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Abstract—The scale of modern big data is increasingly shaped
by collaboration as a result of the constant exchange and
sharing of information between organizations, users, and systems.
As data collaboration grows, the cost of moving, storing and
synchronizing shared datasets has become a major challenge.
Existing systems focus on capacity and compression within
isolated environments, overlooking the broader need to reduce
redundant data movement while keeping results accurate and
consistent.

In this vision paper, we argue that balancing accuracy,
collaboration, and storage should be at the core of rethinking
the big data scale. We propose an approach where systems
learn when and what to share, reducing unnecessary trans-
fers through collaborative compression, shared summaries, and
intelligent reconstruction. Rather than sending entire datasets,
collaborating sites can exchange compact representations that
preserve essential information, while AI methods fill in or refine
details when needed. By aligning accuracy with collaboration
efficiency, future data systems can scale not by storing or
moving more data, but by sharing smarter. We outline key design
ideas for such collaboration-aware systems and discuss open
challenges in building intelligent, efficient, and sustainable data
infrastructures.

I. INTRODUCTION

Today, this growth is driven not only by how much data
we create, but by how we use and share it. Organizations,
research groups, sensor networks, and online services con-
stantly exchange and combine information to support joint
analytics, artificial intelligence (Al), and decision-making [1],
[2]. The rise of the Internet of Things (IoT) has amplified
this trend with billions of sensors continuously generating
and transmitting data that can fuel AI models, automation,
and real-time monitoring [3], [4]. As Al systems demand
larger and more diverse datasets, the cost and complexity
of storing, moving, and synchronizing shared data across
distributed environments have increased dramatically.

As collaboration and network activity increases, the effort
required to move, store, and update shared data has become
a major challenge. Many copies of the same information
are stored across systems and transferred repeatedly between
partners or devices. Existing storage and cloud platforms focus
on capacity and compression within individual systems, with-
out considering how the same data circulates across multiple
systems. This leads to wasted time, cost, and energy [5], and
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limits the scalability of Al-driven and collaborative environ-
ments.

Several research directions have begun to address these
challenges from different perspectives. Approaches in dis-
tributed and federated learning aim to reduce dependence
on centralized data movement by enabling localized train-
ing and selective information sharing [6]. Decentralized and
blockchain-based architectures explore how data can evolve
or decay over time to control growth in collaborative envi-
ronments [7]. Complementary efforts in adaptive compression
and accuracy management [8], [9], [10] demonstrate how
systems can balance fidelity and efficiency through dynamic
data-aware optimization. Together, these directions signal a
broader shift toward intelligent infrastructures that adapt to
both workload dynamics and shared data ecosystems. These
advances improve efficiency, but they act locally within each
system and do not coordinate across collaborators. There is
still no unified way for systems to decide what to share, when
to share it, or how much detail is needed.

In this vision paper, we argue that the future of big data lies
in balancing accuracy, collaboration, and storage. We propose
a new way of thinking about scale, where systems learn to
share data more intelligently—exchanging information in a
compact manner instead of full datasets and reconstructing
details when needed. By focusing on collaboration efficiency
rather than replication, we can build data infrastructures that
scale by sharing smarter, not by storing more.

The remainder of this paper outlines our vision for such
systems. We first review existing storage solutions and their
limitations (Section II). We then introduce our reimagined
paradigm (Section III) and discuss its key design dimensions
(Section IV). To ground the vision, we highlight specific
mechanisms such as signature-based compression and data
postdiction (Section V). We conclude by identifying open
research challenges (Section VI) and discussing the broader
impact of collaboration-aware and Al-driven storage on the
future of big data and IoT systems (Section VII), before
closing with a call to action (Section VIII).

II. BACKGROUND

Big data systems have long relied on distributed frameworks
such as MapReduce [11], the Hadoop Distributed File System



(HDFS) [12], and Spark [13]. These platforms introduced
scalability and fault tolerance by spreading data across many
machines and supporting parallel computation. However, they
were designed mainly for batch analytics within single organi-
zations, where data movement and replication were treated as
internal processes rather than network-wide concerns. Modern
ecosystems are increasingly collaborative and data-driven,
where datasets are continuously exchanged across users, cloud
services, and connected devices.

