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SurvivalRank: Decentralized Evolution of Search Models

Andrei Ionescu  Johan Pouwelse
EEMCS, Delft University of Technology, The Netherlands

Abstract

Google has held roughly 90% of the global search market for over a decade [1], and the obstacles to challenging it
have multiplied. In the framework of Aghion and Howitt [2], economic growth arises from creative destruction [3],
where new innovations displace old ones, and the cycle repeats. But creative destruction requires open entry, and in
search, entry is prohibitively costly. To compete, a new entrant must crawl billions of pages, accumulate years of
interaction data, and build infrastructure capable of serving results in milliseconds. Large language models have not
restored competitive entry, and with training costs growing at approximately 2.4 x per year [4], they have consolidated
it further. This paper proposes SurvivalRank, a decentralized architecture designed to restore the entry condition that
Aghion and Howitt take as given but that current search markets lack. Rather than having a single entity design the
ranking algorithm, the system allows anyone to contribute a ranking model, distributed via BitTorrent [5]. Peer-to-
peer networks have previously demonstrated the feasibility of sharing and recommending content among strangers
at scale [6]. Each peer runs a multi-armed bandit [7] that allocates queries across available models, shifting traffic
toward those that perform better. Peers share evaluation evidence through a lightweight gossip protocol [8], [9]:
every few seconds, each peer sends its latest observation for one random arm to one random stranger, using Lamport
timestamps for deduplication. Models that fall sufficiently below the best performer are retired locally. When a
superior model arrives, it displaces the incumbent and the cycle begins again. We evaluate SurvivalRank on five
learning-to-rank benchmarks. A single peer converges to the oracle-best arm on every dataset, gossip cooperation
closes a substantial fraction of the gap to the centralized oracle, and when a superior model is injected mid-run by a
single peer, the network displaces the incumbent within 16—70 rounds after injection on all configurations. A Price’s
Equation [10] decomposition confirms that a discrete innovation effect, a sustained positive selection effect, and a
destruction effect from arm retirement are all active simultaneously, the empirical signature of Schumpeterian creative

destruction operating without central coordination.

1 Introduction

This paper presents SurvivalRank, a decentralized search sys-
tem in which ranking models compete for traffic through
multi-armed bandits, a family of algorithms that learn which
option is best by trying each and observing the outcomes, and
the best model emerges organically, without any central au-
thority picking the winner. SurvivalRank is the first system
to combine a fully decentralized architecture, a decentralized
multi-armed bandit for traffic allocation, and gossip-based ev-
idence sharing between peers, together enabling Darwinian
competition between models submitted through permission-
less open entry.

When Google launched in 1998, it rapidly displaced Al-
taVista, Lycos, and many other search engines, as users mi-
grated to a demonstrably better ranking algorithm. That is
how innovation is supposed to work: someone builds some-
thing better, users switch, and the old guard disappears. Eco-
nomics has a name for this process. Schumpeter called it
creative destruction [3], and Aghion and Howitt [2] formal-
ized it into a Nobel Prize-winning model of economic growth,
where an innovator captures the market and earns temporary
monopoly rents, but other firms can invest in research, and
when someone builds something better, the incumbent is dis-
placed. Growth arises not from any single innovation, but

from the continual repetition of this cycle.

That kind of disruption has not happened in general web
search at global scale since. Google has held roughly 90%
of the global search market for over a decade [1], and the
obstacles to challenging it have multiplied. To compete, a
new entrant would need to crawl and index billions of web
pages, collect years of interaction data to train ranking mod-
els, build global infrastructure capable of serving results in
milliseconds, and attract enough users for the feedback loop
(more users, more data, better results) to begin working in
its favour. No startup or university has succeeded in build-
ing a globally competitive alternative, and while some gov-
ernments have sustained regional competitors, none has dis-
placed Google internationally. The last notable attempt in
global markets, Microsoft’s Bing, required billions of dollars
in sustained investment [11] and still holds a relatively small
share of global search traffic.

More recently, large language models have entered the
search market. ChatGPT, Perplexity, and Gemini now an-
swer queries directly, ranking and synthesising sources within
the model itself. This might appear to be the disruption that
search has been waiting for, but it is not clear that it restores
competitive entry. Training a frontier LLM requires invest-
ments of tens to hundreds of millions of dollars per train-
ing run, with costs growing at approximately 2.4x per year



and projected to exceed one billion dollars by 2027 [4]. The
ranking of sources within responses is largely opaque, and no
external contributor can meaningfully audit or improve the
model’s internal ranking process. Users may have traded one
black box for another.

The key feature of the Aghion and Howitt model is that
entry is open by design. In search, the barriers are struc-
tural. Size reinforces the incumbent, as more users bring
more data, more data brings better results, and better results
bring more users, which is an advantage that grows with scale
and that the Aghion and Howitt model simply does not ac-
count for [12]. The result is that creative destruction, which
in their framework emerges from open innovation races, does
not operate in practice. Google’s position is not merely a tem-
porary monopoly rent awaiting displacement. It persists be-
cause the form of entry that Aghion and Howitt treat as struc-
turally open is, in this domain, prohibitively costly.

2 Problem Description

The observation above suggests that rather than attempting to
outcompete Google on its own terms, one could instead build
a system that restores the conditions under which creative de-
struction can operate.

This paper focuses specifically on ranking: how a fixed set
of candidate documents for a given query is ordered. Rank-
ing is where the intelligence of a search engine is proven,
and it is also where the feedback loop is strongest, as better
ranking attracts more users, whose interactions generate more
training data, which further improves ranking. If contributing
a ranking model requires nothing more than implementing a
function that takes a query and a set of candidate documents
and returns a ranked list, then the cost of entry drops by orders
of magnitude.

