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Abstract

Decentralized compute markets claim to be an alternative to the
cloud, yet the systems community lacks hard evidence on whether
they can run modern workloads end to end. We put this claim to
the test by deploying a Retrieval-Augmented Generation (RAG)
pipeline on the Akash and Golem networks, two popular decentral-
ized computing markets. Our analysis reveals a striking paradox:
supply is abundant, with over 10,000 CPU cores and 50 TiB of
memory available, yet utilization remains minimal (about 0.3% on
Akash). When mapped carefully, several RAG pipeline stages ex-
ecute correctly and up to 3% cheaper than AWS; others degrade
under node churn and network bottlenecks. We also observe that
decentralization in practice is already hybrid, with centralized gate-
ways and offchain services masking blockchain complexity. Taken
together, our findings suggest that decentralized markets are nei-
ther hype nor drop-in cloud replacements, but an underutilized
substrate whose viability depends on better scheduling, reliability
mechanisms, and trust primitives.
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1 Introduction

Modern cloud computing is built on a simple assumption: serious ap-
plications require expensive, centralized datacenters. In this paper,
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we question this assumption. Blockchains quietly power a parallel
universe of decentralized applications offering compute [1, 9, 13,
16, 31, 40], storage [10, 15, 17, 39, 42], and networking [23, 34, 47].
These platforms promise cryptographic trust, permissionless par-
ticipation, and market-driven pricing. Their narrative is appealing,
yet it is unclear if they can actually replace traditional cloud de-
ployments for modern workloads.

To investigate this question, we deploy a RAG (Retrieval-Augmented
Generation) [11] pipeline on two major decentralized compute mar-
kets: Akash [1] and Golem [13]. RAG is a complex and realistic
workload which stresses GPU/CPU, memory, networking, and la-
tency in different ways. It represents modern Al-backed services; if
dApps can support RAG competitively, the implications are broader
than Web3 enthusiasm. We measure cost, performance, reliability,
and operational friction. Our findings are as follows:

Massive Dormant Capacity. Decentralized compute markets ex-
pose tens of thousands of CPU cores and over 50 TiB of memory that
sit mostly idle. On Akash, daily lease volume is roughly $5,000, trans-
lating to a tiny fraction of overall resource utilization. The supply
exists, the demand does not. This mismatch reveals an opportunity:
substantial unused global capacity that can be tapped at competi-
tive prices. It also exposes real barriers such as blockchain-native
interfaces, payment friction, and uncertainty in node availability.

Workload Sensitivity Is the Real Bottleneck. RAG is not mono-
lithic. Preprocessing stresses parsing and I/O. Embedding genera-
tion is compute intensive. Vector retrieval stresses synchronization
and distributed indexing. Inference is latency critical. Decentralized
markets handle these stages unevenly: some phases scale surpris-
ingly well across heterogeneous providers, while others suffer from
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stragglers, churn, or network variability. The key insight is not
whether dApps are slow or fast, but where they break and why.

Decentralization Is Already Hybrid. Leading platforms increas-
ingly rely on centralized gateways, off-chain services, and developer-
friendly APIs that abstract blockchain mechanics. In practice, de-
centralized infrastructure is converging toward a hybrid model that
combine market-based resource allocation with conventional edge
and cloud components. This evolution suggests that the future is
not ideological decentralization, but pragmatic integration.

This paper does not advocate abandoning the cloud tomorrow.
Instead, it provides the first systematic evidence that decentralized
markets are no longer academic curiosities. For certain workloads
and cost envelopes, they can compete with centralized datacenters.
However, challenges lie ahead for broad adoption. First, the ecosys-
tem must discover a sustainable evolution path: today’s markets
expose abundant supply but attract limited demand, leaving large
amounts of capacity idle. Second, reliability remains a concern, as
decentralized environments lack mature fault-tolerant orchestra-
tion to handle node churn and heterogeneous performance. Third,
current platforms provide little scheduling or placement intelli-
gence, making it difficult to efficiently deploy distributed workloads
across diverse providers. Finally, trust remains an open issue, since
practical mechanisms for verifying remote execution and resource
integrity are still largely missing.

