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Figure 1: Underneath data systems lie a massive evolving object graph. Fig 1a to 1c illustrate object graph snapshots of buildats

notebook with changed (
ABSTRACT

Ranging from batch scripts to computational notebooks, modern
data science tools rely on massive and evolving object graphs that
represent structured data, models, plots, and more. Persisting these
objects is critical, not only to enhance system robustness against
unexpected failures but also to support continuous, non-linear data
exploration via versioning. Existing object persistence mechanisms
(e.g., Pickle, Dill) rely on complete snapshotting, often redundantly
storing unchanged objects during execution and exploration, re-
sulting in significant inefficiency in both time and storage. Unlike
DBMSs, data science systems lack centralized buffer managers that
track dirty objects. Worse, object states span various locations such
as memory heaps, shared memory, GPUs, and remote machines,
making dirty object identification fundamentally more challenging.

In this work, we propose a graph-based object store, named Chip-
mink, that acts like the centralized buffer manager. Unlike static
pages in DBMSs, persistence units in Chipmink are dynamically
induced by partitioning objects into appropriate subgroups (called
pods), minimizing expected persistence costs based on object sizes
and reference structure. These pods effectively isolate dirty objects,
enabling efficient partial persistence. Our experiments show that
Chipmink is general, supporting libraries that rely on shared mem-
ory, GPUs, and remote objects. Moreover, Chipmink achieves up to
36.5% smaller storage sizes and 12.4X faster persistence than the
best baselines in real-world notebooks and scripts.
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) and unchanged (blue) objects, upto tens of millions of objects in real notebooks (Fig 1e).

PVLDB Artifact Availability:
The source code, data, and/or other artifacts have been made available at
https://github.com/illinoisdata/pod.

1 INTRODUCTION

Modern data science tools, ranging from batch scripts [38, 92, 93] to
computational notebooks [12, 13, 53, 55, 58-60, 75, 101], rely upon a
massive and evolving object graph—a new and increasingly critical
modality of data. These underlying objects are used to represent
many different forms of data, such as (semi-)structured data (e.g.,
pandas, ElementTree), graphs (e.g., networkx), machine learning
models (e.g., pytorch, tensorflow), time series data, and so on.
With the ability to save these objects efficiently and restore them
correctly, we can improve systems’ resilience against unexpected
failures [21, 32, 98] and even allow data scientists to keep track of
their work and explore alternative hypotheses [21, 35, 36].

However, existing persistence solutions are vastly infeasible. For
each saving, existing persistence libraries like Pickle [40], Dill [66,
67], and ZODB [43] traverse these objects through their references
and create a complete byte-representation snapshot of the object
graph. This means saving variables at multiple points during a
script’s execution may capture the same objects, even if they remain
unchanged (e.g., blue nodes in Fig la to 1c). As a result, these
methods must process 2.96M objects to save 42 snapshots of a real
notebook buildats (Fig 2), incuring an infeasible storage and time
cost prohibiting safer data exploration.
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Figure 2: Cumulative numbers of buildats’s objects to be
saved by snapshot-based storage vs. delta storage.

At the core, unlike DBMS’es [48, 51, 62, 68, 69, 91], the existing
object persistence mechanisms lack delta identification (i.e., identify-
ing differences between object graphs) to avoid unnecessary saving.
Nonetheless, existing delta identifications only offer inaccurate,
incomprehensive, and/or inefficient solutions. Graph databases like
Neo4;j [15] may inaccurately record nodes and edges after implicit
updates where an execution appears static or access only a few
variables but mutates nested shared structures. Manual approaches
such as annotating objects to track [41, 52, 65, 77], translating into
database formats [8, 23, 56, 72, 74, 87], or selectively saving some
object types [11, 34, 71, 73, 82, 94] do not comprehensively capture
all objects, especially given the diversity of user-defined types and
external library internals (e.g., Fig 1d shows 4 built-in, 63 external,
and 37 user-defined variables). Finally, classical algorithms like
graph alignment [103, 104], edit-distance algorithms [44, 70, 76],
and graph partitioning [7] are inefficient for the millions of objects
and references present in real sessions (Fig 1e).

Goldilocks granularity of deltas: a proposal and challenges.
By contrasting these solutions, we propose a novel concept for
efficiently identifying deltas between massive and evolving object
graphs: instead of object-level deltas and graph-level snapshots, one
should find the Goldilocks (i.e., “just right”) granularity of deltas
by partitioning the object graph into subgraphs. To identify dirty
objects between two points in time, we compare the subgraphs;
only non-matching subgraphs need to be persisted.

However, finding the right granularity comes with two new chal-
lenges: within-subgraph and cross-subgraph. (Within-subgraph)
We must optimize object-subgraph assignments in terms of both
node composition and subgraph size. The composition should be
stable: an object graph should consist of nearly the same set of
subgraphs compared to the previous version, to minimize new sub-
graphs that need to be saved. The sizes should strike a balance:
small enough to isolate only the dirty objects, yet large enough to
reduce per-subgraph management overheads. (Cross-subgraph)
All references across subgraphs must be properly preserved when
saving dirty subgraphs and restoring prior states.

Our approach. With novel techniques to tackle the within-subgraph
and cross-subgraph challenges, we present an algorithm called pod-
ding: a structure-aware partitioning of object graphs into subgraphs
called pods. To determine the optimal composition and size of pods,
we formulate an optimization problem that aims to minimize ex-
pected persistence costs considering the properties of object graphs
including both node-specific properties (e.g., object size) and struc-
tural attributes (e.g., fanout). This principled approach naturally
avoids extreme cases such as splitting or bundling all the objects.
Second, pods are designed to correctly preserve cross-pod edges.
Cross-pod references can be considered virtual addresses that are
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Figure 3: Chipmink saves and loads state for exploration.

later resolved to appropriate local references when related objects
need to be put together during restoration.

Combining these techniques, we introduce Chipmink, a system
designed to serve as an off-the-shelf persistence library. Align-
ing with the latest trends in data science and machine learning,
Chipmink focuses on Python-based ecosystem, supporting 100%
libraries empirically. This includes the libraries for data analytics
(e.g., pandas, arrow), machine learning (e.g., pytorch, tensorflow,
scikit-learn), distributed computing (e.g., ray), and data visu-
alization (e.g., matplotlib, seaborn). As a result, Chipmink can
fully replace existing generic persistence tools such as Pickle [40],
Dill [66, 67], and Cloudpickle [25], delivering significant improve-
ments in both time (up to 12.4x) and storage (up to 36.5x) efficiency.

2 MOTIVATION

Practical object persistence needs structure-aware deltas to reduce
storage and time costs, otherwise infeasible through snapshotting
and/or classical byte-string delta compression.

Limitation of snapshotting. Snapshotting (e.g., Dill and ZODB)
stores and recovers a given state as a whole on disk. Suppose
dataset is 10.1 GB large while imputer and model are 0.1 GB each,
snapshotting all three states would take up 10.1 + (10.1 + 0.1 + 0.1) +
(10.1 + 0.1 + 0.1) = 30.7 GB space and proportional time to process
them. Furthermore, if the user would like to “study the distribution
of rows with missing values in dataset 9” (Query1) would require
loading the entire 10.1 GB snapshot. That is, snapshotting can be
inefficient for both saving and loading objects.