A student or a hobbyist with a laptop and access to a pub-
lic learning-to-rank dataset could train a ranker in as little as
an afternoon (for instance, by fine-tuning a gradient-boosted
model on a query distribution the incumbent underserves,
such as a specific language, domain, or document type), pack-
age it as a few megabytes of model weights, and submit it to
a network of peers that are already serving search results. If
the model ranks documents better than whatever is currently
deployed, it should gradually receive more traffic. If it does
not, it should be quietly retired. The entrant should not need
to build crawling infrastructure, negotiate with a platform op-
erator, or attract a user base. Entry should require nothing
more than producing a better ranking function.

For this to work, two problems need to be solved. First,
there must be a decentralized evaluation mechanism that can
determine which model is best from local observations alone,
without any single entity seeing all user interactions. Sec-
ond, peers must be able to share what they have learned about
model quality so that the network converges on the best model
faster than any individual peer could on its own. Model dis-
tribution itself is addressed by existing peer-to-peer file shar-
ing. A system that solves both research problems would re-
store the open entry condition that Aghion and Howitt [2] take
as given, as the cost of attempting to displace the incumbent
would be reduced to the cost of training a ranking model.

Whether a decentralized system can actually achieve this is
the central question of the paper.

Research Question and Contributions

The central research question decomposes into three parts.
First, can peers independently identify better ranking models
from local interaction signals? This asks whether a bandit, an
algorithm that balances trying new models against exploiting
the best known one, running on a single peer, seeing only its
own queries, converges on the best available model. Second,
can the network aggregate and propagate that information ef-
ficiently enough for learning to improve with scale? This asks
whether gossip makes the network smarter than the sum of
its isolated parts. Third, when a superior model appears, does
it reliably displace weaker incumbents, producing sustained
performance gains rather than short-lived fluctuations?

This paper makes three contributions. First, we present
SurvivalRank, a decentralized multi-armed bandit algorithm
for ranking-model selection with open entry, in which any
participant can submit a new model and the network evaluates
it without central coordination. Second, we demonstrate the
viability of SurvivalRank through an operational open-source
prototype. Third, we provide an experimental evaluation on
five learning-to-rank benchmarks demonstrating single-peer
convergence, gossip scaling, and creative destruction, with
Price’s Equation used to decompose aggregate performance
change into selection, innovation, and destruction effects.

3 Related Work

The system proposed in this paper sits at the intersection of
several mature literatures that have, until now, developed rel-
atively independently. This section traces the relevant threads
and identifies where they fall short of what our architecture
requires. Table 1 provides a compact summary.

The multi-armed bandit problem captures a simple but fun-
damental tradeoff: should you exploit what you already know
works, or explore something that might be better? When a
single agent faces this problem, well-known algorithms like
UCBI1 [7] and Thompson Sampling [21] provide strong guar-
antees. The question relevant to this paper is what happens
when many agents face a similar bandit problem simultane-
ously and can talk to each other.

Szorényi et al. [14] studied this in a peer-to-peer setting.
In their model, every peer pulls one arm per round and then
exchanges information with a few random neighbours. They
showed that the probability of any individual peer playing a
suboptimal arm decreases proportionally to 1/(Pt), where P
is the number of peers and ¢ is the number of rounds.

Subsequent work refined this idea along multiple dimen-
sions. Zhu et al. [19] showed that the speed of learning de-
pends not just on the number of peers but on how well con-
nected they are. Their GossipUCB algorithm achieves better
regret on densely connected networks than on sparse ones,
with the precise relationship governed by the spectral proper-
ties of the communication graph. Lalitha and Goldsmith [18]
extended the framework to Bayesian algorithms, proposing
a decentralized version of Thompson Sampling that merges
posterior beliefs across neighbours and achieves the same
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2013 Gossip Learning [13] v
2013 Gossip Bandits [14] v
2017 Decentralized Personalisation [15] v

2020 Contextual Model Selection [16]
2020 Insert-Eliminate [17]

2021 Decentralized Thompson [18]
2022 Federated Bandit [19]

2024 FedPAE [20]

2026 SurvivalRank
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v v
v v

v v
v v
v v
v v
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4 4 v 4

Table 1: Prior research domains that SurvivalRank combines.

asymptotic regret as a centralized agent that sees all obser-
vations directly. Chawla et al. [17] pushed in the direction
of communication efficiency, designing an algorithm where
agents exchange only the names of promising arms rather
than full reward statistics, and proved that even this minimal
communication is enough to reduce each agent’s regret by a
factor of P.

These results establish that gossip-based cooperation can
make distributed bandits nearly as effective as centralized
ones. However, all of these algorithms assume a fixed and
known set of arms. They do not consider the possibility that
new arms might appear during execution, which is essen-
tial for a system where anyone can contribute a new ranking
model at any time.

More recently, Hu et al. [22] extended the decentral-
ized bandit setting to adversarial environments, proposing
DeMABAR, an algorithm that achieves near-optimal regret
even when an adversary corrupts reward observations or
when a fraction of agents behave in a Byzantine manner.
Their trimmed-mean filtering mechanism limits the influence
of corrupted neighbours on each agent’s reward estimates.
This threat model is directly relevant to our system, where
a malicious peer could inflate or deflate its reported rewards
to bias the network’s model selection. However, DeMABAR
assumes a fixed arm set known to all agents, synchronized
communication epochs, and a homogeneous reward distribu-
tion, none of which hold in our asynchronous, open-entry set-
ting, so our statistics channel remains exposed at the reward
level to flooding and whitewashing. Beyond the integrity of
reported statistics, the system is also exposed at the identity
level, where Sybil [23] attacks let a single adversary fabricate
many peer identities to amplify its influence.