A. Collaboration and Data Exchange

The rise of data-sharing frameworks, such as data
meshes [1] and federated analytics [2], [6] reflects a renewed
shift toward decentralized collaboration [14]. In these envi-
ronments, multiple parties work with different fragments of
data that must be combined without excessive replication
or loss of control. Federated learning, for instance, allows
models to be trained locally and only share updates, reducing
central storage needs while still requiring coordination and
consistency [6]. Recent studies have also explored practical
mechanisms for distributed collaboration, including market-
places for IoT sensor sharing [15], [16], Al-assisted network
management for cooperative operations [17], and federated
learning strategies for multi-party environments such as UAV
networks [18]. Together, these works highlight the growing
need for systems that not only process data efficiently but also
share it intelligently and securely across diverse environments,
while minimizing redundant movement.

B. 10T, Telco, and Sensor Networks

The Internet of Things (IoT), telecommunications infras-
tructures, and large-scale sensor networks further amplify this
challenge. Billions of connected sensors and network elements
continuously produce streams of data that feed Al systems for
automation, optimization, and monitoring [3], [4]. Telecom-
munication providers, in particular, face massive collaborative
data workloads across edge sites and data centers. Previous
research introduced the concepts of postdiction and data
decay for telco analytics, enabling storage systems to reduce
volume while preserving predictive value [9], [10]. These
studies demonstrated that it is possible to trade strict fidelity
for efficiency in continuous, network-intensive environments,
which is a core idea of this vision paper. Subsequent work
on decay-aware storage for IoT data [7] further confirmed the
potential of controlled information loss to maintain scalability
as workloads grow, though most current solutions remain static
and rule-based rather than adaptive.

C. Compression, Accuracy, and Adaptation

Early research on adaptive compression explored how sys-
tems could automatically synthesize compression techniques
for heterogeneous files, laying the groundwork for adaptive
selection strategies [19]. Subsequent work demonstrated that
evolutionary optimization could intelligently combine mul-
tiple codecs, achieving higher fidelity with reduced redun-
dancy [20]. More recently, machine learning—based predictors
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Fig. 1: Conceptual view of the reimagined adaptive collab-
oration paradigm. The Al-driven decision layer integrates
workload monitoring, data classification, and adaptive policy
enforcement to balance accuracy, cost, and collaboration.
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have extended this vision by using data characteristics to
forecast the most effective compression algorithm dynami-
cally [21]. Compression and approximation techniques remain
essential for efficient data management. Systems such as
COMPASS [22] apply signature-based lossless compression
to reduce storage while preserving exact accuracy, whereas
postdiction pipelines [23] reconstruct or estimate decayed
information when full precision is unnecessary. Recent re-
search has further extended these principles with adaptive,
Al-driven data management methods that optimize resource
allocation and balance accuracy with performance. Together,
these approaches demonstrate that accuracy and efficiency
can coexist, yet most operate within specific organizations
or domains rather than across federated, multi-party systems.
To fully support collaboration, compression and reconstruction
must be combined into a coordinated, learning-based process
guided by shared policies and workload awareness.

III. A REIMAGINED DATA COLLABORATION PARADIGM

We envision a new data paradigm in which infrastructures
are no longer static repositories, but adaptive, intelligent, and
collaboration-aware systems. Instead of relying on simple
heuristics such as last-access time or fixed replication factors,
our approach integrates Al-driven decision making, data
classification, and collaboration-aware policy adaptation
directly within the data layer, as shown in Figure 1.

This paradigm is built on the observation that the data is
not uniform and is rarely used in isolation. Some datasets are
fresh and intensively explored, others are shared across teams,
while large volumes become archived yet remain valuable for
Al retraining or long-term analytics. Existing systems often
treat these categories independently, whereas our reimagined
system explicitly accounts for data characteristics (such as
freshness, accuracy requirements, and collaboration frequency)
to guide storage, movement, and compression policies.