Limitation of byte-level deltas. Delta compression algorithms
like LZ77 [105], xdelta [64], and others [49, 89, 99, 100] encode the
differences of target byte string over reference byte string(s) [90].
For example, block move-based approaches [95] replace fixed-size
blocks of byte-string deltas between the target and reference. While
delta compression may reduce storage usage, it is slower than snap-
shotting because doing so requires both serializing the entire names-
pace and compressing the byte string each time. Meanwhile, loading
involves reading both reference and target-delta byte strings, apply-
ing the delta, and deserializing the entire namespace. Determining
the reference namespace byte string also remains an open question.

Our approach: structure-aware deltas. Instead, structure aware-
ness can both reduce the storage and time overheads significantly.
Suppose an object store detects that imputer only imputes 5% of the
dataset (0.5 GB), the storage would only need to store the original
dataset (10.1 GB), the imputed dataset (0.5 GB), imputer (0.1 GB),
and two versions of model (0.1 GB each), totaling 10.1 + (0.5 + 0.1 +
0.1)+0.1 = 10.9 GB—almost a 3x reduction over snapshotting. Being
aware of unrelated objects, the object store could filter out and
bypass serializing those objects. Moreover, structure-aware deltas
would allow precisely loading the relevant parts, e.g., when model



In section:
Accessed vars) ¢
Notebook | [ | Namespace, ¥V = oo -
" - : i 848
time ID Active Active vars. | Pods H
Kernel > save | ——> ; : — L Podder | Change Detector |, ¢
Variable Filter H \\ %,
Tracker Active vars. Object |Podding state | ' Podding action DANGA
1 1 %
i Code, - : Podding thread N
Active Var. Locks - Static ! Podding g !
1 Optimizer T T TTTTTTT T s
Unlock active vars. Code Checker 1 P 1 “06\0
Nam ! 1 ™
dINESPAc Variable names, time [D - To---———--—--= Pod IDs w7
< BV > ]
|  load | | Unpodder Synonym Resolver [4—{god
Loaded namespace Pods ) Storage

Figure 4: Chipmink’s system architecture and interactions with computation notebook systems and the underlying storage.
This data flow diagram illustrates Chipmink’s partial saving and loading (§4, blue components), podding optimization (§5,
orange components), and safe unblocking for uninterrupted exploration (§6, green components).

points to 25% of the dataset, answering Query1 and Query2 would
load only 10.1 GB and (2.5 + 0.1) + (2.5 + 0.1) = 5.2 GB respectively.

3 SYSTEM OVERVIEW

This section presents interface (§3.1), system architecture (§3.2),
data model (§3.3), and the equivalence guarantee (§3.4) of Chipmink
to set the context before delving into technical details.

3.1 User APIs

With Chipmink, users can store and restore states through save
and load APIs. When the user invokes save(namespace: NS) ->
TimeID on a target namespace, they receive a TimeID. Later, the user
can refer to this TimeID through load(names: set[str], time_id:
TimeID) -> NS to restore the namespace. For example, knowing
Chipmink, a user could save the states of the original df:101 (in
state@101) preprocessed through a Spark pipeline, an initial model
model:102 (in state@102), and an alternative model model:103 (in
state@103). Later on, the user is able to quickly load df:101 to an-
swer Query1 without re-executing the Spark pipeline. For Query2,
the user can swiftly restore just model:102 and model:103 without
loading the entire namespace.

3.2 System Architecture

Fig 4 illustrates Chipmink’s architecture and interactions. Chip-
mink reads and writes to the runtime kernels (e.g., IPython’s kernels
for Jupyter). It also instruments namespaces for additional infor-
mation and access control for safety. Chipmink stores its data in
an underlying storage (e.g., key-value store). Chipmink comprises
many components, enabling partial saving and loading, optimizing
podding decisions, and safely unblocking exploration.

Partial saving and loading. Effective partial saving in Chipmink
involves three steps: (1) identify the variables to save (Tracker and
Active Variable Filter, §4.3), (2) decompose the variables’ depen-
dent objects into multiple pods (Podding, §4.1), and (3) detect the
pods that have changed to be written to storage and link those
unchanged with their synonymous pod IDs (Change Detector, §4.2).
Inversely, Chipmink reverts the process to partially load a set of
variable names: (1) resolve synonymous pods (if any) and read-
only relevant pods from underlying storage (Synonym Resolver,
§4.2), (2) assemble deserialized data from pods into original objects
(Unpodinng, §4.1), and (3) send back the requested variables.

Intelligent podding optimization. Podding optimization instructs
the podding process on how to decompose objects being saved.
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Given an object and the current podding state, the podding opti-
mizer assesses different courses of action by calculating their antici-
pated costs and takes the best course of podding action. §5 presents
the core of the optimizer: Learned Greedy Algorithm (LGA).

Concurrency for safe unblocking. Chipmink unblocks code exe-
cutions as soon as possible and allows access to variables unrelated
to the current saving. After identifying relevant variables being
saved, it offloads the rest of the podding process into a podding
thread (§6.1) and protects the relevant variables via namespace locks
(§6.2) while allowing code executions to continue accessing other
variables. It also automatically checks for read-only code executions
(§6.3) to grant users free access to all variables.

3.3 Data Model

This section covers Chipmink’s conceptual model for capturing
interdependent objects and useful for discussions on partial saving
and loading, object splitting, as well as asynchronous saving.

Namespace, objects, and variables. A namespace is a collection of
objects and their names. These named objects are interchangeably
called variables. Fig 5 shows an instance of a namespace, 5 variables,
and 9 objects. An object u may (directly) depend on another object
v if and only if object u has a reference to object v.

Object graph. ObjectGraph is a labeled and rooted directed graph
G = (U, E,V, ) where each node u € U represents an object and
a directed edge e = (u,v) € & implies that object u directly depends
on o. V C U is the set of variables (named objects) whereas the
variable naming function ¢ is a mapping from a string variable
name to its variable u € V. ObjectGraph considers the namespace
dictionary object ! the root of the graph.

Code execution. A code execution Exec runs a code block C (e.g.,
Python statement(s)) on the current state G to create a new state:
Exec(G,C) = G* = (U, E",V*,¢%). Depending on the context,
code execution is also interchangeably called “cell execution,”
gram execution,” or simply “execution.”

We presume the code execution locality: a code execution can only
change the objects and dependencies connected to the variables
accessed in the code block.? For example, code execution can change
the “title” object of a figure by accessing and using any connected
variable like ax or plt and not by accessing unconnected variables
like __name__. Let V¢ be the set of accessed variables in C, an

pro-

IThe object returned from IPython kernel’s globals().
’Dismissing unsafe pointer arithmetics and dereferencing which are rare in data
science programs and libraries.
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Figure 5: An instance of ObJectGraph. Namespace consists
of objects U (circles) and dependencies & (arrows) between

them. Each variable naming ¢ (blue dash line) connects a
variable name (rectangle) to its object v € V (blue circle).

object u € U does not change (i.e., u € U") if the object u is not
connected to any accessed variable v € V. Similarly, a dependency
e = (u,u’) € & does not change e = (u,u’) € &*, if object u or v’ is
not connected to accessed variables v € V.