A separate line of work has tackled the question of how
to choose among competing models, but from a centralized
perspective. The most directly relevant paper is CompeM-
LLM by Zhao et al. [24], which addresses multi-modal LLM
workflows. Instead of assigning one model per subtask, Com-
peMLLM runs several models on the same subtask in parallel
and uses an LLLM to judge which result is best. This com-
petitive approach consistently outperforms static assignment,
demonstrating that model competition is a productive design
principle.

The broader landscape also confirms this. Ong et al. [25]
train router models to dynamically select between a stronger
and a weaker LLM, halving inference cost without degrading
quality. Chen et al. [26] cascade queries through progres-
sively more expensive models, stopping once a confident an-
swer is obtained. Chiang et al. [27] operate Chatbot Arena,
where millions of pairwise human comparisons rank LLMs
via Bradley-Terry ratings. Each of these systems relies on a
central entity (a router, a judge, or a platform operator) that
observes all feedback and determines which model wins.

Mueller et al. [20] partially decentralise through FedPAE,
a peer-to-peer algorithm in which peers share heterogeneous
models and construct weighted ensembles locally. FedPAE is
decentralized and supports diverse architectures, but it blends
models into ensembles rather than selecting among them. No
model is ever displaced or retired on the basis of competitive
evaluation.

Applying bandits to information retrieval is also not new.
Radlinski et al. [28] learned diverse document rankings
from click feedback using a bandit formulation. Yue and
Joachims [29] introduced dueling bandits for online ranker
evaluation, inferring preferences between ranking functions
from interleaved comparisons. Schuth et al. [30] general-
ized this to multileaved comparisons, enabling the simulta-
neous evaluation of many rankers from a single set of user
interactions. All of these methods assume a single-node set-
ting, where one system observes all user interactions and uses
that centralized feedback to update its ranking function. Our
system lifts this evaluation process into a distributed network
where no single peer sees all interactions.

Each of these papers solves part of the problem but not all
of it. Decentralized bandits show that gossip-based coopera-
tion approaches centralized performance, but they assume a
fixed arm set. Centralized model competition demonstrates
that competitive selection improves performance, but it re-
quires a central judge.

Our contribution is a system that combines these ele-
ments: a gossip-augmented decentralized multi-armed bandit
for ranking-model selection, with open entry of new models
via BitTorrent.



4 Design of SurvivalRank

The system we propose is made up of four components: the
models each peer can choose between, a statistics-exchange
channel through which peers share what they have learned, a
leaderboard that records each peer’s current view of which
model is best, and the queries each peer answers, against
which models are judged. Figure 1 shows how these fit to-
gether within a peer and how peers relate to one another
across the network.

The guiding principle is decentralisation: there is no cen-
tral registry of models, no authoritative leaderboard, and no
coordinator that tells peers what to do. Every peer executes
the same logic independently, learns from its own experi-
ence, and improves that learning by exchanging evidence
with whatever other peers it happens to meet. The architec-
ture is what makes this possible, as the four components are
deliberately decoupled so that a peer can join with any set of
models, talk to any peer, and form its own opinion, without
depending on any shared authority.

The models are the alternatives a peer chooses between
when answering a query, being in our case ranking models
that score and order candidate documents. Each peer holds
its own set, and that set need not match any other peer’s.
A peer can join with whatever models it already has, and a
new contributor can introduce a model at any time simply by
adding it to its own set and letting the network discover it. No
peer has authority over another peer’s models, and no model
is ever forced on the network. A model earns traffic only by
performing well once peers begin trying it.

The statistics-exchange channel is how peers cooperate.
Periodically, each peer tells one other peer how a particular
model has been performing for it. Over time, these exchanges
spread evidence about every model across the whole network,
so that a peer benefits from the experience of others it has
never directly interacted with.

Each peer maintains a leaderboard containing its current
ranking of the available models by how well they have per-
formed. The leaderboard is personal to each peer and it re-
flects that peer’s own experience plus whatever evidence has
reached it through statistics exchange, so two peers may dis-
agree in the short term. Crucially, no peer can edit another’s
leaderboard directly, it can only contribute evidence that the
other peer chooses how to incorporate.

Finally, the models need something to be judged on,
namely the queries each peer serves, paired with feedback
on how good the answer was. In principle these are the peer’s
own queries (through the use of click signals), so that each
peer learns from the traffic it genuinely serves and the net-
work as a whole reflects real and current demand. For our ex-
periments in this thesis, we substitute a standard benchmark
dataset, replayed as each peer’s query stream, so that we can
measure the system against a known ground truth. This sub-
stitution is purely an experimental convenience, as the rest of
the system does not depend on where the queries come from.
The query stream is a swappable input, so the same archi-
tecture supports both the controlled experiments here and an
eventual fully decentralized deployment driven by live user
traffic.

The flow within a peer is a short loop. A query arrives,
the peer tries one of its models, observes how well it did, and
updates its leaderboard accordingly. The flow between peers
is a single channel, where statistics exchange carries learned
evidence from one peer to another, feeding back into each
recipient’s loop. We present below the Algorithm 1 of our
system, with its expanded version present in the Appendix.
We have also attached a sample of the user-facing interface
we have created for the live deployment, seen in Figure 2.

