A compressed code for memory discrimination
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Abstract

The ability to discriminate similar visual stimuli has been used as an important index of memory func-
tion. This ability is widely thought to be supported by expanding the dimensionality of relevant neural
codes, such that neural representations for the similar stimuli are maximally distinct, or \separated." An
alternative hypothesis is that discrimination is supported by lossy compression of visual inputs, e ciently
coding sensory information by discarding seemingly irrelevant details. A bene t of compression, relative
to expansion, is that it allows the individual to e ciently retain fewer essential dimensions underlying
stimulus variation | a process linked to higher-order visual processing ] without hindering discrimina-
tion. Under the compression hypothesis, pattern separation is facilitated when more information from
similar stimuli can be discarded, rather than preserving more information about distinct stimulus dimen-
sions. We test the compression versus expansion hypotheses by predicting performance on the canonical
mnemonic similarity task. First, we train neural networks to compress perceptual and semantic factors
of stimuli, and measure lossiness of those representations using the mathematical framework underlying
compression. Consistent with the compression hypothesis, and not the expansion hypothesis, we nd that
greater lossiness predicts the ease and performance of lure discrimination, particularly in later layers of
convolutional neural networks shown to predict brain activity in the higher-order visual stream. We then
empirically con rm these predictions across two sets of images, four behavioral datasets, and alternative
metrics of lossiness. Finally, using task fMRI data, we identify signatures of lossy compression || neural
dimensionality reduction and information loss | in the higher-order visual stream regions V4 and IT as
well as hippocampal subregions dentate gyrus/CA3 and CALl associated with lure discrimination per-
formance. These results suggest lossy compression may support mnemonic discrimination behavior by

discarding redundant and overlapping information.
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1 Introduction

Many behaviors, from value-based decisions [1I 2, B, 4] and associative learning [B] to perceptual inference
and memory [0} [7, 8 @l [T0], require recognizing whether the perception of a current situation is familiar or
novel. This process is challenging because memory is constructive. From a percept with partial information,
memory integrates prior experiences to fill in gaps but, in doing so, introduces distortions that can create
incorrect impressions of prior experience [I1] [12]. Discriminating whether the current situation is novel

compared to remembered experiences depends on pattern separation, the ability to distinguish between



highly similar inputs with distinct responses [13], [14]. Pattern separation occurs when brain regions, such
as the hippocampus, transform similar inputs that would produce aligned activity patterns into output
patterns that are more distinct (Figure —C) [15, 16, 05, 077 08, 19, 20, 211, 22] 23, 24] [25]. Distinctness
is often measured by the degree of linear independence where maximally distinct patterns are orthogonal.
Although successful behavioral pattern separation is thought to be supported by reducing redundant overlap
and keeping distinct details between inputs [26] 27, 28], it is not fully understood how computations support
orthogonalization nor what input properties are orthogonalized [29].

The longstanding Marr-Albus hypothesis suggests two strategies to orthogonalize representations: ex-
pand the encoding ensemble and sparsen encoding activity [30, B1]. Both expanding the number of encoding
units (neurons) using divergent projections from a small to a large population (a ratio of about 1:5 in the
hippocampus) and inhibiting the population activity to have few active neurons within a relevant timespan
(around 5% of neurons active) can decorrelate the statistical structure of inputs to separate across distinct
ensembles of neurons [30}, BT, 18] 16}, 32} 27, [33], 34, 351 [5, B6]. However, expansion, sparsity, and decorrelation
can have varying effects on pattern separation depending on the task and type of input, and it is difficult to
disentangle their varying effects due to shared biological bases [37. [5].

A less explored hypothesis for pattern separation is lossy compression, a computation that discards
redundant information to produce efficient representations with a tolerable level of error [38] 39, 40]. In
contrast to the expansion strategy, compression suggests roles for reducing an encoding ensemble to create
a physical or information bottleneck that encourages orthogonal representations of distinct features that
dominate variation across inputs [41] [42]. In contrast to the sparsity strategy, compression benefits from
different (sometimes lower) levels of sparsity due to better flexibility and expressivity with denser, mixed
codes [43]. Excessive sparsity can encumber code diversity while reducing sparsity can avoid oversensitive
responses to inconsequential variations in the input [44] [45] [46], [47, [48], [49].

The computational kinship between pattern separation and lossy compression can be made more ap-
parent mathematically, distinguishing this account from alternative hypotheses such as sparsity (Figure
1D-E). Pattern separation has been proposed to be the computation that decreases an arbitrary similarity
metric, S(X1; Xz), of the degree of overlap between given inputs X3 and X, [29]. Pattern separation occurs
when S(X1; X2) decreases across neural regions or neuronal populations A, B, and C, such that X3 and X,

are progressively decorrelated:

Sa (X1;Xz) = Sg (X1; X2) = Sc (X1; Xz): (1)



Although S is commonly conceived as a linear correlationS can also be de ned as the mutual information
| to capture both linear and nonlinear dependencies between inputs. Under this de nition ofS, Equation

directly parallels the data processing inequality [50]:

Ia(X1;X2) I (X1;X2) Tc(X1;X2); (2)

stating that physical processing from A ! B ! C cannot create new information about the original

source. The inequality points to a trade-o where information is either retained at some cost or lost for
more lightweight but error-prone transmission, a core computational problem of memory. Memory needs to
reconstruct arbitrary traces yet cannot preserve all of the information and structure of inputs [26].