Pod dependency graph. As a result of podding, Chipmink pro-
duces a pod dependency graph or PodGraph G, = (U, E,) based on
ObjectGraph. Here U, is the set of pods each containing a disjoint
partitioning set of objects from ObjectGraph G = (U, E, V., ¢), i.e
Yup,vp € Up,up # vp,up N0, = @ and U,ZP u, = U. An edge
ep = (up, Z)p) exists in &, if and only if an object in the source
pod u, has an edge to an object in the destination pod v, i.e.,
Fu € up, Jv € vy, (u,0) € &. PodGraph is useful for prefetching
dependent pod bytes during unpodding, identifying active variables
(§4.3), and safely locking variables being saved (§6).

3.4 Equivalence Guarantee

Chipmink guarantees to store and load the same objects when their
serialized representations are equal. Serialization Ser transforms an
ObjectGraph G into a byte stream Ser(G) = B that can written to
storage. Conversely, deserialization Deser reverts the byte stream
back to the ObjectGraph Deser(Ser(G@)) = G. Chipmink’s guarantee
based on serialized representations is consistent if deserialization
is consistent: deserializing the same byte stream produces the same
object Deser(B) = Deser(B’) if B = B’. In Python, Pickle [40]
as well as its extensions like Dill [66, 67] and Cloudpickle [25]
are examples of serialization protocols that correctly operate with
ObjectGraph. Our notion of equality is similar to Li et al. [61] where
both value and structural information are considered.

Serialization equality. Two ObjectGraph G, and G, are equiva-
lent under the serialization equality if and only if Ser(G,) = Ser(Ga).
On the contrary, we define dirty/changed/modified/mutated Object-
Graph G as a ObjectGraph with a different serialized byte stream
with respect to its previous state G’: Ser(G) # Ser(G’).

4 ENABLING PARTIAL SAVING AND LOADING

Chipmink achieves a partial saving of modified objects and loading
of variables through a novel concept called podding that groups
objects into pod(s) (§4.1). Chipmink detects changes in the serialized
bytes of pods over time and only saves changed pods (§4.2). To
reduce overheads, Chipmink utilizes a novel filtering technique to
identify variables accessed directly and indirectly (§4.3).

4.1 Podding and Unpodding

Podding. Chipmink leverages a novel concept named podding
which partitions ObjectGraph’s objects into multiple pods, each
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(a) Bundle

(b) Split-continue

(c) Split-final

Figure 6: Different podding decision actions on the same
current object (orange circle), parent pod (grey round box),
and new pod (blue round box) if any.

producing its byte stream (a.k.a. pod bytes) via a serialization proto-
col, tagged with a pod ID. Each pod ID and pod bytes form a unit of
data to be written to a storage. With ObjectGraph divided into pods,
Chipmink can incrementally save the namespace by isolating and
writing only changed pods. Furthermore, Chipmink can partially
load by reading and unpickling only the necessary pods.

As the serialization protocol traverses through objects in Object-
Graph in depth-first order,® podding also observes the objects and
consults podding decision on how to construct pods. On each object
in ObjectGraph, the podding decision selects either one of three
podding actions to (1) bundle the object with the current pod, or (2)
split the object into a separate pod. In case of a split, the podding
decision also decides whether to (a) split-continue which splits
the object and recursively continues applying the podding decision
on descendent objects, or (b) split-final which splits the object and
skips further podding on descendent objects (Fig 6).

Chipmink’s efficiency in incremental saving and partial loading
hinges on a good podding decision. Naively splitting each object
into separate pods introduces tremendous pod management over-
heads while using one pod for the whole graph reverts podding
and disregards partial saving and loading opportunities (see §8.7).
We will shortly derive an intelligent optimization to discover the
optimal podding decision (§5).

Unpodding. As opposed to podding that splits objects, unpodding
assembles objects back together during loading. Chipmink watches
for relevant pod IDs in the byte stream. When one is found, Chip-
mink reads the associated pod bytes from storage and recursively
deserializes the pod bytes.

Base serialization. Chipmink applies to any serialization protocol
that supports (explicitly or implicitly) a mechanism to serialize de-
pendent objects to multiple byte streams. Currently, we implement
Chipmink to be fully compatible with Pickle [40] as well as its
extensions like Dill [66, 67] and Cloudpickle [25].

Encoding references within and across pods. Chipmink needs a
special protocol to encode shared references across pods because,
for Pickle-like serializations, memo IDs—numbers denoting object
references—must be natural numbers for references within pod and
the total number of objects is unknown during serialization.
Chipmink implements a virtual memo space that denote refer-
ences for serialized data using virtual memo IDs while uniquely
associating object references to global memo IDs. In this proto-
col, virtual memo IDs for within-pod references are the original
natural-number memo IDs, while those for across-pod references
are their global memo IDs plus 2*!. To uniquely associate refer-
ences to global memo IDs, each pod allocates page(s) of B global

3By following reduction path depending on the object type, e.g., Pickle’s builtin save
functions, __getinitargs__, _ getstate__, __reduce__, etc.



memo IDs in range [J;, §; + B) dynamically as needed. As the pod
encounters a new object reference, it associates the reference to
a global memo ID in the allocated page. Chipmink persists these
page offsets {d;} as metadata. Therefore, given a virtual memo ID,
Chipmink can retrieve the object reference stored at the global
memo ID calculated by Equation (1).

Oi+, if Myirtual < 23

Mglobal (Myirtual) = {

31 : 31
Myirtual — 277, if Myirtual = 2 (1)

where i = | Myirtual / B] and r = Myjrrual mod B

4.2 Change Detector and Synonym Resolver

Chipmink aims to detect changes in pod bytes based on the seri-
alization equality (§3.4). Changed pods signify new data to write
while unchanged pods present an opportunity to save storage.

Detecting new pods. To detect new pods, Chipmink maintains a
cache-like mapping structure in memory, named pod thesaurus, that
associates each written pod bytes to its pod ID. Pod IDs that share
exactly the same pod bytes are called synonymous pod IDs. Before
passing pod bytes to the underlying storage, Chipmink checks
whether the pod thesaurus is missing the pod bytes. If so, Chipmink
writes the pod bytes to storage, then inserts new pod bytes and pod
ID to the pod thesaurus. On insertion, the pod thesaurus may evict
unused pod bytes and pod IDs until it fits within its capacity. We
select the last in first out (LIFO) eviction policy for its simplicity.

Skipping and reading redundant pods. Otherwise, if the pod
thesaurus already contains the pod bytes (i.e., it was unchanged
from a prior write), Chipmink skips writing pod bytes and instead
notes down the synonymous pod IDs in the storage. On reading
a pod ID, if the pod ID is associated with a synonymous pod ID,
Chipmink reads pod bytes of the synonymous pod ID instead.

Thesaurus of hashes for lower memory usage. In place of exact
pod bytes, pod thesaurus can store the hashes of pod bytes with their
pod IDs. To avoid collision with high probability, the pod thesaurus
should hold only a limited number of pods while relying on a
large enough number of hash bits. For example, in our experiment
(§8), we use 128-bit xxhash and set the thesaurus capacity to 1 GB,
meaning it can hold 62.5 M (1 GB / 16 B) pods. Even after 1 billion
pods, such a capacity has a collision probability of only 1.8 x 10722,
In the rare case of a collision, Chipmink would raise an error on
load due to missing references and unpickling errors. Given the
execution history, one can recover by loading the previous state
and re-executing cells. Further safeguards (e.g., combining hashes
with checksums or length checks) can reduce collision risk further.