Algorithm 1 Gossip-Augmented Decentralized MAB

Require: Arm (model) set /C, identity i, queries-per-round (), gos-
sip interval Ty, observation TTL A,
Operators: index ¢, aggregator -, update &, eliminate
1), prior so

I: Init: Vk € K: owny < so; i < 0; K€ « 0: L + 0;
A0

Async: on GOSSIPMSG(s, k, stats, £, magnet):

if k ¢ K: fetch via magnet; on completion K <+ K U {k};
ownyg < So

if £ < Al(s, k)]: drop
(stats, Now())

else: A[(s, k)] « £ Ilg[s] <

Every T, seconds: pick random k € K \ K%, random peer j;
L <+ L+ 1; send GOSSIPMSG (%, k, owny, L, magnet,,) to j
evict ITx [s] where NOwW () —IIx[s].last_received > Ay

2: for eachquery g =1,2,...do

// Aggregate own + non-stale peer observations, select arm
3: | VkeK\K™: e < y(owng, {IIk[s] : non-stale})

4: | k™ arg maxgei oo ©(Cr)

// Observe reward and update local statistics

5: r < REWARD(k™, q); owng= < owng= ®r

6:| L+~ L+1

// Every Q queries: eliminate confidently dominated arms
7: | if ¢ mod @ = 0 then

8: K¢ = KU {k : ¥(Ck, {Ch }rrexricexe) = true}

9: K« K\ Ko
10: end if
11: end for

Gossip Protocol Semantics

This subsection specifies how gossip works in technical detail
and why the design choices we made are necessary.

Each peer processes queries continuously as they arrive.
A round boundary occurs every () queries, at which point
arm elimination is checked. Between round boundaries, the
peer simply selects an arm, evaluates it, and updates its local
statistics. The round counter serves only as a cadence for
elimination and Ul snapshots, not as a synchronisation barrier
across peers. Gossip operates on its own wall-clock schedule,
fully decoupled from the query loop.

Peers communicate through a single IPv8 [31] message
type: GOSSIPMSG. Every T, seconds, each peer picks one
arm uniformly at random from its active set and one peer uni-
formly at random from IPv8’s continuously-walked peer ta-
ble, and sends a single tuple containing the arm identifier, the
peer’s own cumulative statistics for that arm (n, R or o, 3), a



Statistics exchange
1Ty, one per Ty

Yy

Selection

w(ek)

q

Figure 1: System architecture, with one peer shown in detail (dashed box) and two of its current gossip partners shown in simplified form.
Each peer holds a local arm set /C, selects a model per query via ¢ over the aggregated statistics ¢, = ~(owng, Ilx), and maintains a
leaderboard (the current {¢ } ranking). The statistics-exchange component sends one observation own, per interval Ty to one random peer
and folds incoming observations into I1j; this is the only cross-peer interaction.

Lamport timestamp and a BitTorrent magnet link.

This design is deliberately minimal. A peer that gossips ev-
ery 5 seconds reaches 720 distinct strangers per hour and over
120,000 per week. Spread is purely from each peer’s own pe-
riodic emissions and no receiver ever re-forwards a message.
This avoids the uncontrollable amplification of epidemic for-
warding and provides natural rate control.

Each emission carries a Lamport stamp £ that is strictly
increasing per sender. The sender increments its local Lam-
port counter L before every emission and before every lo-
cal reward update, ensuring that newer observations always
carry higher stamps. Receivers maintain a high-water mark
A[(s, k)] for each (sender, arm) pair. An incoming tuple with
¢ < A[(s, k)] is silently dropped, providing idempotency.

Each peer maintains, for every arm k, its own local evi-
dence owny and a table II; mapping each sender s to the
latest gossip received from s about arm k. When a new
GOSSIPMSG from sender s about arm k passes the Lam-
port gate, the receiver overwrites Il [s] wholesale with the
incoming statistics and records the current wall-clock time as
last_received.

Entries in II;, whose last_received is older than A,
seconds are excluded from aggregation. A peer that goes
silent stops influencing decisions A,, seconds later. This en-
sures that the posterior reflects recent network-wide evidence
regardless of how fast individual peers process queries.

Every GOSSIPMSG carries the arm’s BitTorrent magnet
link. A receiver that does not yet have arm & uses the mag-
net to start an asynchronous download. Once the download
completes, the arm enters /C and subsequent gossip for it con-
tributes to the aggregate. There is no dedicated announcement
message, as model discovery piggybacks on the same gossip
that carries scoring information. This means discovery la-
tency is ©(T}, - |K|/|P|) in expectation per neighbour, which
is slower than a dedicated broadcast, but requiring no addi-
tional protocol machinery.

When a peer proposes a new model, it registers the arm
locally with a random hex suffix (to prevent name collisions
with concurrent proposals), begins seeding the model artifact
and starts using the arm in its own bandit. The regular wall-

clock gossip cycle picks up the new arm on rotation, the same
as any other arm the peer is using. Other peers discover it
when they receive a GOSSIPMSG for an arm they do not yet
have.

When the elimination operator 1) determines that an arm &
is confidently dominated, the arm is moved to a local exclu-
sion set C°*¢ and removed from the active arm set IC. The
exclusion set prevents the peer from re-adopting £ when a
stranger that has not yet eliminated it gossips statistics for k.

Elimination is strictly local, as no peer broadcasts its elimi-
nation decisions. This is a deliberate choice, since broadcast-
ing eliminations would allow a malicious peer to force the
network to drop a model by sending a fabricated message.
By keeping elimination local, each peer must independently
determine that an arm is confidently dominated based on its
own aggregated evidence. Since peers receive similar obser-
vations over time through the gossip process, they should in-
dependently converge on the same elimination decisions.

5 Experiments and Performance Analysis

This section evaluates the system proposed in Section 4
through three experiments, each isolating one factor of the
research question. The Single-Peer Convergence Experi-
ment establishes that the bandit converges to the best ranking
model in a single-peer setting. The Multi-Peer Convergence
with Gossip Experiment measures how gossip-based cooper-
ation affects convergence and quantifies the cost of decentral-
isation. The Creative Destruction via Hot-Swap Experiment
tests whether creative destruction emerges when a superior
model enters mid-run, using Price’s Equation to decompose
aggregate performance change.

All configurations are repeated over ten random seeds (see
Appendix).