An Al-driven data layer continuously monitors workload
dynamics, data characteristics, and collaboration behavior.
Thus, it can recommend and apply strategies such as:

« Keeping frequently co-accessed or evolving data in situ
with lightweight compression for interactive, low-latency
access.

o Migrating less-shared or stable data into distributed tiers
using signature-based lossless compression (e.g., COM-
PASS [22]), achieving significant space savings without
sacrificing fidelity.

o Applying decay-aware and postdiction-based reconstruc-
tion methods [9], [10], [23] to balance analytical accuracy
with long-term storage cost.

This paradigm emphasizes holistic optimization, aiming to
balance accuracy, cost, and collaboration efficiency rather than
treating them as separate concerns. It unifies three key design
principles:

1) Data-driven classification: understanding workloads and
data movement driven by collaboration to inform storage
placement and representation.

2) Al-guided policy selection: leveraging prediction and
postdiction to align data management decisions with
workload and sharing patterns.

3) Continuous adaptation: dynamically tuning compres-
sion, storage, and replication as collaboration and usage
evolve.

By embedding these principles directly into the data layer,
we move toward systems that no longer treat storage as a
passive repository, but as a smart, dynamic mechanism for
data collaboration. Such infrastructures are cost-efficient,
accuracy-aware, and self-adaptive—qualities that are essential
for sustainable growth in data-driven ecosystems.

The size of stored data plays a decisive role in collaboration
efficiency. When large datasets are replicated or transferred
without coordination, network bandwidth becomes a limiting
factor, slowing synchronization, and increasing both energy
and financial costs. An adaptive collaboration paradigm must
therefore manage not only accuracy and access patterns,
but also data growth itself, ensuring that shared information
remains lightweight, relevant, and network-aware.

IV. KEY DESIGN DIMENSIONS

Realizing an adaptive, collaboration-aware data paradigm
requires understanding the multiple, interdependent dimen-
sions that shape both system design and operation. In this
section, we outline the key aspects that define such systems
and guide their evolution toward intelligent, scalable, and
efficient collaboration.

A. Data Classification and Workload Awareness

Data does not contribute uniformly to collaboration or
decision-making. Datasets differ in freshness, importance, and
frequency of use. By dynamically classifying data into cate-
gories such as fresh (hot), shared, archival (cold), or derived,
a system can apply tailored strategies rather than uniform

policies. This classification enables more informed decisions
about storage, compression, and accessibility, aligning data
management with both workload dynamics and collaboration
patterns.

B. Accuracy, Fidelity, and Usability

Data accuracy and storage efficiency are inherently con-
flicting objectives. Exact replication guarantees fidelity but
increases cost, whereas aggressive lossy compression reduces
storage space by trading off data accuracy. An adaptive system
must continuously balance these trade-offs according to con-
text and workload. Techniques such as signature-based lossless
compression (e.g., COMPASS [22]) and postdiction-based
reduction [9], [10], [23] demonstrate that systems can preserve
analytical value while managing storage dynamically. Future
architectures should expose accuracy as a tunable parameter,
enabling collaborative environments that adapt precision to the
needs of each user or task.

C. Data Volume and Network Awareness

The volume of stored and exchanged data directly influ-
ences the efficiency of collaboration. Large, redundant datasets
consume bandwidth, slow synchronization, and increase both
energy and financial costs. To remain sustainable, data systems
must become network-aware, monitoring transfer patterns,
identifying unnecessary movement, and minimizing replica-
tion across collaborators. Al-driven prediction models can
forecast when data movement is likely to exceed network
thresholds and recommend actions such as local summariza-
tion, selective caching, or delayed synchronization. By regu-
lating storage growth and network usage together, the system
enhances both collaboration responsiveness and environmental
efficiency.

D. Collaboration Context and Policy Adaptation

Collaboration patterns evolve continuously as teams,
projects, and applications change over time. Some groups may
require real-time shared access, while others depend on peri-
odic updates or derived summaries (e.g., Oracle OBISEE, SQL
SSRS, Crystal Report, Tableau). Adaptive systems should cap-
ture these differences through collaboration metadata, tracking
who accesses what, how frequently, and with what latency or
accuracy requirements. This contextual information supports
policy adaptation mechanisms that can prioritize critical col-
laborations, defer less urgent ones, or dynamically allocate
resources to balance fairness and performance.