4.3 Active Variable Filter

Variables not referred to during code execution presents an oppor-
tunity to reduce change detection overhead further. We call these
unreferenced variables inactive variables and referenced variables
active variables. A variable is active when it is connected in Object-
Graph to an accessed variable in the recent execution Exec(G, C).
For example, in Fig 7, executing model.predict(...) accesses the
variable model so dataset, trainer, and model are active variables,
while fig and ax are inactive variables based on the ObjectGraph.

Based on §3.3, Chipmink can identify inactive and active vari-
ables by tracking namespace accesses and expanding from accessed
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Figure 7: Inactive, active, and accessed variables.

variables to active variables using PodGraph. Theorem 4.1 shows
that this mechanism is sufficient for determining active variables.

THEOREM 4.1. All active variables belong to pod(s) that are con-
nected to accessed variables’ pod(s) on the prior PodGraph.

Proor. Let 42t be any active variable, it is connected to an
accessed variable u** in G at a point in time by definition. We use
the following lemmas to prove the statement.

LEMMA 1. By code execution locality (§3.3), ifu,u’ € U are con-
nected in G, u is connected to v € V¢ in the prior G°.

LEMMA 2. By pod dependency graph properties (§4.1), ifu,0o € U
are connected in G, pods u, > u and v, > v are also connected in G,

While the proofs of lemmas are deferred, key assumptions and
properties give hints to derive them. By Lemma 1, u** is connected
to a v € Ve in the prior G°. By Lemma 2, it implies that u, 5 1

and v, 3 v**are also connected in the prior PodGraph Qg. O

5 PODDING OPTIMIZATION

For each object encountered during serialization, a podding opti-
mizer chooses the best podding action (whether to bundle, split-
continue, or split-final the object) to minimize storage cost. The
podding optimizer must be designed as an online streaming al-
gorithm to decide podding actions in one serialization pass per
saving to efficiently and generalizably handle large numbers of
objects of all types. This section proposes Chipmink’s podding
optimizer—Learned Greedy Algorithm (LGA)—by introducing an
abstract objective function (§5.1), modeling related uncertainties
(§5.2), formulating a podding problem (§5.3), and presenting the
algorithm (§5.4).

5.1 High-level Objective

LGA aims to minimize the storage cost by partitioning objects T
into pods U,. Based on performance profiles, the total podding
cost is dominated by (1) overheads per pod c,o4, including storage
overheads and additional podding time, and (2) rewritten pods due
to changed objects:
Up
L((L[pi g) = Z [Cpod + s(up) CI)(up)]

Up

@)

where cpoq is a constant overhead per pod, s(up) is the size of the pod
up, and ®(u,) is the random-variable number of times the pod u,
changes (modeled in §5.2). Here we make simplifying assumptions
that s(up) = S s(u) and the size of an object s(u) can be measured
through a function (e.g., sys.getsizeof ).

4This function does not exactly measure but provides a signal sufficiently correlated
with the size of the object after serialization.



5.2 Composable Volatility Model

To support LGA in weighing between podding actions, volatility
model predicts object mutations and estimates the mutations of
different poddings of objects. For these purposes, LGA represents
object mutations as a Poisson distribution widely used to model
event rates [24] Pois(A(u)) where the mutations occur A(u) < 1
times per code execution (i.e., rate of changes). This volatility model
guides LGA in separating volatile and non-volatile objects apart,
reducing unnecessary pod changes. Moreover, LGA can hypothesize
the volatility of a pod via Poisson’s composability A(u,) = S M)

While object changes may exhibit correlations with themselves
or across time (e.g., training vs. testing phases), our Poisson assump-
tion is a simplifying choice to minimize model and optimization
overheads. To address this limitation, future work may extend the
model and the subsequent algorithm to account for correlated or
higher-order statistics of object changes and study the resulting
effect of improved volatility model on the optimality gap.

Parameter estimation. To process millions of objects, LGA esti-
mates the per-object volatility A(u) based on lightweight and broadly
applicable feature extraction to arbitrary object types. We initially
profiled 14 such features (e.g., ID, scope, type-based functions, func-
tional tests, different measures of size) and measured their impor-
tance against tracked object changes on a few notebook samples..
The important features with high average gain [28] used to train
the final model are the object’s immediate size, object’s length (if any),
and the length of the object’s __dict__. Note that more sophisticated
domain-specific features (e.g., object role or code complexity) are
possible extensions, but the current choice is pragmatic for general-
ity. After training and validating many models, we find that gradient
boosting methods such as XGBoost [22] and LightGBM [54] per-
form well with compact models and settle with LightGBM for its
inference speed in our implementation.

5.3 Objective Function

With the composable volatility model, LGA substitutes ®(u,) =
Pois(A(u)) and optimizes the expectation of the probabilistic cost

function, L(Uy; G) = E[L(Uy; G)]:

Up Up Up
L(Up; G) = Z [cpod + Z s(u) Z /1(“)} (©)
up u [

Hardness. LGA’s podding problem is NP-hard, via equivalences to
a tree partitioning and subsequently a supermodular minimization,
a dual to the NP-hard submodular maximization problem [37]. We
defer the proof to our technical report.

5.4 Learned Greedy Algorithm

While it is possible to derive two-pass approximate solution from an
approximation algorithm (e.g., RandomizedUSM [16]) for submodu-
lar maximization, the additional serialization pass would double the
algorithm computation overhead and the algorithm would increase
the implementation complexity. Chipmink settles on a one-pass
greedy solution that discovers good podding solutions more quickly.

SThese notebooks are held out and not benchmarked against in the experiments.
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Algorithm 1: LGA decision, lga_action(u, up, Gp)

Input: Object u, current pod uy, current pod dependency graph G,
Output: Podding action a € {bundle, split-continue, split-final }

A Lyundie < s(up) X Aw) + s(u) X (A(up) + Au))

A-[:split < Cpod + s(u) X A(u)

pod_depth « PodDepth(up, Gp)

if A Lpundale < ALyl then return bundle

else if pod_depth < MAX_POD_DEPTH then return split-continue
else return split-final

= T S T R

One-pass greedy solution. Our one-pass greedy solution, LGA,
selects the podding action with the locally optimal cost. Given a
target object and the current podding state, it measures and com-
pares the additional cost to bundle A Lpyndle and the additional cost
to split A Lgpl;;. If the former is lower, it decides to bundle the object.
Otherwise, it decides to split-continue or split-final.

Bundling the object to the current pod makes the pod larger and
more volatile. The differences A Lpungle can be calculated as:

ALpundie = Loundie = L(Up; G)

ALbundie = [cpod + (s(up) + s@))(Aup) + Aw))]
= [epod + s(up)A(up)]

ALpundle = s(up)Au) + s(u)(Aup) + A(w))

On the other hand, split actions maintain the current pod’s cost

at the expense of an additional pod overhead instead (Equation (5)).

A-Csplit = Cpod * s)A(u) (5)

LGA selects split-continue if the distance between the pod and

the root pod is lower than a constant MAX_POD_DEPTH; otherwise,

it selects split-final. In addition, LGA memoizes previous podding

decisions for each object to regulate the composition across pods
and to reduce redundant computation.

6 MINIMAL BLOCKING FOR EXPLORATION

While Chipmink must ensure the consistency of active variables
and all their dependent objects during saving, it facilitates the user
to continue exploring data in parallel by capitalizing on two key
opportunities: when the exploration (1) accesses inactive variables,
or (2) only statically reads active variables. Chipmink concurrently
saves in a separate thread (§6.1) without locking inactive variables
(§6.2) and safely permits executions of static code (§6.3).