2 Background and Related Work

DApps Architectures. Blockchain-based dApps enable decen-
tralized marketplaces for storage, computation, and bandwidth
through smart contracts that coordinate resources, enforce agree-
ments, and manage payments. Storage systems (e.g., Filecoin, Sia)
rely on cryptographic integrity proofs [3]; Nardini et al. propose
a hybrid compute marketplace with off-chain execution and on-
chain verification [24]; dVPN services (e.g., Mysterium, Sentinel,
Tachyon) monetize bandwidth via smart contracts [47]. Most dAPP
compute networks (e.g., Akash and Golem) separates on-chain coor-
dination from off-chain execution (see Figure 1). Providers advertise
resources, clients submit job requests, and matching is enforced
through smart contracts, often via escrowed payments. Tasks run
off-chain, typically in containerized environments. To improve us-
ability, developers often build centralized platforms and managed
wallets that lower the deployment barrier.

Prior Measurements. Trautwein et al. [44] evaluate IPFS at scale
and report favorable publication and retrieval performance. Lajam
and Helmy [20] show IPFS incurs higher latency and CPU overhead
in private networks compared to FTP. Other studies highlight sig-
nificant content centralization, with most data hosted by a small set
of cloud peers, suggesting room for optimization [37, 38]. Decen-
tralized bandwidth marketplaces have also been surveyed [4, 47].
To the best of our knowledge, prior work did not evaluate usability
in decentralized compute networks. We fill this gap by monitor-
ing the scale and activity of the Akash and Golem networks, and
benchmarking their real-world usability.

Retrieval-Augmented Generation (RAG). Large language mod-
els [5] are often limited by outdated knowledge, hallucinations, and
limited grounding. RAG [11] mitigates these issues with external,

Platform Payment | Comment
Akash Network [1] $AKT
Golem Network [13] $GLM

Render Network [31] | $RENDER | Focus on rendering

GPU.Net [16] $GPU GPU-focused
Spheron Network [40] | $SPON GPU-focused
Gensyn - Under development

Table 1: Overview of compute dApps.

up-to-date information, extending a model’s effective knowledge
and improving reliability for response generation. This multi-stage
pipeline increases synchronization overhead, complexity, and in-
frastructure cost.

Recent work has improved retrieval scalability [36], vector data-
base efficiency [45], and end-to-end optimization through caching
and adaptive strategies [41]. With growing commercial adoption [2,
6, 25], there is increasing demand for scalable, cost-efficient in-
frastructure. While most deployments rely on centralized clouds,
decentralized compute platforms offer a potential alternative for
reducing costs.

3 DAPP Networks Measurements

Before answering whether compute dApps can truly replace tra-
ditional cloud deployments for modern workloads, we first take a
step back and characterize what exists today. We measure popular
platforms through passive data collection and active experiments to
understand price, hardware availability, and delivered performance.
This serves two goals: build the measurement tools and primitives
needed for the next step, namely deploying a RAG workload, and
perform a basic feasibility check. If capacity is limited or unreliable,
there is little point in going further. To the best of our knowledge,
no prior work has directly benchmarked Akash and Golem, the two
most established compute dApps we study.

3.1 Compute dApp Overview

Table 1 provides an overview of six blockchain-enabled computing
dApps. Among them, Render Network is a specialized platform
focused on 3D rendering tasks [31]. GPU.Net and Spheron Network
provide a GPU marketplace [16, 40], but they lack general-purpose
computation. Gensyn was still in testnet during our measurement
period [9].

As aresult, we select two viable, representative platforms: Akash [1]
and Golem [13]. Both platforms support familiar developer work-
flows. Clients submit computing jobs as Docker [7] containers with
VM configurations (e.g., CPU cores, RAM, disk size), which are
then assigned to providers and executed with platform-specific
limitations.

