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Abstract

Understanding free recall requires models that explain
not only how many items are retrieved, but also how
retrieval is organized—with clustered output, structured
transitions, and strong dependence on temporal position.
We introduce the Tree of Memory (TOM), in which recall
unfolds as a probabilistic search over an explicitly hierar-
chical episodic representation, coupled with a minimal
semantic association structure. The episodic component
represents experience across temporal scales encoded in
different hierarchical layers. Recall proceeds via prob-
abilistic depth-first traversal of the episodic tree, inter-
leaved with semantic exploration triggered upon item
retrieval. The framework admits explicit mathematical
characterizations of recall-capacity scaling regimes: de-
pending on the scaling of attention-weighted episodic
accessibility, the expected number of recalled items
grows sublinearly with list length. In simulations, TOM
reproduces canonical free-recall signatures, thereby pro-
viding a principled framework to study how hierarchical
episodic organization, attention, and semantic associa-
tions jointly shape free recall.

Keywords: episodic memory; free recall; list-length
effect; attention; hierarchical models; semantic memory;
mathematical modeling

Introduction
Modeling human episodic memory is a central chal-
lenge in cognitive science, precisely because mem-
ory exhibits both vast capacity and strikingly system-
atic patterns of retrieval across a wide range of tasks.
Classical frameworks such as the Search of Associa-
tive Memory (SAM) model (J. Raaijmakers & Shiffrin,
1981), the Temporal Context Model (TCM) (Howard &
Kahana, 2002) and others (Kahana, 2020; J. G. W. Raai-
jmakers & Shiffrin, 2002; Shiffrin & Steyvers, 1997)
have been highly influential, successfully accounting
for many qualitative and quantitative regularities in
free recall (Kahana, 1996; B. Murdock, 1960; Shepard,
1967). These models, and their numerous extensions,
typically embody rich stochastic dynamics and a large
number of tunable parameters, yielding excellent fits
to data but making principled analysis and mechanism
isolation difficult. Consequently, many of their key
predictions are evaluated through extensive simulations
rather than through explicit analytic characterizations.

Motivated by the desire to uncover first principles
of recall organization, a parallel line of work has ex-
plored simplified, mathematically characterized mod-
els of free recall. Recent approaches in this direction
reduce recall to a search (or walk) over a structure in-
duced by memory representations, yielding compact
predictions for the average number of recalled items

as a function of list length and matching large-scale
datasets (Katkov et al., 2022; Naim et al., 2020). These
results clarify that recall is strongly capacity-limited in
a lawful, sublinear way. However, many analytically
tractable accounts intentionally abstract away explicit
multi-level episodic organization, even though hierar-
chical structure is a pervasive feature of memory and
can markedly improve recall when present (Bower et
al., 1969). Tree-based hierarchical models have also
recently been used to formalize recall and compres-
sion in meaningful narrative memory (Zhong et al.,
2025) and retrieval (Zhong et al., 2026). Moreover,
hierarchical organization can emerge even for nomi-
nally unstructured material, suggesting that multiscale
episodic structure is not merely a feature of meaning,
but a general organizing principle of retrieval (Naim
et al., 2019). This motivates our central question:

Can an explicit episodic hierarchy account for
canonical free-recall effects while remaining an-
alytically predictive?
In this work, we introduce the Tree of Memory

(TOM), a framework that models free recall as a
probabilistic search over a hierarchically structured
episodic representation coupled with semantic asso-
ciations. The episodic component is a tree in which
each level represents experiences at a different tempo-
ral scale. Lower levels correspond to short-timescale
events (e.g., individual words), while higher levels rep-
resent progressively longer-timescale episodes (e.g.,
groups of successive words). Although TOM is not
restricted to a fixed-height tree, in the single-list free
recall setting we focus on the local subtree rooted at
the list episode and consisting of three levels: (i) list
episodes, (ii) chunk episodes, and (iii) item episodes.
This instantiation reflects empirical evidence that peo-
ple group items into small clusters during encoding and
retrieval (Cowan, 2001; Farrell, 2012).

