.
Single-Cell Analysis (AIM 1): Integration Mechanisms (AIM 1c). The ways in which shape information is
integrated across object parts in the best-fitting models will test fundamental theoretical ideas about 3D shape
coding. Many theories posit that objects are represented, even at the highest levels, in terms of their
constituent parts, by ensembles of neurons tuned for parts-level information7'11'12'14'15'21-30. In our models of
neural tuning, this would be reflected by a limit to the degree of spatial integration across object parts within
individual neurons, even at the highest stages in CIT/AIT. In contrast, some theories argue that shape is
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ultimately represented in a holistic fashion, with each neuron carrying information about overall object shape96'
. In the neural tuning models, this would be reflected by integration of shape information across all object
regions, probably at the highest stages in CIT/AIT. True holistic representation would require non-linear
integration—e.g. best-fitting models in which the major terms are products of excitatory terms corresponding to
different object regions54. In such cases, where integration was almost all non-linear, it would be possible to
represent multiple object regions with multiple sets of dimensions, creating a higher-dimensional space where
tuning for a specific range of overall shapes could be represented by a single Gaussian.
102

Between the single part and whole object tuning extremes, there is a wide range of possible integration
models, involving combinations of linear and nonlinear mechanisms. Our early results in studying 2D shape
coding suggest such a continuum (Brincat & Connor, Nat. Neurosci. 2004, APPENDIX). The order of the bestfitting non-linearities corresponds to the complexity and specificity of part-shapes explicitly represented by
individual neurons. For example, a highly significant fourth-order term (e.g. a product of excitatory inputs from
four different regions of the shape domain) would indicate selectivity for a very specific part or combination of
parts. Mainly linear tuning is compatible with highly distributed, implicit coding mechanisms that could exhibit
wide generalization across shape changes. Mainly nonlinear tuning suggests sparse, compact, efficient,
explicit coding mechanisms that represent objects through the activity of a few highly selective neurons.
Integration mechanisms can also vary in mode of excitatory/inhibitory interaction. Inhibition can be linear
(subtractive) or non-linear (divisive). Non-linear inhibition could apply to the overall response or to specific
excitatory terms. A fundamental coding question is the extent to which inhibitory effects are general (broad
tuning subunits that provide only a general bias to the overall response) vs. specific (narrow tuning subunits
that provide specific shape information for sculpting out selectivity).
We will explore all these possibilities by testing models with different numbers of tuning subunits, different
linear and non-linear excitatory combinations of different orders, different types of non-linearities (product
terms, exponential terms, threshold rectification) and different kinds of excitatory/inhibitory interactions
(subtractive, divisive) between different combinations of model terms.
Population Analysis (AIM 2): Summary. The ultimate representation of a 3D object is the activity pattern it
evokes across large neural populations. Population coding analyses provide the ultimate confirmation that any
given set of coding dimensions, tuning functions, and integration mechanisms (at the individual cell level)
provide sufficient information (at the population level) to represent an entire object. Testing different population
coding mechanisms addresses basic questions about how information distributed across individual cells could
be integrated into a coherent, explicit signal for a complex 3D object103. In our previous work on 2D shape in
area V4 and IT, we have shown that it is possible to estimate the population representation of an object and
reconstruct the original stimulus from this estimate (PRELIMINARY RESULTS; Pasupathy & Connor, Nat.
Neurosci. 2002, APPENDIX). In the proposed project, we will perform similar analyses of 3D shape
representation at the population level, based on a separate set of 50 random 3D shape stimuli presented to
every neuron at the beginning of the main test. These 50 stimuli will not be used to fit tuning function models
to the individual cells, making it possible to demonstrate that a given population coding scheme generalizes to
shapes not used in defining the population code.
Population Analysis (AIM 2): Population Coding Mechanisms. In most of our previous analyses of 2D
shape population coding (PRELIMINARY STUDIES; APPENDIX), we have hypothesized a basis function
coding scheme, in which exact numerical values (e.g. for curvature) are represented by a broad peak of activity
across a population of neurons with broad tuning functions that together span the stimulus space. The activity
peak can be estimated by vector averaging of weighted tuning peaks, averaging of weighted tuning functions,
or fitting a smooth (e.g. Gaussian) function to the population activity distribution, all of which give similar results
under most circumstances97, or by a winner-take-all calculation (which can yield a very different answer under
specific circumstances). Our analyses have required extrapolation from previous single-peak basis function
analyses (e.g. in motor cortex104) in that our population activity profiles contain multiple local peaks represented
different components of a complex stimulus. To find the multiple peaks, after vector or function averaging, we
convolve the population profile with a spatially restricted filter that identifies local maxima. We will apply similar
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basis function analysis methods to our 3D data. These analyses will employ different types of tuning function
analyses (see above) for individual cells, so that those individual tuning analyses can be tested at the
population level. We will compare results based on averaging (of tuning peaks or functions) with results based
on (local) winner-take-all analysis, since these represent two very different population representation schemes.