3.2 Measurement Methodology

We collect publicly available data without directly interacting with
providers. In addition to on-chain records, most networks offer
dashboards or APIs that report real-time statistics on available re-
sources and active deployments, giving a high-level view of overall
capacity and utilization. The data monitored includes online nodes,
available resources and the number of on-chain transactions.
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Figure 3: Total CPU (cores) and memory (TiB) availability on
Akash and Golem networks (02/2025-03/2026).

3.3 Network Capacity Overview

Figure 2 shows the global footprint of compute host locations. The
majority of hosts are located in North America and Europe, with
a smaller presence in Asia, while the rest of the world has limited
availability. This geographic imbalance suggests potential dispari-
ties in latency, accessibility, and cost across regions.

Figure 3 shows the available compute resources on Akash and
Golem between February 2025 and March 2026. During the thirteen-
month observation period, Golem’s resource supply fluctuates no-
ticeably over time, with several distinct episodes where the total
available resources surge or drop sharply within a short window.
The Akash network shows overall more stable resource availability
between April and December 2025, with a constant 20K CPU cores.
Note that a major software update was gradually applied in Novem-
ber 2025, causing outdated nodes to be slowly dropped out. This is
reflected in a 50% resource drop between December 2025 and March
2026. This observation is consistent with the network utilization
rate shown in Figure 5(b). After the upgrade, utilization roughly
doubles compared to the pre-upgrade period, indicating that the
network experiences no major disruption. Instead, the existing load
is effectively absorbed by the available, up-to-date nodes.

To understand how computational power is distributed across
the Akash and Golem networks, we collect metadata from active
providers and analyze their advertised hardware configurations. Fig-
ure 5(a) plots the Cumulative Distribution Function (CDF) of CPU
cores per provider and network. We observe that most providers
on Akash offer relatively high-end machines, with the distribution
peaking at 32 cores, while Golem’s resource base consists primarily
of smaller nodes (typically 4 cores).
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Figure 4: Normalized prices of cryptocurrencies during our
measurement period (02/2025-03/2026).

Next, we examine how much of the available capacity is actively
utilized. Figure 5(b) shows the total daily value of leases signed on
the Akash network, denominated in USD for simplicity. On average,
Akash network processes around $5,000 in lease payments per day
after the upgrade, with an average CPU core utilization rate of
approximately 0.30%. In contrast, the Golem network appears to
struggle with resource utilization. We frequently observed entire
weeks with total transaction volumes below 20 GLM [14], less than
$5 at the beginning of our study. One year later, weekly volume
reached only about 1,000 GLM, roughly $135. These figures are
negligible when compared to the available capacity. Golem has
declared a new partnership with salad.com [32], aiming to migrate
significant Web2 workloads onto its infrastructure [8]. This inte-
gration is expected to drive an increase in demand for Golem’s
compute resources, as Salad has a large user base and offers a wide
range of applications that could benefit from decentralized com-
pute. However, because this integration was still in engineering
test phase during our data collection period, the resulting traffic did
not yet represent a stabilized market state. Consequently, Golem is
omitted from Figure 5(b).

3.4 Pricing Analysis

Figure 5(c) compares the monthly price of compute resources across
different platforms, when considering renting different number of
CPU cores per VM. We observe that Akash and Golem offer signifi-
cantly lower prices, approximately 10x cheaper, on average, than
centralized cloud providers like AWS [35] and Azure [21]. Further,
the price growth is overall sublinear for both Akash and Golem,
making them particularly attractive for cost-sensitive workloads
that need significant compute power. Golem prices sometimes drop
to very low levels, near zero in some cases. We assume this reflects
the low overall demand on the network, as discussed above. In such
conditions, providers may lower prices to attract workloads and
remain active. Indeed, they must maintain high uptime to preserve
their reputation and successfully complete leases to accumulate
credit within Golem’s reputation system [12].

To understand how cryptocurrency price trends influence com-
pute pricing, Figure 4 plots the token values of BTC, AKT and
GLM relative to USD over our measurement period; prices are nor-
malized to their value on the first day of observation to highlight
relative changes. In Akash, where demand is relatively stable (see
Figure 5(b)), providers often adjust their cryptocurrency prices in
response to fiat exchange rate fluctuations. Out of 213 providers we
randomly tracked, 115 (53.99%) adjust their token rates to maintain
a consistent price in USD, while 63 (29.58%) appear to target a stable
price in EUR. This suggests that a major portion of providers (84%
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processing under $20 in daily transactions.