E. Al-Driven Prediction and Continuous Learning

At the core of this paradigm lies continuous learning.
Machine learning and AI models can classify workloads,
predict usage spikes, detect redundant operations, and optimize
compression or data placement policies. Instead of relying on
static heuristics, the system evolves through feedback, learning
from observed collaboration patterns and data flows. Over
time, these learning loops enable infrastructures that self-tune,
anticipating collaboration needs and proactively balancing
accuracy, cost, and resource utilization.
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Fig. 2: Tllustration of signature-based lossless compression
(COMPASS). Data columns are represented by signatures,
which are generated by data characteristics.

FE. Transparency, Fairness, and Trust

As Al becomes integrated in storage and collaboration
decisions, transparency, trust, and fairness become essential.
Stakeholders must be able to understand how policies are de-
rived, how shared data is prioritized, and how resource alloca-
tion impacts participants. Future collaboration-aware systems
must therefore incorporate explainable models and auditing
mechanisms to ensure that adaptive optimization aligns with
human and organizational expectations.

Summary: Together, these dimensions outline a roadmap
for developing intelligent, adaptive, and sustainable data in-
frastructures. By linking data classification, accuracy manage-
ment, and network awareness with Al-driven learning and fair
collaboration policies, we can advance toward systems that
not only store and process information, but also understand
how to share it efficiently.

V. EXAMPLE MECHANISMS

To illustrate how an adaptive and collaboration-aware data
paradigm can be realized, we highlight two representative
mechanisms: signature-based compression and postdiction-
driven decay management. These techniques demonstrate how
intelligence within the storage layer can directly reduce data
volume, network load, and coordination cost while maintaining
analytical fidelity.

A. Signature-Based Compression (COMPASS)

Our COMPASS framework [22] decomposes relational data
into columns and applies the most suitable compression
scheme to individual columns or column groups. COMPASS
employs K-Means clustering to group similar columns based
on data values or entropy and then applies the most effective
compression technique to each cluster, as shown in Figure 2.
The optimal scheme for each column or group is determined
empirically by testing multiple combinations.

Empirical Evaluation: Through a series of controlled ex-
periments, we gained practical insights into how adaptive
compression performs under real workloads. We used readily
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Fig. 3: Disk space usage for the eight largest tables in the
Envmon database.

available algorithms (i.e., LZMA, BZIP2, and DEFLATE)
from the zipfile library, previously used in SIBACO. K-Means
clustering was applied to group columns after scaling with
the StandardScaler and encoding string columns with the
OrdinalEncoder from the scikit-learn 1.4.2 library.

Compared Techniques: Our first experimental series com-
pares four techniques:

BASELINE: Compresses each table using the best single
compression algorithm from the zipfile library, without con-
sidering data characteristics.

SIBACO: Our previous multi-scheme technique [8], which
partitions columns into two groups based on entropy and
applies the best compression scheme to each group.

COMPASS: The proposed technique, which applies K-
Means clustering based on column entropy, achieving lower
computational complexity by focusing on one characteristic.

Envmon Dataset: This real-world dataset originates from
the Environmental Monitoring Platform, developed through
the STEAM project (Sea Traffic Management in the Eastern
Mediterranean)!. The database contains environmental, me-
teorological, and oceanographic measurements collected over
three years, with a total size of approximately 1 GB.

Experimental Results: Across all tables, COMPASS consis-
tently achieves the highest storage efficiency, reducing disk
usage to between 2% and 18.2% of the original RAW size. In
contrast, the BASELINE and SIBACO methods reduce disk
space requirements to 4.6-23.4% and 4-23.6%, respectively.
COMPASS outperforms BASELINE and SIBACO by more
than 22% in the worst case and up to 56% (approximately
2x) in the best case, as shown in Figure 3.