How many bits of information should be allocated to more precise high- delity memory versus saved
for more approximate gist memory [51,[52]? Lossy compression provides a framework to determine the
optimal solution to this trade-o. Optimally, lossy compression is the joint minimization of (1) the rate
of information R needed to encode an inputX; as a compressed representatioX , and (2) the amount of

distortion D caused by information lost from compressingX ; into X, [53]:

R(D) =min 1 (X1;X>) subject to d(X1;X,) D: 3)

Rate-distortion theory shows how lossy compression forces approximations such thdd > 0. We propose
that reducing S(X1; X2) for pattern separation involves minimizing existing redundancy, | (X 1; X 2), which
is marked by detectable increases in distortionda (X 1;X2) <dg (X1;X2) <dc(X1;X2).

Here, we test if lossy compression can explain performance in a behavioral task designed to tax pattern
separation, the Mnemonic Similarity Task (MST) [25]. Participants incidentally encode information from a
single exposure to a \target" image of an everyday object, then discriminate that memory from a similar yet
distinct \lure" image and a novel \foil" image in a surprise discrimination test (Figure . Discrimination
performance, measured by the proportion of correctly identi ed lures relative to foils, is thought to assess
detail knowledge or speci c recollection [27[54[55]. We analyzed performance on 1,152 target-lure pairs
across Ve previously published datasets[[56, 57,19, 58, 59]: a cross-sectional university sampte= 208), a
longitudinal university sample that performed lure discrimination immediately and after 1 week (n = 78), a
cross-sectional sample of youthsr( = 92, ages 8 to 25, average of 1B0 5:12 years), a cross-sectional lifespan
aging sample 6 = 297, ages 18 to 86, average of 441 19:61 years), and a cross-sectional sample who

underwent fMRI scanning while performing the task (n = 48, 22:9 3:6 years old). We focus on two pairs



of trials|corresponding target and lure trials, as well as rst presentation and repeat trials. Using these
data, we investigated how lossy compression contributes to the orthogonalization of target and lure images
in support of pattern separation. Because visual information reaches the hippocampus after processing by
visual and semantic cortical pathways [14], we extracted various perceptual and/or semantic features by
processing images through neural networks trained for pixel reconstruction (perceptual), image classi cation
(perceptual and semantic), or image-to-text conversion (semantic) [41, 60, 61, 62, 63]. These models have
been predictive of the neural activity of temporal and visual cortices [64, 65, 66], which may help separate
inputs by transforming the dimensionality of representations [67, 48, 68]. The lossiness of compression
is operationalized by several convergent approaches. In behavioral data, we use an information-theoretic
algorithm that we modify to estimate lossiness from a cosine similarity metric of orthogonalization [38] and
auto-associative networks that measure lossiness as item reconstruction errors [41, 69, 51, 70]. In neural
data, we use dimensionality reduction and the information rate (mutual information) of the evoked neural
representations for targets and lures as operationalizations of lossy compression [39, 71].

To accomplish pattern separation, the expansion hypothesis proposes that a sharpened representation
of the total information reduces overlap, whereas the compression hypothesis posits that a blurred repre-
sentation discards overlapping information. Across images, we test whether lossiness explains why pattern
separation is sometimes more dicult, as previously de ned by binning performance in an independent
sample [72](Figure 1B) . Across individuals, we test if lossiness explains pattern separation performance,
measured as the lure discrimination index: the proportion of correct rejection minus a response bias for \sim-
ilar." We hypothesize that pattern separation is more di cult and poorer when more bits of information are
needed to preserve high- delity information about subtle di erences in detail (Fig 1C) . Conversely, if the
targets and lures are more dissimilar, then pattern separation is easier and better because lossy compression
can aggressively discard more bits for greater e ciency. However, aggressive compression that discards more
bits per unit of lossiness increases false alarms by blurring together gist-like memories which are more suscep-
tible to noise (Figure 1D) . Finally, we examine whether stimulus-evoked responses in a putative hierarchy
of neural regions re ects continually increasing or decreasing dimensionality, in line with the expansion or
compression hypotheses. We nd evidence in support of the lossy compression hypothesis, replicated across
image datasets, image features, compression methods, and participant datasets. Lossier gist-like features
capturing higher-level perceptual features were more strongly related to pattern separation than low-level
perceptual features, linking lossy compression with theories of object detection in the ventral visual stream by

learning the most essential and invariant features in a lower-dimensional space [73, 74, 75, 48, 76]. Together,
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