6.1 Podding Thread for Asynchronous Saving

Chipmink employs thread-based parallelism to concurrently save
active variables.® After identifying active variables, Chipmink initi-
ates a new podding thread to proceed with the remaining saving
steps, which include optimized podding, detecting changed pods,
and writing them to the underlying storage (see Fig 4). Currently,
Chipmink only allows a single concurrent save at a time; if the next
saving is requested before the podding thread finishes, it will have
to wait by joining the existing podding thread first.

®While standard Python currently executes one thread at a time due to the Global
Interpreter Lock (GIL), PEP 703 [45]—a formally accepted enhancement—is making
GIL optional, thereby enabling thread-based parallelism in the near future.



6.2 Active Variable Locking

Synchronization is necessary to protect active variables from being
altered while Chipmink is saving them to avoid data corruption.
Chipmink could opt to naively lock down the entire namespace
and concurrently save active variables. Nonetheless, this approach
mostly equivalently blocks subsequent execution except in rare
cases when executions do not access the namespace.

Locking active variables. After identifying accessed variables
(§4.3), Chipmink minimally locks active variables and leaves inactive
variables free for access. Instead of applying as many locks as the
number of active variables, two simple non-reentrant locks suffice:
one locking namespace I, to make the namespace thread-safe and
another locking active variables lyctive held during saving.

6.3 Safe Static Execution

Apart from accessing inactive variables, users should be able to
explore active variables if the exploration only reads those variables
statically without modification. Such exploration is said to be a static
execution over a static code.

Rather than laying the burden on users to declare static code ac-
curately, we should automatically and safely check for static codes.
In other languages such as Rust [85, 86] and C++ [30], one can
determine the static code through reference annotations; however,
this is neither supported nor common practice in dynamically typed
languages like Python. Alternatively, we can instrument every ob-
ject to watch for object mutations and acquire locks appropriately;
nevertheless, such fine-grained instrumentation is excessively ex-
pensive to implement.

Allowlist-based static code checker. Chipmink thus checks for
static code using allowlist-based static code checker (ASCC), which
utilizes an allowlist of patterns in the abstract syntax tree (AST)
that represents static code. Beyond syntactic information, ASCC
also utilizes types presented in the namespace at runtime, allowing
Chipmink to recognize more static codes. With an allowlist of rules,
ASCC parses out the AST from a given code and traverses through
AST nodes. At each node, ASCC searches for a rule in the allowlist
that matches the node’s subtree, e.g., subtrees corresponding to
print(x),df.head() (where df is a DataFrame), or np.mean(arr).If
anode does not match with any rule, the code is declared non-static.

While the allowlist is extensible by domain experts like the
users (e.g., to include static user-defined functions), Chipmink pre-
populates the allowlist with definitely static rules such as printing a
string, calculating a summation sum(...), and DataFrame.head().

7 DISCUSSION

This section analyzes the Chipmink’s correctness (§7.1), optimality
(§7.2), and stability (§7.3), as well as discussing generalizability to
other environments (§7.4) and implementation details (§7.5).

7.1 Correctness Guarantee

THEOREM 7.1. Ser{Unpod(Pod(G))) = Sen(G), establishing that
Chipmink ’s podding—unpodding preserves the original object graph.

Proor. The serialized representation Ser(G) is consisted of (1)
information within each pod and (2) information across pods. Let
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G’ = Unpod(Pod(G)), for the within part, podding produces sub-
graphs of G, and during unpodding, each subgraph in G’ is obtained
by deserializing the corresponding stored subgraph from G; thus
each subgraph in G’ is serialized-equivalent to its counterpart in
G. For the across part, Chipmink records all inter-pod references
exactly during podding and replays them during unpodding, en-
suring that these references in G’ match those in G. Since both
the internal content of each subgraph and the inter-subgraph refer-
ences are identical in G’ and G, we have Ser(G’) = Ser(G), proving
that Ser(Unpod(Pod(G))) = Ser(G). O

7.2 Approximate Optimality
THEOREM 7.2. Let £X6A be LGA’s cost and L* be the optimal cost,

LA < (1+a) L* where = min {cpod/(Zy),\/cpod/(16,usy,1)} is

defined by average sized volatility y = ﬁ > s(W)A(u), average size
Hs = % > s(u), and average volatility jiy = ﬁ S Auw).

Proor. The relative error is derived from the ratio of a lower
bound of the optimal cost £* and a upper of bound LGA cost LA,
For a non-empty graph, any podding solution must incur at least
Cpod + Dy sSWA(u) < L* < L6 A upper bound is derived from
Lemma 3, similarly to DeterministicUSM’s approximation [16].

LemMa 3. LGA has a worst case cost: L1 < 1(L£* + L11),

The deferred proof considers the minimization of the submodular
dual f = L1t — £ > 0 where L1 = |U|(cpod + ). m]

7.3 Podding Stability

We define podding stability as the similarity in pod assignments be-
tween two consecutive executions of the podding algorithm on over-
lapping object sets. Let U; and U, be two sets of objects. Given two
mappings of podding decisions A : U; — {split, bundle, split-final}
and similarly A, define podding similarity between A; and A; as

. _ Hue U n Uy | Ay(u) = Ax(w)}|
Sim(A;, A;) = YTARXTA (6)

Under LGA, the podding is stable, Sim(A;, A;+1) = 1. Because LGA
memoizes past decisions, it acts as if all objects in U; arrive first,
followed by all objects in U;.1 \ U;. In this order, LGA—a one-pass
deterministic algorithm—reproduces exactly the same decisions for
U; N U1 € U; in both runs, yielding Sim(A'i'GA,ALGA) =1.

i+1

7.4 Generalizability and Portability

Chipmink ’s abstractions and architecture are designed to gen-
eralize beyond the Python runtime and port to other language
ecosystems. As discussed in §3.3 and §3.4, Chipmink requires two
key properties from the host environment: (1) a serialization proto-
col that can express object structure and shared references, and (2)
code execution locality. These requirements are satisfied by many
modern runtimes. For example, Java and Rust are natural targets
due to their built-in serialization protocols [29, 33], well-defined
object identity, and controlled memory models. C++ is also compati-
ble in principle, but requires programmer cooperation—specifically,
disciplined use of pointers and the adoption of sufficiently generic
serialization. Python is an ideal starting point for Chipmink due to
its popularity, persistence needs, extensibility, and generic built-in



Table 1: Real notebooks: five benchmark notebooks for evalu-
ation and three training notebooks for volatility model (§5.2).

Table 2: Real Python scripts in our dataset with their topics,
dataset sizes, and numbers of checkpoints and objects.

Notebook Topic Dataset # Ckpts  # Objects Script Topic Dataset  # Ckpts.  # Objects
skltweet [96]  Sentiment analysis 185 MB 44 155K netmnist [78]  Digit classification 116 MB 43 27K
aidcode [46] EDA codes and comments 4.2 GB 21 20 M rlactcri [80]  Reinforcement learning N/A 256 94 K
agripred [84]  Drought Image classification 6.8 GB 15 214 vaenet [79] Image auto-encoding 116 MB 15 3.1K
msciedaw [9] EDA single-cell integration 27 GB 28 424K tsegpred [81]  Time sequence prediction 24 MB 46 52K
ecomsmph [63]  E-commerce data mining 14 GB 41 35M wordlang [83]  Language modeling 12.3 MB 83 35K
buildats [88]  Asset trading strategy 303 MB 42 210K . . .

storesfg [14]  Time series forecasting 119 MB 38 90K storesfg, and itsttime. On the other hand, we retrieve real Python
itsttime [97]  Sport forecasting 163 MB 54 161K scripts netmnist, rlactcri, vaenet, tseqpred, and wordlang from

serialization (e.g., Pickle), which made it a natural environment to
prototype and evaluate our ideas.