They differ, however, only under circumstances where two activity peaks imply conflicting information (e.g. two
different curvatures at the same position). This circumstance has not occurred in our 2D data, but it might
occur in the more complex 3D shape domain.
The general alternative to basis function coding is optimization methods (e.g. maximum likelihood estimation)
that use mathematical techniques to find the best or most probable solution based on the available data103.
Basis function coding has a clear and simple neural implementation, but may not always yield the best result
derivable from the data. Optimization can yield better results, but may not have obvious neural
implementations103, although a simple neural implementation of maximum likelihood estimation has been
developed98. We will test optimization decoding methods to determine whether a significantly more accurate
result can be derived from our population data using methods other than basis function analysis. Standard
optimization analyses designed for simple sensory coding situations are not straightforwardly applicable to our
high-dimensional, multi-peaked population responses. Instead, we will use iterative function-fitting in the
population response domain, based on error terms that weight various single-cell tuning function components
in different ways, in an attempt to derive more optimal decoding solutions.
Population Analysis (AIM 2): Reconstruction of 3D Shape Stimuli. We will attempt to use population
decoding results (described above) to reconstruct the original stimuli. This is the ultimate test of shape coding
mechanisms, and the shape differences between original and reconstructed stimuli can be quantified (e.g. by
summed point-to-point Euclidean distance) to assess the validity of those mechanisms. In our previous
analyses of 2D shape population coding in area V4, we used an iterative algorithm for adjusting a spline-based
reconstruction to match the decoded population information as closely as possible (Pasupathy & Connor, Nat.
Neurosci. 2002, APPENDIX). A similar procedure based on NURBS will be used here to reconstruct 3D stimuli
from population activity analyses.
Projected Results. Schedule and Alternative Strategies: As in our previous studies of 2D shape coding
(APPENDIX), the strategy outlined above for investigating 3D shape coding is predicated on collecting the
maximum amount of information from each individual neuron. Thus, we typically study only one cell per day,
using most of the available time and behavioral trials to collect on the order 1000-4000 data points. (Our
experience in studying IT neurons with the custom guide tube system described above shows that we can
consistently hold well-isolated neurons for the required period of time.) Because of the high dimensionality of
shape, especially 3D shape, this is the only way to adequately characterize shape tuning in a reliable,
quantitative fashion.
Due to this time-consuming but necessary 1 cell per day approach, we project that several years of
experiments will be required to collect a complete sample from the full posterior/anterior extent of IT.
Moreover, because such a large range of hypothetical coding mechanisms must be tested, and because
iterative fitting of high-dimensional models is computationally intensive, we project that several years of
analysis will be required to completely characterize the resulting data. We envision a 4-year schedule of
recordings and analysis, in two stages.
The first stage of recording and analysis will focus on more posterior regions in PIT and CIT, where we expect
tuning characteristics to be more metric and amenable to quantitative characterization. This first investigation
will establish an analytical basis for approaching the potentially more difficult anterior regions. Recording from
the 1st monkey will begin in Fall 2004 and should continue through Winter 2004-2005. Results from the 1st
monkey will be analyzed as much as possible during Spring 2005 to assess whether any major experimental
modifications are necessary before recording from a second animal. The 2nd monkey will be prepared and
trained during early 2005 so that recording can begin in Summer 2005 and continue through the end of 2005.
Based on our experience with analysis of 2D shape coding using similarly large datasets, we expect that
complete analysis of these PIT/CIT results will require most of the following year (2006), during which the
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dataset will be supplemented by recording from a 3rd monkey if necessary. We expect to be writing several
manuscripts on 3D shape coding at the individual neuron and population levels in PIT/CIT by early 2007. We
These reports will describe models of metric 3D shape tuning with high predictive value for a wide range of
complex 3D stimuli. The specific characteristics of these models—tuning dimensions, tuning function
characteristics, integration mechanisms, population decoding algorithms—will establish many of the
fundamental coding principles for 3D shape in high-level visual cortex and help distinguish between competing
theories of 3D shape representation.