5.1 Datasets

We evaluate on five learning-to-rank datasets that span a
range of sizes, feature sets, and provenance. MQ2008 [32] is
a benchmark from the LETOR 4.0 collection, containing 784
queries with 46 features per query-document pair, derived
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Figure 2: SurvivalRank UI showing the dashboard, model leaderboard, and live gossip status used to monitor decentralized model evolution.

from the TREC 2008 Million Query track over the Gov2 cor-
pus. MSLR-WEB10K [33] contains 10,000 queries with 136
features, sampled from Microsoft Bing search logs. MSLR-
WEB30K [33] is the larger variant of the same collection,
containing 30,000 queries with the same 136 features. Is-
tella [34] is a large-scale dataset released by the Istella search
engine, containing 33,018 queries with 220 features and over
10 million query-document pairs. AOL4FOLTR [35] is a
recent large-scale web search dataset containing 2.6 million
queries from 10,000 users, specifically designed for federated
and decentralized online learning-to-rank research.

Running across five datasets of varying scale and origin
protects against dataset-specific artifacts and demonstrates
the generality of the approach. MQ2008 provides coverage
of a standard benchmark in the online learning-to-rank liter-
ature, MSLR-WEB 10K and MSLR-WEB30K provide scale
from a commercial search engine, Istella provides an inde-
pendent commercial source, and AOL4FOLTR provides the
most realistic setting for decentralized evaluation.

5.2 Ranking Models

Four ranking models serve as the bandit’s arms. Three are
available from the start across all experiments, while the
fourth, XGBoost, is initially withheld and injected mid-run in
the Creative Destruction via Hot-Swap Experiment to study
how an active network responds to a superior late entrant.
LightGBM [36] is a gradient-boosted decision tree model
trained offline on each dataset using LambdaRank loss with
NDCG [37] (Normalized Discounted Cumulative Gain) as

the target metric. It represents a strong, well-tuned baseline
that the bandit should converge on quickly when no superior
alternative is available. LINEAR is a simple linear scoring
function whose weights are set by ridge regression on the
training split. It represents a weak but stable model whose
predictable performance anchors the lower end of the quality
spectrum. PDGD [38] (Pairwise Differentiable Gradient De-
scent) is an online learning-to-rank model that learns its rank-
ing function incrementally from click feedback, treating each
click as a relative preference between documents and follow-
ing an unbiased gradient estimate to improve the ranking. It
represents an adaptive model with moderate performance that
sits between LINEAR and LightGBM.

XGBoost [39] is a regularized gradient-boosted decision
tree model, also trained offline with LambdaMART loss tar-
geting NDCG. XGBoost uses a different regularisation strat-
egy and tree construction algorithm than LightGBM, produc-
ing a model with comparable or superior ranking quality de-
pending on the dataset.

The choice of four models spanning a range of expected
quality, from weak (LINEAR) through moderate (PDGD) to
strong (LightGBM) to potentially superior (XGBoost), en-
ables meaningful evaluation of both convergence (can the sys-
tem find the best model?) and creative destruction (can a late
entrant displace an established incumbent?).

5.3 Evaluation Metrics and Baselines

The primary metric is NDCG. NDCG captures both the rel-
evance and the position of documents in the ranked list, with



higher values indicating that more relevant documents appear
earlier. The reward signal observed by the bandit at each
query is NDCG @10 of the ranking produced by the selected
model, normalized to [0, 1].

Our baseline is the centralized oracle, an evaluator that
always selects the model with the highest expected NDCG
for each query, calculated from precomputed metric scores
across all models, representing the performance ceiling of a
system with perfect information and no exploration cost.

We report convergence and cooperation through three de-
rived metrics. Cumulative regret is regret(¢) = oracle(t) —
algo(t), the running difference between the oracle’s cumula-
tive reward and the algorithm’s, with a flattening regret curve
signaling convergence. The gap to oracle is this same differ-
ence at the final round, reported per peer, and measures the
cost of decentralized learning. The best-arm identification
rate is the fraction of (peer,run) pairs whose final highest-
mean arm matches the dataset-best arm.

5.4 Single-Peer Convergence Experiment

In this experiment we prove that peers in our system can indi-
vidually converge to the best available model through scoring
only their own queries.

Hypothesis: Peers using Thompson Sampling or UCBI1
converge to the best model (XGBoost), with a small steady-
state gap to the oracle attributable to residual exploration.

Setup: A single peer runs Algorithm 1 over the four locally
available models (LightGBM, XGBoost, PDGD, Linear) with
no gossip and no model injection. We compare both algo-
rithms against each other, running 7'= 100 rounds of () =100
queries each (10,000 pulls per run) on all five datasets. Every
(dataset, algorithm) configuration follows the shared repeti-
tion and statistical reporting procedure.

Results: Figure 3 plots the cumulative regret across all five
datasets. On 4 of the 5 datasets, regret growth flattens within
the first few tens of rounds and remains approximately lin-
ear thereafter at a small slope, consistent with the expected
residual-exploration term. The uncertainty bands remain nar-
row, indicating stable convergence behaviour.

Table 2 reports, for each (dataset, algorithm), the modal
best-arm choice across the ten seeds, alongside the highest-
mean arm, calculated directly from the precomputed per-
query metric scores. Both algorithms identify the dataset-best
arm on all five datasets, unanimously on MSLR-WEB10K
and AOL4FOLTR (10/10 seeds) and on a clear majority else-
where. The closest configurations are MQ2008 and the two
MSLR datasets, where small gaps between the top two arms
(e.g. mean reward for XGBoost at 0.492 vs LightGBM at
0.477 on MQ2008) make UCB1’s Hoeffding bounds slow
to separate them within 10,000 queries. Thompson Sam-
pling, which exploits posterior uncertainty more aggressively,
reaches the highest-mean arm on a comparable or larger frac-
tion of seeds in these tighter cases.