B. Data Postdiction and Decay-Aware Reconstruction

The concept of data postdiction [9], [10], [23] extends
predictive analytics to historical and decayed data. Instead of
retaining all original records, systems maintain models that
can infer or reconstruct values that have been compressed or
discarded.

ISTEAM: https://steam.cut.ac.cy
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Fig. 4: Pipeline for decay-aware storage using postdiction. As
raw data decays, predictive models preserve analytical value
by reconstructing or approximating missing information.

Particularly, postdiction operates through a pipeline, as
shown in Figure 4, that integrates clustering, outlier detection,
machine learning, and accuracy tuning [23]. The process
groups similar data instances, isolates and stores outliers
separately, and trains regression or neural models to predict
the deleted or decayed attributes. Accuracy tuning enforces
a user-defined error threshold, ensuring that reconstructed
values remain within acceptable bounds. This approach en-
ables selective, error-bounded recovery using a recovery table,
eliminating the need to retain the complete original dataset.

Empirical Evaluation: The dataset contains one million
power consumption records collected from residential en-
vironments, with twelve features (six raw and six derived
from timestamps). The size of each column is approximately
6 MB. The task involved predicting a single target column
representing household power consumption.

Experimental Results: The experiment compared several
machine learning techniques for reconstructing decayed data.
Table I summarizes the results, including normalized root
mean square error (NRMSE), symmetric mean absolute per-
centage error (SMAPE), model size, and compression ratio.
Feedforward Neural Networks (FNN) achieved the best overall
balance between accuracy and compactness, while Kernel
Attention Networks (KAN) delivered the highest accuracy at a
significantly larger size. Decision Trees and Gradient Boosting
provided efficient and interpretable midpoints.

These results highlight that lightweight models such as
FNNs or Decision Trees can serve as effective postdiction
models, preserving analytical quality while drastically reduc-
ing data footprint. In additional empirical evaluations con-
ducted on diverse datasets, the results indicate that linear
regression models achieve a more favorable trade-off between
predictive accuracy and model size reduction (see below).
These findings suggest that the selection of an optimal model
is inherently data-dependent and can be established through
empirical assessment.

TABLE I: Performance of postdiction models on 1M sensor
records (12 features). Model size is compared against the raw
data size (5641.59 KB).

Model NRMSE sMAPE Size (KB) % RAW
Linear Regression 0.292 31.7% 0.64 0.011
Polynomial Regr. 0.295 31.4% 1.25 0.022
Decision Tree 0.046 5.2% 10.05 0.178
Random Forest 0.045 5.1% 19.74 0.350
Gradient Boosting 0.034 4.2% 102.84 1.823
SVR 0.211 38.0% 36.29 0.643
FNN 0.037 4.9% 8.40 0.149
LSTM 0.221 11.0% 18.16 0.322
KAN 0.032 3.9% 1023.38 18.14
Transformer 0.040 5.2% 4263.74 75.58

Overall, postdiction transforms data storage from a passive
capacity problem into an active process of semantic compres-
sion and intelligent reconstruction, aligning storage growth
with collaboration efficiency and sustainability goals.

C. Synergy Between Mechanisms

Both mechanisms address complementary aspects of col-
laboration efficiency. Signature-based compression preserves
fidelity through compact representations, while postdiction
manages data decay and inference when approximation is
acceptable. Together, they establish a foundation for adaptive
systems that can continuously balance accuracy and efficiency
according to workload, network conditions, and collaborative
context.

When guided by Al-driven decision layers, these mecha-
nisms enable infrastructures capable of adaptively minimizing
data replication and transfer, optimizing the trade-off between
accuracy and cost, and sustaining performance in the face of
growing collaborative scale and complexity.

In large-scale, data-intensive collaborative environments,
three predominant bottlenecks are storage capacity, bandwidth
utilization, and communication latency. Within a smart-sharing
paradigm, collaborating parties dynamically adapt their data
exchange strategies by selecting among raw datasets, com-
pressed datasets, or compact models, contingent upon contex-
tual and resource constraints.