A key modeling choice in TOM is that episodic ac-
cessibility varies systematically across positions within
each episodic level. Concretely, each episodic edge
is assigned an attention-weighted traversal probabil-
ity: letting 𝑒𝑛 denote the 𝑛-th edge created at a given
level, its traversal probability is 𝑃(𝑒𝑛) = 𝑓 (𝑛) where
𝑓 : N → [0, 1] is monotone non-increasing. Earlier
edges are more likely to be followed, creating a natural
primacy bias. During recall, episodic retrieval is imple-
mented as a probabilistic depth-first search (DFS) over
the episodic tree. In the single-list paradigm, recall is
initiated at the list node, consistent with the assump-
tion that the most recent episodic context is directly
accessible at test.
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TOM also includes a semantic component that rep-
resents relationships between items based on mean-
ing. For simplicity, we consider two minimal semantic
structures (i.e., an Erdős–Rényi graph and a geometric
embedding) that are not intended as complete models
of semantic memory, but rather as controlled ways to
study how semantic associations interact with episodic
retrieval. Operationally, semantic retrieval is triggered
upon recalling an item and proceeds as a local DFS-like
exploration over semantic edges; once semantic explo-
ration is exhausted, control returns to the episodic DFS.

We evaluate TOM in the single-list free recall
paradigm and show that it reproduces several hallmark
phenomena, including the primacy effect in the serial
position curve (B. B. Murdock, 1962), temporal conti-
guity (lag-CRP) (Kahana, 1996), and the list-length ef-
fect. In addition, TOM admits explicit recall-capacity
scaling regimes with list length 𝑘: depending on the
magnitude and scaling of the attention-weighted traver-
sal probabilities (as controlled by 𝑓 ), the expected num-
ber of recalled items can grow either logarithmically or
as a sublinear power law. Simulations validate these
predictions and illustrate how episodic and semantic
retrieval act as complementary mechanisms. Although
the current model does not directly capture recency, it
can be naturally extended, in the spirit of SAM (J. Raai-
jmakers & Shiffrin, 1981), by incorporating a constant-
capacity short-term store for recently studied items.

More broadly, TOM is intended as a step toward mod-
els that place hierarchical episodic organization at the
center of representation and retrieval, while remaining
sufficiently constrained to yield quantitative predictions
for standard free recall.

TOM Definition
The Tree of Memory (TOM) is designed to capture how
people organize and retrieve memories during free re-
call. The model represents memory as a hierarchy of
episodes occurring at different temporal scales. Each
node in the tree corresponds to a memory episode at
a particular timescale, ranging from coarse summaries
of experience to fine-grained representations of individ-
ual events. The model has two interacting components.
The first is a tree-structured episodic representation that
encodes when items were experienced across multiple
timescales. The second is a semantic structure that
represents relationships between items based on mean-
ing. Together, these components capture temporal and
semantic organization in recall. Because our primary
focus is on the episodic component, we adopt two sim-
ple semantic structures that are not intended to provide
a fully realistic account of semantic memory, but rather
to illustrate how semantic associations can interact with
episodic retrieval.

In the episodic component, higher levels of the tree
correspond to broader temporal episodes that summa-
rize longer stretches of experience, while lower levels
represent shorter, more fine-grained episodes, as shown

in fig. 1. In our setting, the levels of the tree correspond
to:
1. List episodes: individual study lists within the ses-

sion,
2. Chunk episodes: short sequences of successive

items within each list,
3. Item episodes: the individual words at the leaves of

the tree.
In general, the model is not restricted to a tree of

fixed height; longer temporal spans can be represented
by introducing additional hierarchical levels. For the
list-learning experiments considered here, however, we
focus on a local subtree consisting of the bottom three
levels rooted at the list node. Although this list node
may itself be embedded within a larger hierarchy cor-
responding to earlier experiences, we omit these higher
levels from the analysis. This is justified because the
list is the most recent episode, so retrieval begins from
the list node. Empirically, people often group items
into small clusters of 2–6 elements during free recall
(Cowan, 2001; Farrell, 2012), and our model reflects
this by giving each chunk a fixed small capacity 𝐶.

For the semantic component, we aim for simplicity
over realism, and consider two possible representations.
One is an Erdős–Rényi graph (Erdős & Rényi, 1960),
in which each node is a word and edges link seman-
tically related items. The other is a high-dimensional
sphere on which words are embedded such that nearby
points correspond to semantically similar items. This
semantic structure is treated as fixed throughout the ex-
periment, while the episodic tree grows dynamically as
words are presented.