The second stage of recording and analysis will focus on more anterior regions in CIT and AIT, relying on the
preceding results to help refine the experimental approaches and focus the analytical efforts. We expect to
train and record from 2-3 monkeys during 2007 and early 2008. Analyses of this dataset should also require
on the order of a year, during 2008-2009, leading to several publications in late 2009. We expect these reports
to show how 3D shape representation progresses at higher stages in IT, possibly in the directions of greater
integration across object parts, greater complexity of tuning functions and/or dimensions, and greater
specificity of tuning, reflecting a more sparse, explicit coding scheme.
Because complex 3D shape representation has not yet been investigated at the neural coding level, the
strategies outlined above are necessarily based on analogies to our previous 2D shape coding studies and a
priori theoretical ideas about how 3D shape might be encoded. Results from initial experiments may indicate
that alternative strategies are required. It may be that 3D shape responses, especially at later stages in
CIT/AIT, are too weak or variable to characterize quantitatively. If so, we will try every stimulus manipulation
possible to increase response strength (including greater variation of more dimensions in the random stimulus
sets, especially color gradients, texture, motion) and/or to decrease response variability (especially by
increasing presentation times to ensure that variability is not due to inadequate time for depth percepts to
consolidate). If no such stimulus manipulations produce adequately robust responses, that could indicate that
attention is required due to the complexity and perceptual subtlety of 3D shape stimuli. In that case, we will
train monkeys to attend to the 3D shape stimuli in the context of a standard delayed match to sample task.
This would be a last resort, since an attentional task would seriously retard collection of the large number of
data points required for quantitative analysis of shape tuning functions. Luckily, our previous 2D shape results
and other studies of complex 2D shape representation (as well as many psychological studies of implicit
recognition) argue that attention is not required for complex shape processing in the absence of competing
stimuii.
It might turn out instead that 3D shape responses are robust and consistent, but not metric and quantifiable
with smooth tuning functions in geometric dimensions. Again, this might be especially true at later stages in
CIT/AIT. This would suggest that neurons are encoding non-geometric information, probably related to
learning and memory, as has been demonstrated for neurons near the anterior pole of the temporal lobe105. In
this case, we would train monkeys on a standard shape categorization task with large numbers of stimuli
grouped without regard to geometric similarity, in order to show how responses to geometrically disparate
stimuli may be explainable in terms of learned categorical relationships, and to characterize the posterior to
anterior transition from metric coding to categorical coding. We think this eventuality is unlikely except at
extremely anterior or medial recording locations, since the available evidence indicates that most IT responses
are related to metric shape, not to learned object categories99-10°.

f. VERTEBRATE ANIMALS
1) Description. Four to eight rhesus macaque monkeys (M. mulatta) will be used in this project. The animals
may be male or female, and will range in age from 1-5 yrs. and in weight from 3-12 kg. Procedures include
behavioral training, surgery, and single unit recording from cerebral cortex.
• Training. The animal will be transferred each day from its cage to a standard design primate chair
using the widely accepted pole and collar method. The animal will be rewarded for correct fixation
behavior with water or juice, and will be allowed to obtain as much liquid as desired in this manner. If
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the total amount obtained on a given day is less than its average daily intake during training the animal
will be supplemented up to its average amount. Experience has shown that animals are typically
satiated and maintained in good health by a daily water intake on the order of 100 ml plus 10-15 ml for
each kg of body weight over 4 kg. The safest course, however, is to gauge the appropriate amount for
each animal individually by carefully monitoring the amount of water earned during the early (relatively
easy) stages of training. The animal will be monitored for signs of dehydration such as weight loss,
constipation, lethargy and loss of appetite. Water will be immediately provided ad lib in the cage if the
animal shows signs of dehydration or suffers any other serious health problem. The standard diet of
monkey chow will be supplemented with fresh and dried fruit. The animal will be given water ad lib for
a period of at least 24 hours every 3-4 weeks. Free access to water will be provided weekly whenever
possible, but during critical periods in the training process weekly interruptions in the behavioral
regimen can seriously compromise the animal's performance (many animals require 3-4 days to reachieve normal performance levels after ad lib water) and thus prolong the total period of water
deprivation necessary to complete training. Weekly interruptions during recording would greatly
decrease the data yield from each animal and thus increase the number of animals required for the
study. Controlling water intake in this way is the accepted and only reasonable method for motivating
behavior in single cell recording experiments. Years of experience with this method in numerous
laboratories has shown that no ill effects result.