Empirical Evaluation: The following experimental evalua-
tion illustrates the influence of resource constraints on data
exchange dynamics in a sensor-based collaborative frame-
work. In particular, we investigate the network conditions that
determine whether raw sensor readings or postdicted sensor
readings are transmitted to reduce energy cost.

Setup: We implemented a C++ postdiction pipeline that
applies linear regression models to synthetic sensor data. In
this setup, sensor readings are replaced with compact model
references (47 bits), each representing one of several pre-
trained regression models. This approach significantly reduces
transmission size compared to sending 32-bit raw values.
The system quantifies both computational energy consumption
(associated with regression inference) and transmission energy
consumption (associated with wireless data upload via a
Raspberry Pi 5).
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Fig. 5: Energy efficiency for regression models with different
postdiction accuracy. Postdiction achieves net energy savings
when network bandwidth is below approximately 0.8 Mb/s for
32-bit models and 0.4 Mb/s for 64-bit models.

At full CPU utilization, the Raspberry Pi 5 consumes
approximately 8 W, while the Wi-Fi module draws about
0.8 W. The energy trade-off is beneficial when the time saved
in transmission exceeds the computation overhead.

For a dataset containing one million records and four fea-
tures, postdiction achieved substantial storage savings; how-
ever, these savings do not necessarily translate into energy
efficiency when the data is shared externally rather than stored
locally.

Experimental Results: Experimental results (Figure 5) indi-
cate that the energy efficiency of postdiction is strongly in-
fluenced by dataset size and network throughput. In scenarios
where 32-bit models achieved a 50% prediction accuracy, en-
ergy savings were realized when the upload rate was below 0.8
Mb/s; for 64-bit models, the corresponding threshold declined
to 0.4 Mb/s. IIn both scenarios, energy savings are substantial
when the models achieve 100% prediction accuracy, regardless
of the available bandwidths.

Together, compression and postdiction techniques offer com-
plementary strategies for adaptive, collaboration-aware data
management.

1) compressed aggressively (lossless) when fidelity is re-
quired,

2) decayed gracefully (lossy) when approximation is ac-
ceptable, and

3) reconstructed intelligently, either through selective de-
compression or Al-guided postdiction.

The synergy of these two techniques demonstrates how
storage intelligence can be integrated across both compression
and inference, enabling a dynamic trade-off among fidelity,
cost, and communication efficiency.

This balance transforms storage from a passive repository
into an active component of collaboration, capable of reason-
ing about accuracy, cost, and connectivity in real time.

VI. RESEARCH CHALLENGES AND OPEN QUESTIONS

While signature-based compression and data postdiction
illustrate the potential of adaptive, collaboration-aware storage,
several open challenges remain before such systems can be
deployed at scale. Real-world data ecosystems are highly
dynamic, heterogeneous, and decentralized, making it diffi-
cult to maintain consistency, efficiency, and fairness across
collaborators. This section highlights the key technical and
organizational questions that must be addressed to advance
the vision of intelligent, sustainable data infrastructures.

A. Modeling and Predicting Collaborative Workloads

Adaptive systems rely on accurate workload models to
perform effectively. However, collaborative data environments
combine diverse activities, ranging from interactive explo-
ration to automated pipelines and continuous streaming, mak-
ing it difficult to maintain predictive accuracy. Anticipating
when and where data will be produced, accessed, or shared
remains an open problem. Future research should focus on
developing hybrid models that integrate statistical analysis,
Al-based prediction, and feedback from real usage patterns
to better anticipate collaboration dynamics and guide adaptive
resource allocation.

B. Balancing Fairness, Transparency, and Adaptivity

Embedding Al-driven decision layers into storage systems
introduces new concerns related to fairness, transparency, and
accountability. Collaborators often have differing priorities,
such as cost, latency, or data ownership, that must be respected
even as the system self-optimizes. Future research should
focus on developing explainable policies, auditable adapta-
tion mechanisms, and cooperative governance frameworks
to ensure that adaptive storage systems remain trustworthy,
equitable, and aligned with human intent.