Constructing TOM
The episodic tree is constructed online during study.
At the onset of a list, a new list node is attached to the
most recent experience, represented by a higher-level
node in the tree corresponding to a longer timescale
episode of which the list presentation is a part. In
the single-list free recall paradigm, we focus only on
the subtree rooted at the list node, since recall is ini-
tiated immediately after list presentation and the list
context is therefore readily accessible. In contrast, if
additional tasks intervene before recall, the list node
may no longer be directly accessible, and recall must
instead be initiated from a higher episodic level. Each
incoming word 𝑤𝑡 is assigned to the most recently cre-
ated chunk, which is a child of the list node, unless
that chunk has reached its capacity. In that case, a new
chunk is created as an additional child of the list node,
and 𝑤𝑡 becomes its first child.

Attention-weighted edge probabilities. To capture
the observation that attention tends to wane over time,
we associate each edge in the tree with a probability
of successful traversal during recall. Let 𝑒𝑛 denote the
𝑛-th edge created at a particular level of the tree. We
call the probability of successfully traversing that edge
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List

Chunk #1 Chunk #C1

Word 1 Word 4 Word C1+1 Word C1+4

. . .

. . .. . .

List Episodes:

Chunk Episodes:

Word Episodes:

Semantic Component:

𝑓 (1) 𝑓 (𝐶1)

𝑓 (1) 𝑓 (4) 𝑓 (𝐶1 + 1) 𝑓 (𝐶1 + 4)

Figure 1: TOM with Random Semantic Connections

the attention-weighted edge probability, and denote it,
as in fig. 1 by

𝑃(𝑒𝑛) = 𝑓 (𝑛),

where 𝑓 : N → [0, 1] is a monotonically non-
increasing function.1 Earlier edges therefore receive
higher traversal probabilities, naturally giving rise to a
primacy advantage: items encoded earlier in a list are
more accessible at retrieval.

Recall Procedure
Recall is modeled as a probabilistic depth-first search
(DFS) through the episodic tree, augmented by oc-
casional semantic transitions between words. Recall
unfolds as a sequential exploration alternating between
episodic structure and semantic associations.

Recall dynamics. Recall in the model proceeds via
two interacting mechanisms: episodic recall and se-
mantic recall. We describe each mechanism separately
and specify how control passes between them.

Episodic recall. Episodic recall is modeled as a prob-
abilistic depth-first search over the episodic tree.

1. Recall is initiated at a designated episodic node. In
a single-list free recall paradigm (fig. 1) this corre-
sponds to the List node.

2. If the current episodic node 𝑣 is a leaf of the episodic
tree (i.e., a Word), the item stored at 𝑣 is recalled,
and control is passed to the semantic recall system.

3. Otherwise, the model considers all outgoing episodic
edges from the current node 𝑣 to its children. The
model then picks a random ordering over the outgo-
ing edges from 𝑣 by sampling these edges without
replacement; when creating this ordering, the proba-

1For simplicity, we use the same attention-weighted func-
tion for different levels of the tree. One could of course use
different functions for the different levels, without materially
changing the model.

bility that each edge is selected at any time is propor-
tional to its attention-weighted traversal probability.2

4. For each selected episodic edge 𝑒, the model attempts
to traverse it (according to the attention-weighted
probability associated with 𝑒). If traversal succeeds,
the model moves to the corresponding child node
and repeats this procedure recursively. If traversal
fails, the edge is discarded and the model attempts
another outgoing edge from the current node.

5. When no further outgoing episodic edges remain at
the current node, episodic traversal from that node
terminates and the model backtracks to its parent.

In step 3 of episodic recall, given a node 𝑣, the model
samples outgoing edges with probability proportional
to their attention-weighted traversal probabilities. That
is, for 𝑢 ∈ 𝑁 (𝑣),3 we have

Pr[sample 𝑢] = Pr[traverse 𝑢]∑
𝑤∈𝑁 (𝑣) Pr[traverse 𝑤] .

Semantic recall. Semantic recall is initiated when-
ever a word is recalled during episodic traversal. It
is also based on a depth-first search, but unlike the
episodic setting, the underlying structure is a graph.
1. Upon entering semantic recall, the model considers

the outgoing semantic edges from the recalled word.
2. Semantic edges are traversed sequentially, and each

successful traversal leads to the recall of a semanti-
cally associated word.