Figure 7 in the Appendix shows the final pull distribution
for each configuration. Both algorithms concentrate pulls on
the highest-mean arm on most datasets, but Thompson Sam-
pling consistently allocates a larger fraction to the modal best

Dataset Algorithm  Modal best arm  Mode share  Dataset-best arm
MSLR-WEBI0K UCBI XGBoost 10/10 XGBoost
MSLR-WEB10K  Thompson XGBoost 10/10 XGBoost
MSLR-WEB30K UCBI1 XGBoost 6/10 XGBoost
MSLR-WEB30K  Thompson XGBoost 6/10 XGBoost
Istella UCBI XGBoost 6/10 XGBoost
Istella Thompson  XGBoost 6/10 XGBoost
MQ2008 UCBI1 XGBoost 7/10 XGBoost
MQ2008 Thompson  XGBoost 8/10 XGBoost
AOLAFOLTR UCBI XGBoost 10/10 XGBoost
AOL4FOLTR Thompson  XGBoost 10/10 XGBoost

Table 2: Best-arm identification per (dataset, algorithm). “Mode
share” is the fraction of seeds whose final highest-mean arm matches
the modal choice. “ Dataset-best arm” is the arm with the highest
precomputed mean NDCG@ 10 over the dataset’s test queries.

arm than UCBI, reflecting its more aggressive exploitation
under low residual uncertainty.

Both UCB1 and Thompson Sampling converge to the
highest-mean arm on every dataset. Thompson consistently
gets more cumulative reward than UCB1 across the entire
suite, reflecting Thompson’s faster posterior collapse around
the identified winner. The hypothesis of convergence with a
residual-exploration gap holds, since the empirical leader is
XGBoost on every dataset in the suite.

5.5 Multi-Peer Convergence with Gossip
Experiment

In this experiment we prove that within our system, with-
out any global coordination, each peer converges to the best
model faster by cooperation.

Hypothesis: With gossip enabled, adding more peers
should improve convergence because each peer benefits from
the others’ observations. The practical question is how large
the gossip benefit is relative to the oracle upper bound.

Setup: Each peer runs Algorithm 1 over the same four
models as the Single-Peer Convergence Experiment with no
model injection. We vary the network size Ne{5,10,20}
with gossip enabled, and also run the (N=20, gossip off)
case where 20 peers each run independently with no inter-
peer communication. Every peer processes Q=100 queries
per round for T=100 rounds (10,000 queries per peer). We
use UCBI as the bandit algorithm, as the Single-Peer Con-
vergence Experiment established that Thompson Sampling
has the better single-peer baseline. Thus, we choose UCB1
here as the conservative test of cooperation, since UCB1’s de-
terministic exploration term keeps it pulling worse arms for
longer than Thompson’s posterior-driven exploitation. The
cooperation benefit measured under UCBI is therefore a
lower bound on what gossip can deliver.

Results: Figure 4 compares three trajectories per dataset:
the oracle (network upper bound), gossip-on with N=20 (our
system), and gossip-off with N=20 (independent peers, no
communication). The gap between gossip-on and oracle is
the cost of decentralized learning under our protocol, while
the gap between gossip-off and gossip-on is the measured
value of cooperation. On every dataset, gossip-on closes
a substantial fraction of the gossip-off gap to oracle. On
MSLR-WEBI10K, the gap falls from 84.7 to 50.1 cumula-
tive NDCG@10, and on MSLR-WEB30K it falls from 77.3
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Figure 3: Cumulative regret of UCB1 and Thompson Sampling against the oracle-best arm on all five datasets. On 4 of the 5 datasets, regret
growth flattens within the first few tens of rounds, and the steady-state slope is small relative to the per-round oracle reward, confirming

convergence with a residual-exploration gap.

to 56.1. The improvement is similar on the remaining three
datasets.

Table 3 reports the final-round per-peer-average cumula-
tive reward, the gap to oracle, and the best-arm identification
rate. The gap-to-oracle is largely flat across N€{5, 10,20}
on every dataset, as most of the cooperation benefit is al-
ready captured at N=>5 (e.g. AOL4FOLTR goes from 37.6 at
N=5 to 39.3 at N=20, and MSLR-WEBI10K stays near 50
across all three sizes). Each additional peer beyond a small
swarm seemingly contributes progressively less new informa-
tion about arms the swarm already characterises well, and the
uncertainty bands tighten as N grows while the means barely
move.

Best-arm identification follows a similar pattern. With
gossip-on the rate is > 91.5% at N=20 on every dataset and
reaches 100% on three of the five and with gossip off it drops
to 73% - 100%. This angle measures the benefit of coopera-
tion based on the algorithm’s final state rather than cumula-
tive reward, as when operating in isolation, peers occasion-
ally converge on a suboptimal arm, whereas shared evidence
enables them to more reliably reach the same correct conclu-
sion.

On every dataset in the suite, gossip provides a measur-
able and statistically significant improvement over the no-
communication baseline. The relative magnitude varies with
the reward-gap structure of the dataset, as the largest gain ap-
pears to be on the noisier MSLR datasets where independent
peers seem to struggle most.