4 RAG as a Case Study

While our measurements quantify the performance and economics
of decentralized compute platforms in isolation, a natural next
question is how these capabilities translate to real-world workloads.
To explore this, we consider a representative modern application
that integrates diverse compute and latency requirements, namely
Retrieval Augmented Generation (RAG). RAG is a key architecture
for providing large language models (LLMs) with external and up-to-
date knowledge. It is particularly suitable for this analysis because a
complete RAG pipeline consists of several distinct stages, including
vectorizing, storing embeddings, and performing inference, each
with unique resource and performance demands.

Although RAG workloads typically benefit from GPU accelera-
tion, current dApp platforms either offer GPUs in scarce supply or
restrict them to non-general-purpose tasks (see Table 1); we will
monitor these marketplaces and incorporate GPU-based deploy-
ments as viable options emerge. Accordingly, we deploy lightweight
Gemma 3 4B IT for generation and Gemma 3 300M for embed-
dings [33, 43]. Both use 4-bit Quantization-Aware Training and are
deployed in GGUF format.

4.1 Pipeline Architecture and Workload
Characterization

As shown in Figure 6, a typical RAG pipeline consists of two
computation-intense stages: embedding and store, and retrieval with
inference.

Embedding and Store. Large blocks of text are cleaned and chun-
ked, then converted into high-dimensional vectors via text embed-
ding — a process that encodes semantic meaning into a numerical
representation suitable for similarity search. These vectors, along-
side their original text chunks, are stored in a vector database op-
timized for efficient indexing and nearest-neighbor retrieval. The
vector database must be reachable over a fast and reliable network,
and the embedding step itself is compute-intensive, thus benefitting
from parallel execution.

pgvector [26] $0 (Postgres Extension)

Table 2: Vector database services and pricing.

Retrieval and Inference. At query time, the system retrieves
the most semantically relevant chunks from the vector database
and combines them with the user’s query as input to the LLM. As
this pipeline executes on the critical path of every user request,
end-to-end latency is a first-order constraint.

We implement the above pipeline in a disaggregated manner,
with data flowing asynchronously across components. This allows
stages to execute in parallel, enabling flexible scheduling and de-
ployment across heterogeneous resources. Importantly, this design
does not represent a performance compromise but rather reflects
common practice in modern Al serving systems. For example, pre-
fill-decode (PD) disaggregation has been widely adopted in LLM
serving to separate compute-intensive and latency-sensitive stages
across different machines [19, 48].

The phases of a RAG pipeline have diverse resource and per-
formance requirements. The embedding and indexing phases are
largely compute-intensive and highly parallelizable, with moderate
latency sensitivity but strong dependence on processing throughput
and stable networking for vector database operations. In contrast,
retrieval and inference are user-facing and latency-critical, where
end-to-end response time directly affects user experience. Disaggre-
gation therefore enables each stage to be provisioned and scheduled
according to its specific resource and latency requirements, improv-
ing overall efficiency and scalability [18].

Such a disaggregated architecture is naturally well suited for
decentralized environments, where tasks with different resource
demands can be placed on nodes with matching capabilities. This
enables efficient utilization of heterogeneous resources while ac-
commodating the diverse performance requirements of the pipeline.
These properties make RAG an ideal workload for studying the
performance of decentralized compute networks across a range of
tasks.

4.2 Design and Implementation

We containerize all components in the RAG pipeline with Docker [7],
so they can seamlessly be deployed across dApp nodes and cloud
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Figure 6: Illustration of typical RAG pipeline.

servers. We adopt Qdrant [28] as the centralized vector database be-
cause it provides both an open-source version and a competitively
priced managed option, making it one of the most cost-effective
choices to start with. A comparison of representative vector storage
services and their indicative pricing is shown in Table 2.