• Surgery. One surgery will be performed prior to training (further minor surgeries will be performed
during recording periods as described below). The surgery will involve implantation of a head restraint
device (a steel or titanium post) and steel or titanium recording chamber anchored to the skull with
acrylic dental cement and small orthopedic bone screws. Head restraint is necessary for stable
insertion of electrodes into the brain to record single cell activity. This type of surgery is a standard
procedure used by most labs performing this kind of research. It will be performed in the surgical suite
on the second floor of Krieger Hall at the Johns Hopkins University Homewood Campus. The animal
will be initially sedated with ketamine (10 mg/kg IM) and then anesthetized with sodium pentobarbital
(25 mg/kg IV). Anesthesia will be maintained with further IV injection of sodium pentobarbital as
needed. After surgery a prophylactic dose of Bicillin (300,000 IU IM) and an opiate analgesic
(buprenex, 0.01 mg/kg IM) will be administered. The animal will be allowed to recover from anesthesia
under continuous observation and then returned to its cage and allowed to recover from surgery for a
period of not less than 7 days.
• Recording. Each day of the experiment the animal will be transferred to the primate chair and brought
to the lab as before. The head will be fixed, and the cap will be removed from the recording chamber.
A microdrive and guide tube apparatus will be attached to the recording chamber and used to drive one
or more thin (80-125 micron diameter) epoxy or glass-coated wire electrodes through the dura via a
small craniotomy previously drilled through the skull under ketamine anesthesia. The craniotomy is a
minor procedure that is routinely done in humans under local anesthesia. It is not considered painful
because the skin has been retracted and the periosteum removed from the skull during the surgery to
implant the head restraint device. The craniotomy will be cleaned each day with saline and Nolvasan
(0.05% chlorhexidine gluconate, a mild disinfectant). The electrodes will be used to record the
electrical activity of single cells while the animal performs its standard behavioral task. At the end of
the 3-5 hour recording session the electrodes will be withdrawn, the craniotomy cleaned and resealed,
and the animal returned to its cage. Experiments will continue in this manner for a period of 2-4 months
per hemisphere. Water intake will be controlled as described above. Ad lib water will be given for 24
hours every 3-4 weeks during training and recording. In between studies the animal will be given water
ad lib for a period of weeks or months (depending on the overall experimental schedule of the lab) and
possibly retrained to perform a variant behavioral task. All the procedures described here are standard
techniques for single cell recording.
2) Justification. The brain mechanisms underlying visual processing can be fully studied only by recording the
responses of individual cells. Human psychological studies can reveal what kind of visual processing
occurs, and functional brain imaging studies (using PET and MRI) can reveal roughly where it occurs, but
only single cell experiments can show how it is accomplished. Single cell experiments are necessarily
invasive and therefore usually inappropriate for human studies, so an animal model is required. The
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macaque monkey is the only widely available research animal with a visual system comparable to the
human visual system. The cat has been a useful species for studying lower level visual processing, but
higher level functions are studied almost exclusively in monkeys. Four to eight rhesus monkeys (Macaca
mulatta) will be used in this project. It is standard for publications in this filed to be based on data from at
least 2-3 animals, and this study is expected to lead to multiple publications.
3) Veterinary care. The animals are cared for by veterinarians in the Department of Comparative Medicine at
Johns Hopkins University Medical School. They are always monitored on a daily basis by the
experimenters.
4) Discomfort and pain. The only potential pain involved in the procedures described above is post-surgical
pain. This is controlled with an opiate analgesic (buprenex). Insertion of electrodes into the brain is not
painful (there is no sensitivity to tissue damage in the brain itself)- There is potential discomfort and mental
distress associated with transfer between the cage and the chair, head restraint, and water restriction.
Each of these elements is essential to the performance of this type of experiment. Fear and discomfort
involved in transfer between cage and chair is minimized by use of the pole and collar technique, in which
the monkey is allowed to climb into the chair or cage on its own (though restrained from escaping by a
metal pole attached to a collar around the monkey's neck). Head restraint is limited to a maximum of 6
hours in a day, and care is taken to ensure that the monkey is in a comfortable position. Water restriction
is ameliorated by the ability of the animal to obtain as much water as it is willing to work for, by careful
monitoring of the monkey's physical state to prevent dehydration, by dietary supplementation with fresh
and dried fruit to ensure adequate nutrition, and by regular intervals of free access to water. Any serious
discomfort or distress inevitably leads to a marked drop in behavioral performance; when this occurs
training or recording is discontinued and the animal is given water ad lib.
5) Euthanasia. Animals will be euthanized by IV injection of a large dose of sodium pentobarbital (90 mg/kg).
This method is selected because it involves no pain or distress to the animal, and it is consistent with the
recommendations of the Panel on Euthanasia of the American Veterinary Medical Association.
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