Gossip turns a collection of independently-learning peers
into a faster-converging swarm. The benefit shows up in both

Dataset Cond. N Final reward Gap to oracle Best-arm rate
MSLR-WEBIOK gossipon 5 50780+ 54 519+ 54 100.0%
gossipon 10 5079.7+ 4.5 502+ 4.5 100.0%
gossipon 20 5079.7+ 1.8 50.1+ 1.8 100.0%
gossipoff 20 504524+ 2.6 84.7+ 2.6 100.0%
MSLR-WEB30K gossipon 5 4840.6+ 57 558+ 5.7 80.0%
gossipon 10 48421+ 2.8 543+ 28 95.0%
gossipon 20 48403+ 2.2 56.1+ 2.2 91.5%
gossipoff 20 4819.1+ 2.5 773+ 2.5 73.0%
Istella gossip on 5 6972.1+ 5.0 494+ 5.0 82.0%
gossipon 10 6971.9+ 3.8 49.6+ 3.8 100.0%
gossipon 20 6972.6 £ 3.2 489+ 3.2 100.0%
gossipoff 20 6958.0+ 2.6 635+ 2.6 74.0%
MQ2008 gossipon 5 4825.6+ 44 921+ 44 100.0%
gossipon 10 48309+ 45 868+ 4.5 100.0%
gossipon 20 48285+ 4.1 89.2+ 4.1 98.5%
gossipoff 20 4811.2+ 4.0 106.5+ 4.0 83.0%
AOL4FOLTR gossipon 5 89234+ 47 376+ 4.7 100.0%
gossipon 10 89245+ 29 366+ 2.9 100.0%
gossipon 20 8921.8+ 2.9 393+ 2.9 100.0%
gossip off 20 8907.8 £ 3.1 533+ 3.1 100.0%

Table 3: Final-round per-peer-average cumulative reward and gap to
oracle for every configuration. The best-arm rate is the fraction of
(peer, run) pairs whose final highest-mean arm matches the dataset-
best model.

the cumulative reward (smaller gap to oracle) and the end-
state (high best-arm identification at N=20). The gain satu-
rates beyond N =~ 5 peers, suggesting that small-to-medium
swarms already capture most of the cooperation benefit, and
that increasing the network further yields diminishing returns
under fixed per-peer query budgets.
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between gossip-off and gossip-on is the value of cooperation.

5.6 Creative Destruction via Hot-Swap
Experiment

In this experiment we test whether a superior model, which is
injected mid-run into a network that has already converged on
an incumbent, reliably displaces it through independent local
bandit decisions and gossip propagation.

Hypothesis: The bandit displaces the incumbent and shifts
network-wide traffic to XGBoost on every dataset, as per Ta-
ble 2. The displacement should be visible as a crossover in
traffic share, with LightGBM’s share falling while XGBoost’s
rises.

Setup: The network starts with N=20 peers, all running
UCBI1 over only three of the four models: LightGBM,
PDGD, and LINEAR. XGBoost is withheld. The bandit con-
verges on the best model in the reduced pool in early rounds
(LightGBM, as shown by the Single-Peer Convergence Ex-
periment). At a configured injection round fipject, @ single
designated peer proposes XGBoost. It registers the arm lo-
cally, begins seeding the model artifact, and starts using it
in its own bandit. There is no immediate broadcast, as the
regular wall-clock gossip cycle picks up XGBoost on rota-
tion, and other peers discover it when they receive a GOS-
SIPMSG for an arm they do not yet have. We run with
tinject € {10,25,50} over T=200 rounds (Q=100 queries
per round, 20,000 queries per peer), on all five datasets, fol-
lowing the shared experimental protocol. The horizon is dou-
bled relative to the Single-Peer Convergence Experiment and
the Multi-Peer Convergence with Gossip Experiment to give
post-injection convergence enough budget to mature.
We report three quantities per (dataset, tinject):

1. Plurality round: The first round after injection at which
XGBoost holds the largest per-round traffic share of any
model in the active pool, measuring how quickly the
bandit reallocates traffic so that the superior model is the
most-used arm network-wide

2. Final XGBoost share: The fraction of network-wide
pulls in the final round allocated to XGBoost, capturing
the post-displacement steady-state distribution

3. Best-arm identification rate: The fraction of
(peer, seed) pairs whose final highest-mean arm is
XGBoost

Results: Table 4 reports the three metrics for every config-
uration. Two observations are worth remarking.

Firstly, XGBoost becomes the plurality arm on 10/10
seeds in every configuration. The plurality lag, the number
of rounds between injection and the round at which XGBoost
overtakes every other arm in network-wide share, ranges from
~ 16 rounds (AOL4FOLTR at tipject=10) to ~ 70 rounds
(MSLR-WEB30K at #ipject=25). The lag is broadly compa-
rable across the three injection points within each dataset, so
entry timing shifts the absolute plurality round but does not
structurally penalise late entrants.

Secondly, XGBoost network share consistently stabilises
as the plurality and frequently as the outright majority.
Final-round shares range from 52% (MSLR-WEB30K at
tinject=10) up to 100% (AOLAFOLTR and MSLR-WEB10K
at tinject=00), with best-arm identification at 82.5-100%
across every configuration. On datasets where the XGBoost—
LightGBM gap is small (e.g. MSLR-WEB30K), the share
oscillates in the 50-85% band rather than collapsing all
traffic onto XGBoost, while on datasets with a large gap
(AOLAFOLTR), the swarm allocates almost all of its queries
to XGBoost by the end of the run.
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Dataset tinject Plur. round Final XGB share Best-arm rate
MSLR-WEBI0K 10 25.8+ 1.0 81.3% +12.1% 100.0%
25 69.2+12.5 96.9% + 5.2% 99.0%
50 79.7 £ 5.2 100.0% + 0.0% 100.0%
MSLR-WEB30K 10 429+ 8.9 52.0% +10.2% 99.0%
25 95.0 +20.4 85.4% + 11.1% 93.5%
50 84.2+ 3.4 78.0%+11.7% 97.0%
Istella 10 54.2+ 3.1 60.5% %+ 9.9% 100.0%
25 88.1+ 8.7 68.9% + 23.3% 82.5%
50 101.7+ 4.7 96.7% + 6.5% 100.0%
MQ2008 10 30.5+ 3.0 72.3% £+ 8.6% 100.0%
25 69.7+10.5 78.9% + 7.6% 100.0%
50 87.5+12.2 76.0% + 11.0% 100.0%
AOL4FOLTR 10 25.6+ 1.1 100.0% £+ 0.0% 100.0%
25 51.5+ 7.7 99.9% + 0.1% 99.5%
50 73.6+ 2.9 99.9% + 0.1% 100.0%

Table 4: Creative-destruction metrics for every (dataset, tinject ) con-
figuration at 7'=200. The plurality round is reported as an absolute
round index (not an offset from tinject), and is the first round af-
ter injection at which XGBoost holds the largest per-round share of
any model in the active pool. Final XGBoost share is the fraction
of network-wide pulls allocated to XGBoost in the last round, and
best-arm rate is the fraction of (peer, seed) pairs whose final highest-
mean NDCG@10 arm is XGBoost.