7.5 Implementation

We implement Chipmink in Python. Our podding inherits from
Dill [66, 67] as the serialization base for its extensive coverage of
all objects in our dataset; however, we have also tested Chipmink
on Pickle [40] and Cloudpickle [25] with similar results. For this
evaluation, we set the thesaurus size to 1 GB (much larger than
needed in experiments), cpod to 1200, and MAX_POD_DEPTH to 3.

We train a LightGBM [39] as the composable volatility model A
onbuildats, storesfg, and itsttime by bootstrapping the podding
process to collect the mutation object samples. We obtain over 470k
object samples where 7.3% of those are mutating objects.

8 EXPERIMENTS

This section empirically evaluates Chipmink and its components
on real notebooks with our reproducibility package published 7.
Our experiment pipeline shows that:

(i) End-to-end Performance. Chipmink offers drastically faster
and more compact saving (§§ 8.1 to 8.3) and loading target variables
(§8.4). We further analyzes Chipmink performance on parameter-
ized benchmarks §§ 8.5 and 8.6 to reveal its versatility.

(ii) Generalizability and Internals. Chipmink can handle real-
world workloads well due to the combination of its internal com-
ponents. To study their contributions, we perform ablation studies
including those for podding (§8.8), podding optimization (§8.7),
asynchronous saving (§8.9 and §8.10), and storage layer (§8.11).

Setup. Our testbed is a NUMA machine with 2x AMD EPYC 7552,
1 TB RAM, and about 800 GB of free disk space (SSD) to accommo-
date ecomsmph experiments on inefficient baselines. Nonetheless,
all experiments on Chipmink are possible with at least 12 GB of
free disk space (not including dataset) and 32 GB of RAM. We run
all experiments under a Ubuntu 22.04 Docker container running
Python 3.12 without GIL? to enable thread-based parallelism.

Dataset. Our dataset consists of eight real computational note-
books (Table 1) and five Python scripts (Table 2). The testing note-
book dataset includes skltweet, ai4code, agripred, msciedaw, and
ecomsmph, ranging from hundreds to tens of millions of objects,
from exploratory data analysis (EDA) to image classification.. Three
notebooks with relatively fewer objects and smaller state sizes are
held out as training notebooks for the volatility model: buildats,

"https://github.com/illinoisdata/pod
8https://github.com/colesbury/nogil-3.12-final
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the PyTorch showcasing repository® for their completeness, con-
ciseness, and diversity in data science topics and insert checkpoints
to save all variables in global and local namespaces.

Baselines. We include several object store baselines to verify the
effectiveness of Chipmink and its techniques. Dill saves snapshots
of the namespace after cell executions serialized by Dill [66, 67]. On
partial loading, it loads the entire snapshot and selects only target
variables. As a part of the Python standard library, Shelve [41] nat-
urally offers persistent namespace through its dictionary interface.
To handle loading past states, we save versioned variables as entries
<tid>:<variable_name>in a single Shelve database. For ZODB [43],
two approaches are valid to enable time traveling: ZODB and ZODB-
Hist. In ZODB, we save variables as entries where different versions
of variables are stored under separate database paths. Instead of
the separation, in ZODB-Hist, we store different versions all under
one database path and load past variables through the historical
connection feature [42]. Finally, CRIU [31] is a middleware check-
point/restore system. To checkpoint Python namespace, we use
CRIU to save a forked Python process having the target namespace
and then load the persisted process to extract target variables. We
limit the maximum storage usage to 768 GB and terminate early
when the system exceeds the limit.

8.1 Chipmink Lowers Storage Requirements

This experiment demonstrates whether Chipmink lowers the stor-
age space required to store namespace states.

More compact storage. Chipmink reduces the storage usages to
5.7-36.5% smaller than the best baseline on notebooks and 1.4-29.3x
smaller on scripts (Fig 8a). Most impressively, users can checkpoint
ecomsmph through Chipmink using only 12 GB of disk space while
they need to set aside 426 GB of free disk space when using the
best baseline (Dill). A higher storage saving compared to baselines
(e.g., in ecomsmph and tseqpred) indicate that the notebook/script
mutates a small part of the object graph, and vice versa (e.g., in
aidcode and rlactcri). On the other hand, Shelve uses the most
space across datasets, because of its poor handling of shared refer-
ences resulting in both incorrect and duplicate data. For example, in
msciedaw, Shelve breaks the reference from analyze_multiome_x to
cell_summary, resulting in an inconsistent state after loading where
analyze_multiome_x does not update cell_summary as it should.

Effect of mutation rate. We further analyze which types of tasks
benefit most from Chipmink by grouping our benchmarks by their
estimated mutation rates, i.e., the fraction of objects modified per
checkpoint. At very low mutation rates (< 2%), such as in ecomsmph

“https://github.com/pytorch/examples
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Figure 8: Chipmink stores all variables with 5.7-36.5X smaller storage on notebooks and 1.4-29.3x smaller on scripts than the
best baselines. The plots show the total storage required when saving all variables in the namespace at different points in time.
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best baselines on computational notebooks while remaining competitive with the fastest baselines on scripts.
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Figure 10: Stepwise breakdown of Chipmink’s saving time. Figure 11: Compression helps but Chipmink remains neces-

(0.3%), tseqpred (1.2%), and skltweet (1.7%), only small batches sary to efficiently store massive object graphs (e.g., skltweet).

or short-lived tensors change per step. In these cases, Chipmink 8.2 Chipmink Saves Objects Quickly
achieves the largest gains—up to 36.5X over the best baseline—
because pods precisely capture fine-grained dispersed updates that
existing storages cannot. At low but broader mutation rates (2-
10%), including vaenet (4.6%), netmnist (6.7%, and msciedaw (7.3%),
model weights and partial dataset scans are updated between check-
points; here, Chipmink still consistently outperforms baselines by
one order of magnitude. For medium mutation rates (10-15%), as in
agripred (10%), and aidcode (13%), more of the graph is touched
(e.g., convolutional feature maps or recomputed EDA statistics),
reducing relative savings but still showing clear efficiency improve-
ments. Finally, at higher mutation rates (> 15%), such as inwordlang
(27%) and rlactcri (70%), most objects are updated between check-
points (language model activations, reinforcement learning buffers),
where Chipmink ’s advantage shrinks but remains non-trivial (1.4
3.5%). These results demonstrate that Chipmink is effective for
ML training and data analysis tasks with dispersed, fine-grained
updates, while retaining meaningful efficiency even when large
portions of the object graph are modified.

Next, we test whether Chipmink reduces the perceived saving
latency. Here we measure the perceived saving latency by timing
all execution delays including the times to synchronously save and
acquire locks (if any).