C. Integration Across Heterogeneous Infrastructures

Collaborative data spans increasingly multiple cloud
providers, edge devices, and IoT networks. Each environment



presents distinct cost, latency, and reliability profiles. Achiev-
ing end-to-end adaptivity requires interoperable standards for
data classification, model exchange, and compression. Open
challenges include designing protocols that maintain efficiency
without sacrificing portability or security.

D. Energy Efficiency and Environmental Sustainability

The sustainability impact of large-scale data collaboration
is often underestimated. As shown in our experiments, energy
consumption depends not only on computation and storage
but also on network transfer costs. Future systems must
incorporate energy-awareness into their optimization logic,
balancing accuracy, responsiveness, and environmental impact
simultaneously.

E. Toward Fully Adaptive Data Ecosystems

Finally, a critical research direction involves extending
adaptivity beyond the storage layer to the full data lifecy-
cle, integrating query processing, caching, visualization, and
Al model retraining. A unified framework for adaptive data
ecosystems would allow storage, computation, and learning
components to co-evolve, driven by continuous feedback and
shared optimization goals across collaborators.

VII. VISION AND IMPACT

The vision outlined in this paper redefines the foundation
of data scalability. Rather than treating growth as a matter of
accumulating storage or expanding computation, we argue that
the future of big data depends on how intelligently systems
can share, adapt, and collaborate. By aligning accuracy with
collaboration efficiency, we can build infrastructures that scale
not by storing more data, but by sharing smarter.

Our approach brings together several key ideas: adaptive
storage guided by Al agents, collaboration-aware compression
and reconstruction, and policies that evolve with data lifecy-
cles. Together, these components form a unified framework for
balancing accuracy, cost, and responsiveness across distributed
participants. This shift changes the role of storage from a
passive, static layer to an active, learning participant in the
data ecosystem.

The impact of this paradigm extends across domains. In
large-scale scientific collaborations, it can reduce redundant
transfers and accelerate the sharing of results. In telecommu-
nications and IoT, it can regulate network pressure and energy
consumption by minimizing unnecessary data movement. For
Al-driven analytics, it can maintain model accuracy while
reducing the cost and delay of feeding distributed training
pipelines. Across all these domains, intelligent sharing mech-
anisms enable a new level of sustainability—reducing the
environmental and economic footprint of data growth.

Beyond immediate technical benefits, this vision also repo-
sitions collaboration as a first-class concept in data system
design. Future infrastructures will not simply store information
but understand its value in context: who needs it, how it
evolves, and what level of precision is necessary at any
moment. Embedding such intelligence into the data layer,

whether this is a database, data warehouse, or data reposi-
tory or lake, will allow systems to self-regulate, anticipating
workload shifts, and optimizing collaboration without manual
intervention.

Ultimately, realizing this vision requires interdisciplinary
effort—connecting advances in databases, Al, networking, and
systems architecture. But its potential is transformative: infras-
tructures that are leaner, smarter, and more equitable in how
they share knowledge. By balancing accuracy, collaboration,
and storage, we move toward a data future that is not only
larger and faster, but also more sustainable, adaptive, and
intelligent.

VIII. CONCLUSION

In this paper, we presented a vision for rethinking big data
scalability through adaptive, collaboration-aware storage. We
argued that future infrastructures must move beyond static,
capacity-driven designs toward systems that learn, adapt, and
coordinate across distributed participants. By embedding in-
telligence within the storage layer, data systems can reason
about accuracy, cost, and workload dynamics, balancing these
factors in real time to support efficient collaboration.

We introduced two complementary mechanisms, signature-
based lossless compression and postdiction-driven decay,
that illustrate how accuracy and efficiency can coexist.
These mechanisms, combined with Al-driven decision layers,
demonstrate the feasibility of infrastructures that optimize
data sharing and storage holistically, reducing redundancy and
enabling sustainable collaboration at scale.

Realizing this vision will require bridging advances across
data management, artificial intelligence, and network systems.
Doing so can redefine how organizations exchange, process,
and preserve knowledge—building infrastructures that scale
not by storing more, but by sharing smarter. Through this
shift, big data systems can become not only larger and faster,
but also more sustainable, adaptive, and equitable in how they
serve global collaboration.
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