3. From each newly recalled semantic word, semantic
traversal continues recursively using the same pro-
cedure. Semantic recall terminates when no further
unrecalled semantic neighbors can be accessed.

4. Once semantic recall is exhausted, control returns
to episodic recall at the leaf node corresponding to
the initially recalled word, and episodic traversal re-
sumes by backtracking upward.
2This type of ordered sampling is used in (and hence takes

inspiration from) popular recall frameworks such as SAM (J.
Raaijmakers & Shiffrin, 1981).

3𝑁 (𝑣) denotes the neighbors of 𝑣.
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Model Analysis
In this section, we present the main mathematical re-
sults of our model, stated as theorems. Our primary
and most difficult results address the list-length effect
by demonstrating that, for appropriate choices of the
model parameters, the expected recall exhibits sublin-
ear scaling with list length.

We first mathematically define a Free Recall Test.
Definition 1 (Free Recall Test). A Free Recall Test of
𝑘 words is a procedure in which the model is presented
with 𝑘 consecutive words 𝑤1, . . . , 𝑤𝑘 in serial order.
After the presentation phase, the model is asked to
recall as many of the words as possible.

Our theoretical results make a mild structural as-
sumption on the semantic component, given below.
This assumption holds with high probability4 assuming
the semantic component is modeled using popular ran-
dom graph models such as Erdős–Rényi 𝐺 (𝑘, 𝑝) with,
say, 𝑝 ≤ 0.9/𝑘 , or a geometric random graph with a
similar choice of parameters (Janson & Luczak, 2008;
Kupper & Penrose, 2024; Penrose, 2003).
Definition 2 (Subcritical semantic graph). Let 𝑘 be the
number of words in the free recall test. We say that the
semantic component over these 𝑘 words is subcritical if,
when interpreted as a graph, its connected components5

𝐶1, . . . , 𝐶𝑚 satisfy that
∑𝑚

𝑖=1 |𝐶𝑖 |2 = 𝑂 (𝑘).
Our main analytical result shows that our model can

achieve realistic recall performance.
Theorem 1 (TOM recall performance). Consider a
free-recall experiment with 𝑘 studied words and a TOM
model with depth 𝑑 and chunk size 𝐶, with a subcrit-
ical semantic component. Suppose that all attention-
weighted edge probabilities in the model fall in some
interval 𝐼. Then:

• If 𝐼 =
[(

𝑎 log 𝑘

𝑘

)1/𝑑
,

(
𝑏 log 𝑘

𝑘

)1/𝑑
]
, the expected num-

ber of recalled words is of order Θ(log 𝑘).
• If 𝐼 =

[ (
𝑎𝑘𝛼−1)1/𝑑 , (𝑏𝑘𝛼−1)1/𝑑] for any 𝛼 ∈ (0, 1),

the expected number of recalled words is Θ(𝑘𝛼).
Theorem 1 shows that TOM admits multiple recall

scaling regimes, ranging from logarithmic to sublinear
power-law growth. The specific regime realized de-
pends on the magnitude of attention-weighted traversal
probabilities. This unifies disparate recall behaviors
within a single cognitive architecture and provides a
mechanistic account of how variations in attentional
decay can give rise to qualitatively different recall ca-
pacities. Let us illustrate the application of our theorem
with a concrete example.

Consider a free-recall experiment with 𝑘 = 256 stud-
ied words. Let 𝑎 = 1

2 and 𝑏 = 2. In a single-list recall

4With probability that tends to one as 𝑘 → ∞.
5For a graph 𝐺 on a set of vertices 𝑉 , the connected

component of each vertex 𝑣 ∈ 𝑉 is the set of all vertices
reachable from 𝑣.

setting, the model depth is 𝑑 = 2. For 𝑘 = 256, we
have log(𝑘) = 8,

√
𝑘 = 16. Substituting these values

into Theorem 1 (with 𝛼 = 1
2 ) yields the following two

admissible intervals for the attention function:

𝐼log = [0.125, 0.25], 𝐼𝑠𝑞𝑟𝑡 = [0.176, 0.353] .