Lower perceived saving latency. eCDF plots (Fig 9) describe (1)
proportions of saving latencies above/below a length of time, (2) la-
tency percentiles, and (3) total latency speedups. For example, Chip-
mink users would not perceive any saving latency beyond 23 sec-
onds (75th percentile think time [102]) on skltweet, agripred, and
msciedaw, but would on 7/21 and 4/41 cell executions on ai4code
and ecomsmph respectively. In all notebooks, half of the cell execu-
tions are not blocked by Chipmink more than 1 second, as opposed
to the median saving latencies between 3 seconds (agripred) and 16
minutes (ecomsmph) of the best baseline. Measurements on Python
scripts reveal similar patterns; however, Chipmink’s podding over-
head can be observed when the namespace is small (e.g., netmnist
and vaenet) or when most variables are connected (e.g., wordlang
through its token dictionary).
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Figure 13: Storage and save time when the notebook mutates

1 GB of data over 10 cells at varied rates. The dotted lines
display the mutation fraction averaged over 5 real notebooks.

Latency breakdown. Fig 10 shows a stepwise breakdown of Chip-
mink’s time cost. The dominant costs arise from Python Pickle’s
serialization (e.g., 83.7% in ecomsmph, 99.9% in agripred) and from
LGA (e.g., 65.3% in aidcode), where the latter is dominated by eval-
uating the volatility model A over millions of objects. Other steps
such as I/O and index maintenance are negligible (< 5%). These
results suggest clear optimization opportunities: a more lightweight
volatility model, parallelized object serialization, or more efficient
serializers could further reduce latency.

8.3 Chipmink and Byte-Level Compression

While byte-level delta techniques such as LZ4 [105] and Xdelta [64]
can help reduce storage size, they do not address the inefficiency
of storing massive evolving object graphs. As shown in Fig 11,
Chipmink remains necessary to quickly and compactly capture fine-
grained object deltas. Nonetheless, Chipmink is fully compatible
with compression: applying LZ4 to pod data further reduces storage
footprint. In any case, compression’s effect on saving time varies
depending on its overhead and I/O reduction.

8.4 Chipmink Loads Target Variables Quickly

This experiment tests whether Chipmink can load target variables
quickly. After saving all states, we randomly select a target cell ID
one by one and request loading the variables accessed in the cell.

Faster loading. By avoiding loading irrelevant variables, Chipmink
loads target variables with less delay than Dill, ZODB-Hist, ZODB,
and CRIU (Fig 12) whose loading times depend on namespace sizes
rather than requested variable sizes. Shelve performs just as fast;
however, users should beware of Shelve’s broken shared references.
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Figure 14: Storage and save time as namespace size scales.

8.5 Chipmink Captures Partial Changes

This experiment examines whether Chipmink’s storage usage and
saving times grow proportionally to object mutations. It syntheti-
cally creates a notebook with 100 lists containing 100k byte strings,
each of size 100 bytes (total namespace size is roughly 1 GB). Over
the next 9 cells, the notebook mutates a fraction of the lists varied
from 0% to 100%.

Closely captured object mutations. As expected, Chipmink’s

storage usage and saving time match with mutation fractions (Fig 13).
As objects mutate more from 0% to 100%, Chipmink’s storage usage

scales from 1 GB (the original namespace size) to 10 GB (all objects

always change), converging to snapshotting methods like Dill and

ZODB-Hist (Fig 13a) For this namespace structure, Chipmink’s sav-
ing time is faster than baselines when about 35% of objects mutate

and is slower than Dill when more objects mutate (Fig 13b).

8.6 Chipmink Scales with Data Sizes

This experiment studies how Chipmink’s storage and saving times
grow as the number of objects increases. It creates (1) a small-scale
notebook with 2 cells that randomly mutate {1, 2, 3} lists containing
{1, 2, 3} byte strings, each of size 100 bytes, and (2) a normal-scale
notebook with 10 cells that randomly mutate 1% of 100 lists contain-
ing {1, 10, 100, ..., 1M} byte strings, each of size 100 bytes.

Scaling with mutation rate. Chipmink scales both performance
dimensions linearly with the number of objects (Fig 14). At a
small scale, we measure Chipmink’s metadata of around 600 bytes
(Fig 14a). As object count increases, Chipmink’s storage usage con-
verges to the ideal storage usage as we observe in §8.5. In terms
of saving time, Chipmink has a 1.3 ms overhead, making it slower
than Dill and ZODB-Hist at small scale (Fig 14b). As object count
increases, Chipmink saves quicker than all baselines by leverag-
ing inactive variables. In this synthetic benchmark (1% mutation),
Chipmink’s throughput is around 1.16 million objects per second.



BundleAll SplitAll Random TbH LGA-0 [——]LGA-1 LGA (Ours) ‘
g 102 Failed - ——Failed =z 10 Fnilled Fkli]ffdl
0 I il 1 f i H 1 H = 10! ! !
BaE=siiin[R] Bi WEEIT R R R
< 107! _ : il Al Alila! : ALl < 10~! ﬂ ‘Hﬂa LANIE ﬂﬁ i A ; E LR
skltweet ai4code agripred msciedaw  ecomsmph skltweet ai4code agripred msciedaw  ecomsmph
grip; P grip p.

(a) Total storage usage

(b) Average saving time
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lines indicate loose theoretical lower bounds of the optimal storage costs. The Exhaustive baseline is studied in Fig 14.

X
>
S NoCD/AVF
OnlyCD
OnlyAVF
Chipmink

skltweet

aidcode  agripred msciedaw ecomsmph

(b) Average saving time

Figure 16: Change detector (CD) and active variable filter (AVF) both contribute to storage savings and speedups.
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Figure 17: Asynchronous saving reduces saving time further
with active variable locking (AVL) and allowlist-based static
code checker (ASCC). Chipmink applies both AVL and ASCC.

Optimality at small scale. Compared to the exhaustive search
(i.e., trying all 29¢5°n combinations of podding decisions), Chip-
mink finds > 99.19% optimally compact solution made by the ex-
haustive search (Fig 14a). Unfortunately, as podding is an NP prob-
lem, we can only afford to test the exhaustive search at a small scale;
at 18 decisions, Exhaustive takes 1.3 hours to execute (Fig 14b).

8.7 Quality of Internal Podding Optimizer

This experiment tests whether Chipmink’s podding optimizer LGA
can group objects during podding more compactly and quickly than
6 following alternative podding optimizers. (1) BundleAll bundles
all objects. (2) SplitAll splits objects into their pod. (3) Random ran-
domly samples actions uniformly. (4) TbH is a type-based heuristic
tuned manually through extensive benchmarks . (5) LGA-0 and (6)
LGA-1 refer to the learned greedy algorithm (LGA) with inaccurate
volatility models A ga-o(#) = 0 and A ga-1(u) = 1. Although the
podding problem is an NP problem, we gauge the optimal storage
requirement with a loose theoretical lower bound: the maximum
namespace size of the notebook (in bytes).

Still more compact storage. LGA consistently produces smaller
storage solutions across all notebooks (Fig 15a). On some notebooks,
SplitAll and TbH are competitive methods in terms of storage usage.
In addition, the gaps between Chipmink and LGA-0/LGA-1 suggest
the importance of the volatility model. Compared to the loose lower
bounds of storage costs, LGA finds near-optimal podding solutions
on skltweet and ecomsmph while occupying 3.4x, 1.8%, and 2.0x
larger storage for ai4code, agripred, and msciedaw.
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Table 3: Allowlist-based static code checker (ASCC) varies in
its recall and accuracy, but never produces a false negative.