4.3 Experiments and Analysis

To evaluate the practicality of our distributed RAG implementa-
tion, we measure both performance and cost across decentralized
compute networks (Akash and Golem) and a traditional cloud envi-
ronment (AWS). Performance metrics focus on the time taken for
each pipeline stage under a designated workload.

In total, our evaluation collects over 2 million fine-grained mea-
surement records, including detailed per-stage time breakdowns
(e.g., embedding, upsert, search, chat, and network overhead) across
all configurations. The experiment includes: embedding stage, pro-
cesses 10,000 text documents into vector representations; inference
stage, handles 1,000 randomly picked queries from the SQuUAD2.0
dataset [30].

For the cloud baseline, we deploy the system on AWS [35]. We
evaluate a range of general-purpose instance families (m7a, m7i,
ma8a, and m8i) with sizes from large (2 vCPUs) up to 16xlarge (64
vCPUs). For each instance type, we scale the number of replicas
so that the total allocated cores do not exceed 64, with at most
eight replicas per configuration. This setup allows us to compare
different CPU generations and scaling strategies under a fixed total
core budget, enabling a fair analysis of performance and cost trade-
offs across instance types. For the vector database, we deploy the
open-source version of Qdrant on AWS with sufficient network
capacity (5 Gbps) for predictable performance and cost.

For the distributed networks, experiments are conducted on
Akash and Golem. We publish resource requests ranging from 2-
core to 32-core, and scale deployments to up to 8 replicas per config-
uration. These settings are chosen to achieve performance compara-
ble to the most cost-efficient cloud configurations described above.
Each pipeline component is packaged as a Docker container and
deployed using the same container images across all platforms. To
minimize bias, we deliberately select different hosts for each run on
both Akash and Golem, regardless of whether the host IP belongs to
a datacenter or a residential provider, CPU model, or geographical
location. We rely on the same setup as the cloud baseline for the
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Figure 7: Comparison of costs and performance for RAG
pipeline stages.

vector database (Qdrant), to ensure stable storage performance and
focus the experiment on computation behavior.

Results. For decentralized deployments, we sampled 50 quotes for
equivalent resources to capture price variability. Each experiment
is repeated three times; reported performance metrics are averaged
across repetitions, while cost figures reflect market price variations
across providers. Figure 7 shows that the performance variation
of dApp nodes is much higher than traditional cloud servers, with
up to 4x difference in execution time given the same price. How-
ever, with careful host selection, embedding tasks on dApp nodes
can run up to 20% faster than cloud servers at the same price. For
inference tasks, the cost-efficiency advantage is even clearer: a high-
lighted dApp node achieves similar execution time while costing
$134.51, whereas the cheapest AWS configuration with comparable
performance costs $735.85, resulting in an 81.7% cost saving.

The total time and breakdown of each stage are shown in Fig-
ure 8, with the x-axis representing the number of CPU cores, and
price attached to the top of each bar. The number of cores in the
dApp figure is picked as comparison with similar performance. The
results indicate that dApp nodes often need 4x more CPU cores
to achieve the same computation performance (reflected as blue
parts of the bars) as traditional cloud servers. Despite that, the
cost of dApp nodes is significantly lower, up to one-third in some
inference experiments. This suggests that while dApp nodes may
be less efficient in terms of single-core raw performance, their cost-
effectiveness can make them attractive for workloads that could be
parallelized across more cores.

A further analysis of figure 8 reveals that networking in dApp
nodes is a significant bottleneck, resulting in higher percentage
of upsert and search time (reflected as orange). In our experiment,
some lightweight embedding experiment have shown more than
40% of the total time spent on network operations in embedding
tasks, compared to less than 10% in traditional cloud servers.

Takeaway: Our case study shows that dApp nodes can be cost-
effective for parallelizable, computation-intensive tasks like embed-
ding and inferencing, where lower prices can offset weaker per-core
performance. However, network bottlenecks observed during vector
upserts in the embedding stage highlight the importance of stable
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connection in traditional cloud infrastructure. In practice, a workload-
aware hybrid approach is likely the most effective way to balance cost
and performance.

5 Conclusion & Future Work
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