Theoretical proof sketch
In this section, we present the proof of Theorem 1. The
proof proceeds by first analyzing a simplified version
of the TOM model in which the attention function is
constant, 𝑓 (𝑛) = 𝑐 for some 0 < 𝑐 < 1. We derive
bounds for this simple-TOM model and then extend the
analysis to the full TOM model.
Claim 1. Given a TOM model with depth 𝑑, chunk
size 𝐶 and constant edge traversal probability 𝑝 (with
0 < 𝑝 < 1). For a leaf 𝑤 in the episodic tree,

𝑃[𝑤 is recalled] = 𝑝𝑑 .

Due to space constraints, we only provide a quick
intuition toward the proof of Claim 1. The idea is that
a word 𝑤 at depth 𝑑 is recalled if and only if all edges
on the path leading to 𝑤 are traversed. This path is of
length 𝑑, and each edge is traversed with probability 𝑝,
implying the claim.

The following lemma addresses the main technical
challenge underlying our analysis.
Lemma 1. Consider a free recall test of 𝑘 words and
a simple-TOM model with depth 𝑑, chunk size 𝐶, with
a subcritical semantic graph, and tree edge traversal
probability 𝑝 (with 0 < 𝑝 < 1). Then the expected
number of recalled words is Θ(𝑘 𝑝𝑑).

Proof. Let 𝐴 ⊆ {𝑤1, . . . , 𝑤𝑘} denote the set of recalled
words using the episodic structure.

Let 𝐶1, . . . , 𝐶𝑚 denote the connected components of
the semantic graph, where𝑚 is the number of connected
components. Define the random variables

𝑋𝑖 =

{
|𝐶𝑖 |, if 𝐶𝑖 ∩ 𝐴 ≠ ∅,
0, otherwise.

Then, by a union bound,

Pr[𝑋𝑖 = |𝐶𝑖 |] = Pr[𝐶𝑖 ∩ 𝐴 ≠ ∅] = Pr

[ ⋃
𝑐∈𝐶𝑖

{𝑐 ∈ 𝐴}
]

≤
∑︁
𝑐∈𝐶𝑖

Pr[𝑐 ∈ 𝐴] = |𝐶𝑖 | · 𝑝𝑑 .

Moreover, from Claim 1,

Pr[𝑋𝑖 = |𝐶𝑖 |] ≥ max
𝑐∈𝐶𝑖

Pr[𝑐 ∈ 𝐴] = 𝑝𝑑

We now bound the expected number of recalled
words, let 𝑅 denote the number of recalled words. By
linearity of expectation,

E[𝑅] = E

[
𝑚∑︁
𝑖=1

𝑋𝑖

]
=

𝑚∑︁
𝑖=1

E[𝑋𝑖] .
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Using the upper bound on Pr[𝑋𝑖 = |𝐶𝑖 |], we obtain

E[𝑅] =
𝑚∑︁
𝑖=1

|𝐶𝑖 | Pr[𝑋𝑖 = |𝐶𝑖 |] ≤
𝑚∑︁
𝑖=1

|𝐶𝑖 |2𝑝𝑑 = 𝑂

(
𝑘 𝑝𝑑

)
For the last transition, we used subcritical semantic
graph definition. We now turn to obtain a lower bound.
Similarly, using the lower bound on Pr[𝑋𝑖 = |𝐶𝑖 |],

E[𝑅] =
𝑚∑︁
𝑖=1

|𝐶𝑖 | · Pr[𝑋𝑖 = |𝐶𝑖 |] ≥
𝑚∑︁
𝑖=1

|𝐶𝑖 | · 𝑝𝑑 = 𝑘 𝑝𝑑 ,

which asymptotically matches the upper bound. □

Proof of Theorem 1. First, we claim that simple-TOM
is monotonically increasing as a function of 𝑝, as
the edge traversal probability increases, the proba-
bility of recalling words also increases. By mono-
tonicity of simple-TOM we can define an interval
𝐼 = [𝑝min, 𝑝max] ⊆ [0, 1] such that the expected num-
ber of recalled words is Θ (𝑔 (𝑘)). 𝑝min, 𝑝max would be
the solution of the following equations:

• 𝑘 · (𝑝min)𝑑 = 𝑎 · 𝑔(𝑘)
• 𝑘 · (𝑝max)𝑑 = 𝑏 · 𝑔(𝑘)

The choice of constants 0 < 𝑎 < 𝑏 < 𝑘 depends on
how tight we want the expectation bounds to be. □

Simulations
We conducted comprehensive simulations of the Tree
of Memory (TOM) model to evaluate its ability to cap-
ture key phenomena in free recall. The simulations fo-
cused on three aspects: single-list free recall behavior,
the list-length effect under different attentional scaling
regimes, and the interaction between episodic chunking
and semantic retrieval.