Notebooks Precision Recall Accuracy #Stable Ser.
skltweet 100% 57.1% 86.4% 38
aidcode 100% 100% 100% 7
agripred 100% 100% 100% 8
msciedaw 100% 100% 100% 3
ecomsmph 100% 50% 91.7% 11

Still faster saving. Furthermore, LGA makes decisions quickly
without significant time overhead (Fig 15b). BundleAll is competi-
tively fast in this regard because it reverts to picking altogether, but
it remains slower due to ineffective podding. Conversely, SplitAll
and Random are much slower and sometimes time out since they
split objects into too many pods for Chipmink to process.

8.8 Impact of CD and AVF

This experiment validates design decisions in §4 where baselines
NoCD/AVF, OnlyCD, and OnlyAVF accordingly enable and disable
change detector (CD) and active variable filter (AVF). By comparing
to NoCD/AVF, OnlyCD and OnlyAVF saves 4.2-11.7X and 1.4-13.8X
storage (Fig 16a) with no clear winner (e.g., OnlyCD in msciedaw,
OnlyAVF in ecomsmph), suggesting that both play crucial roles in
Chipmink’s effectiveness. Change detector helps skipping writ-
ing many synonymous pod bytes to storage, while active variable
filter removes metadata overheads to manage synonymous pods.
On the other hand, active variable filter (i.e., OnlyAVF and Chip-
mink) effectively bypasses object serializations, and thus, is crucial
for the reduction in overhead time 2.2-11.1X faster compared to
NoCD/AVF. In this aspect, the change detector can only cut down
the I/O time, smaller compared the time to serialize the massive
number of objects in most notebooks, except agripred.

8.9 Impact of Asynchronous Saving

To study the effectiveness of asynchronous saving techniques, we
implement Chipmink without asynchronous saving Sync, and two
ablation baselines OnlyAVL and OnlyASCC as Chipmink with and
without active variable locking (AVL) and allowlist-based static



7777 snapshot [T DillNeod SplitAll:Neodj Chipmink:Neodj  [77777 Chipmink
103 Failed

e 2 '

L 10 [ 1

g 10 ] : 1
i R R B

e 1071 1in ! tlh C H

skltweet ai4code agripred  msciedaw ecomsmph

Figure 18: Storage usage of graph object stores under different
configurations: without delta identification (Dill:Neo4j), with
naive delta identification that splits all objects into separate
pods (SplitAll:Neo4j), and with our LGA (Chipmink:Neo4j).

code checker (ASCC) described in §6. Despite the quick succession
of cell executions in our benchmark, both asynchronous saving
via active variable locking (AVL) and allowlist-based static code
checker (ASCC) are required to improve Chipmink’s distribution
of saving times over synchronous saving Sync (Fig 17).

8.10 ASCC Accuracy

We evaluate the allowlist-based static code checker (ASCC) across
our benchmark notebooks by confirming the equality in serialized
bytes (Table 3), only in cases when pickled bytes are deterministic
(noted as numbers of stable serialization). ASCC achieves 100%
precision in all cases, meaning it never produces false positives;
this correctness guarantee ensures that any code cells it flags as
static are indeed safe to execute with an ongoing saving. However,
recall varies across workloads, ranging from 50-100%. For example,
in skltweet ASCC only identifies 57.1%, leaving 42.9% unrecognized
for potential optimization. Overall, ASCC is conservative by design:
it guarantees correctness by avoiding false positives, while false
negatives highlight directions for extending the checker to better
capture stability patterns in complex notebooks.

8.11 Comparison with Graph Storage

This experiment highlights the importance of Chipmink for stor-
age efficiency in graph object stores. Without delta identification,
Dill:Neo4j consumes substantially more space, redundantly writing
large portions of the object graph. Chipmink remains necessary to
significantly reduce storage over the naive strategy (SplitAll:Neo4j)
by grouping co-mutating objects. The choice of backend store
makes only a small difference in space: Chipmink:Neo4j uses at
most 17% more storage than Chipmink (LGA with a specialized
key-value store). Saving latency is a bigger differentiator: Neo4;j
is currently slower by up to 104X, 59%, and 58x for Dill:Neo4j,
SplitAll:Neo4j, and Chipmink:Neo4j respectively, compared to Dill,
due to the cost of updating millions of objects or pods as indi-
vidual nodes at each save. We expect this gap can be narrowed
by improving Neo4j’s batch write interface and by implementing
write-optimized data structures.

9 RELATED WORKS

This section lists and discusses related works to Chipmink in the
context of object storage and persistence for computational note-
books, temporal exploration, and podding optimization.

Python object storages. Only a few Python object stores correctly
persist interdependent objects but none implement a partial ob-
ject store. ZODB [43, 57] is a mature object storage that correctly
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handles object references [106] with many database features like his-
torical connection and concurrent transactions. Meanwhile, other
object storages only support simplified object types. For example,
Shelve [41], redis_shelve[52], and Chest [65] (no longer maintained)
do not support shared references across entries. pySOS [11] and
pickleDB [34] (despite its name) only support JSON-able objects.
Nonetheless, to the best of our knowledge, all of the existing works
store snapshots of the objects in their entirety; Chipmink is the first
Python object store that partially saves and loads objects, making
temporal exploration feasible.

Object databases. Object-oriented database management systems
(OODBMS) (e.g., [8, 17, 27, 50, 56, 72, 74]) may seem like natural
solutions for an object store. However, these OODBMS’es mainly
focus on relaxing the first normal form (1NF) [26] to manage user-
defined complex structures, rather than persisting general execution
states with rapid mutations addressed by Chipmink. As a result,
relying on an OODBMS may restrict users to a few object types,
require manual work, and incur excessive storage overheads.

Graph databases. Graph databases like Neo4;j [4] and Dgraph [1]
primarily support storage of the current graph state, offering only
coarse-grained versioning through transaction logs or application-
level timestamping [10]. Object—graph layers such as Neomodel and
Renesca for Neo4j [5, 6] and GQLAlchemy for Memgraph [2] pro-
vide higher-level APIs but do not change the underlying storage se-
mantics, and thus inherit the same limitations in fine-grained delta
tracking. Similarly, newer systems such as Kuzu Graph Store [3]
are designed for efficient graph queries but still operate at ver-
tex/edge granularity. Temporal graph systems extend these designs
by recording historical states using either model-based encodings
(timestamped nodes/edges) or snapshot-based checkpoints [18—
20, 47], where their coarse-grained storage would incur significant
overheads at the scale of fine-grained evolving object graphs. In
contrast, Chipmink proposes a delta identification over evolving
in-memory (i.e., out-of-storage) graphs : its podding algorithm pin-
points fine-grained changes across millions of objects , achieving a
level of efficiency and precision that coarse-grained existing graph
database techniques cannot provide.

10 CONCLUSION

Through our novel idea of subgraph deltas, Chipmink is an object
store with an efficient delta identification for massive and evolving
object graphs. Unlike existing tools, Chipmink accurately, compre-
hensively, and efficiently identifies deltas, achieved through sev-
eral new techniques such as podding, virtual memo space, change
detector, synonym resolver, active variable filter, learned greedy
algorithm for podding optimization, asynchronous saving, active
variable locking, and allowlist-based static code checker. Our empir-
ical experiments show Chipmink is faster and requires less storage
space than existing solutions and alternative designs.
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