Model Parameters
Unless otherwise noted, simulations use the following
default parameter values. The episodic hierarchy em-
ploys a chunk capacity of 𝐶 = 4 items per chunk. The
attention function decays monotonically with position
within each level according to 𝑓 (𝑛) = 0.3 + 0.5𝑛+1,
where 𝑛 denotes the zero-based position index.

In a similar spirit to (Katkov et al., 2022), the se-
mantic component is modeled as an Erdős–Rényi (ER)
random graph representing semantic associations. The
semantic edge traversal probability is governed by the
parameter 𝑝edge

sem = 0.1.
All parameters are held fixed across experiments un-

less explicitly stated otherwise.

Experiment 1: Single-List Free Recall
To assess single-list free recall behavior, we simulated
𝑁 = 1000 trials with lists of length 𝑘 = 20. For each
trial, a new episodic tree was constructed according
to the hierarchical organization described in Section 2,
and a new semantic graph was generated using the

ER model with edge probability 𝑞 = 0.06. Recall pro-
ceeded via the probabilistic depth-first search algorithm
with semantic bursts, as described in Section 2.2.

From these simulations, we computed two standard
measures of free recall performance:
• Serial Position Curve (SPC): the probability of re-

calling an item as a function of its serial position.
• Lag-Conditional Response Probability (lag-

CRP): the probability of transitioning between re-
called items as a function of their temporal lag.

Figure 2: Single-list free recall simulation results. (A)
shows the probability of recalling an item as a function of
its serial position. (B) shows the probability of transitioning
between recalled items as a function of their temporal lag.

Experiment 2: List-Length Effect
To examine the list-length effect, we simulated recall
across a range of list lengths 𝑘 ∈ [10, 200] For each
list length, we ran 𝑁 = 5000 independent trials. We
investigated two attentional scaling regimes that yield
sublinear recall growth. In the first regime, correspond-
ing to the logarithmic recall behavior predicted by the
first bullet of Theorem 1, the attention function was set
using

𝑓 (𝑛) =
√︁

3 log(𝑘) · 𝑘−1. (1)
This scaling follows from the theoretical bounds (taking
lower bound with 𝑎 = 3) on traversal probabilities and
ensures logarithmic growth in expected recall. In the
second regime, corresponding to the power-law behav-
ior characterized in Theorem 1, we employed a weaker
square-root scaling,

𝑓 (𝑛) =
√︁

2 · 𝑘−1/2. (2)
This choice permits faster recall growth while remain-
ing strictly sublinear. For both regimes, the semantic
graph edge existence probability was scaled inversely
with list length, 𝑞(𝑘) = 0.5/𝑘 , ensuring that the se-
mantic component satisfied required conditions.

Expected recall performance was compared against
theoretical predictions. Specifically, we considered
𝐸 [recalls] =

√︁
3𝜋𝑘/2 for the power-law regime (Naim

et al., 2020), and 𝐸 [recalls] = 3 log 𝑘 for the logarith-
mic regime.

Results
We now summarize the results of these simulations,
focusing on how the TOM reproduces key empirical
effects in free recall and how recall performance varies
across parameter regimes.
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Figure 3: List-length effect simulations for (A) logarithmic
and (B) power-law attention scaling.

Single-List Free Recall Figure 2(A) shows the serial
position curve produced by the model. A pronounced
primacy effect is observed for the first few list items, fol-
lowed by uniformly low recall probabilities for middle
positions. This pattern closely matches classic empir-
ical findings (Kahana, 1996; B. B. Murdock, 1962).
While TOM does not directly capture the recency ef-
fect, it can be naturally extended in a manner similar
in spirit to SAM (J. Raaijmakers & Shiffrin, 1981) by
incorporating a constant-capacity short-term store that
retains the most recently studied words. At test, this
store can support retrieval of the final list items. To
more closely match the empirical recency effect, one
may further assume that recall probability from the
short-term store depends on recency, so that more re-
cently presented words are more likely to be recalled
than older items still maintained in short-term memory.

Figure 2(B) presents the lag-CRP, revealing elevated
transition probabilities for small temporal lags and a
clear forward asymmetry. This reflects the model’s
hierarchical episodic organization and the monotonic
decay of the attention function, which jointly favor for-
ward transitions between temporally adjacent items.

List-Length Effect Figure 3 shows recall perfor-
mance as a function of list length for both attention-
scaling regimes. In both cases, recall grows sublin-
early with list length and closely follows the theoretical
predictions.

The logarithmic regime produces slower growth, re-
flecting stronger attentional decay, whereas the power-
law regime permits faster yet still sublinear recall
growth. Together, these results capture the well-
established empirical list-length effect.

Discussion
We introduced the Tree of Memory (TOM), a model in
which free recall is generated by a probabilistic search
over a hierarchical episodic representation, coupled to
a minimal semantic association structure. The goal is
not to replace fitted accounts of free recall (Howard
& Kahana, 2002; Polyn et al., 2009; J. Raaijmakers &
Shiffrin, 1981), but to test whether hierarchical episodic
organization, instantiated at the level of list→ chunk→
item, can account for canonical free-recall benchmarks.

A central contribution is an explicit characterization
of list-length scaling regimes within this hierarchical re-
trieval architecture. Episodic accessibility is governed

by a monotone attention function over episodic edges,
and recall corresponds to a probabilistic depth-first
search (DFS). Under this setup, we derive regimes in
which the expected number of recalled items grows ei-
ther logarithmically or as a sublinear power law with list
length, depending on how attention-weighted traversal
probabilities scale. These results complement analyti-
cally characterized capacity laws derived in simplified
settings (Katkov et al., 2022; Naim et al., 2020), while
placing scaling within an explicit episodic hierarchy.

TOM also provides a mechanistic account of orga-
nizational effects. Primacy follows from the attention-
weighted accessibility gradient, while temporal con-
tiguity arises because episodic DFS tends to exhaust
locally reachable subtrees (e.g., within chunks) before
backtracking, promoting clustered transitions. The
semantic component provides an additional retrieval
route via associations triggered upon item recall. More
broadly, this emphasis on hierarchical organization is
consistent with evidence that imposed structure facil-
itates recall (Bower et al., 1969) and that hierarchical
organization can emerge for random material (Naim
et al., 2019; Zhong et al., 2026) and narrative (Zhong
et al., 2025).

The current formulation is limited to single-list re-
call and does not address graded forgetting across
lists or other multi-list effects. A natural extension
is to attenuate episodic traversal probabilities with
episodic remoteness (e.g., depth-dependent accessibil-
ity) while preserving the same hierarchical retrieval
process. TOM also yields testable predictions: manip-
ulations that steepen attentional decay across encoding
should reduce both overall recall and temporal orga-
nization; manipulations that promote chunking should
increase clustering and within-chunk transitions affect-
ing performance (Cowan, 2001; Farrell, 2012); and
increasing semantic association density (e.g., catego-
rized lists) should amplify semantic-driven retrieval
bursts, increasing recall without necessarily strength-
ening temporal contiguity (Bower et al., 1969).

Recent cognitive–AI agent-memory frameworks
also motivate hierarchical/event-level representations
paired with topology-aware retrieval (e.g., Compass-
Mem (Hu et al., 2026), Amory (Zhou et al., 2026),
GSW (Rajesh et al., 2026), STITCH (Yang et al.,
2026)), where access is implemented as structured nav-
igation over a memory graph rather than flat similarity
search. These frameworks are complementary to TOM:
they focus on scalable long-horizon systems, whereas
TOM isolates a minimal hierarchical episodic represen-
tation with probabilistic DFS retrieval, yielding explicit
predictions for recall organization and capacity scaling
in single-list free recall.

Overall, TOM provides a constrained framework in
which hierarchical episodic organization supports both
recall organization and lawful capacity scaling, offering
a basis for studying how attention-weighted access and
semantic associations jointly shape free recall.
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