Figure 5 shows the per-round traffic share of each model
on each dataset at the median injection round #ipject=25. The
pattern is consistent across every dataset, as before injec-
tion LightGBM dominates (~ 70-80% share, with PDGD
and LINEAR splitting the rest). At the injection point XG-
Boost’s share rises gradually as the one-emission-per-round
gossip protocol propagates the new arm peer-by-peer and
each newly-aware peer’s bandit allocates exploration pulls to
it. XGBoost overtakes LightGBM as the plurality arm within
roughly 26-70 rounds across datasets. After the crossover,
the XGBoost share stabilises in the 50-100% band and the
LightGBM share shrinks to the residual.

To formally test whether creative destruction is operating,
we apply Price’s Equation [10] to decompose the round-by-
round change in network-average reward. It was originally
formulated in evolutionary biology to decompose the change
in the average value of a trait across generations into a com-
ponent due to differential selection and a component due to
transmission bias. Holm [40] later adapted it to industrial dy-
namics, decomposing aggregate productivity change across
firms into a selection effect (market share reallocation toward
more productive firms), an innovation effect (entry of new
firms), and a destruction effect (exit of old firms).

In our setting, the population is the set of ranking models
active in round ¢, the weight wy(¢) is the fraction of network-
wide pulls allocated to model k in that round, and the fitness
fx is the model’s mean reward (precomputed NDCG@ 10
over the test queries). Because fj is a fixed property of
each model rather than a changing estimate, the decomposi-
tion cleanly separates three sources of change in the network-
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where Awy(t) = wy(t) — wg(t—1) is the change in traffic
share for model k, and C; denotes the active arm set at round
t.

The selection effect captures reallocation among models
that persist across both rounds. It is positive when the ban-
dit shifts traffic from lower-performing to higher-performing
models, as the Awy, terms are positive for arms with high fj
and negative for arms with low fy, so the weighted sum is
positive whenever reallocation favours quality.

The innovation effect captures the contribution of models
that enter at round ¢. It is positive when a newly arriving
model has a high f; and receives nonzero traffic. At the injec-
tion round, this term spikes as XGBoost enters with a higher
mean than the incumbent pool.

The destruction effect captures the removal of models that
are eliminated between rounds t—1 and ¢. It is subtracted
when a low- f;, model is eliminated, removing its (small but
nonzero) traffic share raises the population-weighted average,
producing a positive net contribution to Aw. This term is
nonzero only when the elimination operator v fires.

If the selection and innovation effects are positive and sus-
tained in the rounds following injection, and the destruction
effect removes low-fitness arms, creative destruction is oper-
ating. If only the selection effect is present and the innovation
effect is zero, entry may be formally open yet practically inef-

fective. Figure 6 plots the selection, innovation, and destruc-
tion components over rounds for two representative datasets
at tinject=25. Three characteristic features are visible on ev-
ery dataset:

» The innovation effect is zero everywhere except the in-
jection round, where it jumps upward as XGBoost enters
the pool with mean reward above the pre-injection best.
This is the innovation event in Holm’s [40] adaptation of
Price’s Equation: a discrete, one-shot jump in the perfor-
mance frontier driven by a new entrant. In Figure 6 this
appears as a single tall bar at {=25 on both panels.

* For many rounds after injection the selection effect
remains positive as the bandit gradually shifts traffic
from LightGBM to XGBoost. The integral of the post-
injection selection curve is the dominant component of
the cumulative-reward improvement attributable to the
swarm’s growing recognition of the new arm’s superior-
ity.

* The destruction effect becomes nonzero when the elim-
ination operator 1) fires and retires a dominated arm. Its
removal raises the population-weighted average by strip-
ping out the traffic share of a low-fitness model, produc-
ing a small but positive contribution to Aw. In Figure 6
this appears as a modest upward step at the round where
LINEAR or PDGD is eliminated.

The system reliably elevates the superior new model to
plurality of network-wide traffic on every (dataset, tinject)
configuration we evaluate, with discovery completed within
a few to a few tens of rounds and plurality attained within
roughly 16—70 rounds after injection. The Price’s Equation
decomposition confirms that a discrete innovation event, a
sustained positive selection effect, and a destruction effect
from arm retirement are all operating, the empirical signa-
ture of the creative-destruction process Aghion and Howitt
describe.

The penalty of late entry shows up not in whether plurality
is attained (it always is), but in the absolute round at which



the swarm internalises the new arm. With 7=200 rounds,
final-round XGBoost shares are 52—-100% and best-arm iden-
tification rates are 82.5-100%, comparable to the Multi-Peer
Convergence with Gossip experiment’s results.

6 Conclusions and Future Directions

This paper set out to ask whether creative destruction can op-
erate in search without central coordination. The answer,
across five learning-to-rank benchmarks and three experi-
ments, appears to be yes. A single peer running Thompson
Sampling or UCB1 converges to the highest-mean arm on ev-
ery dataset. Gossip cooperation closes a substantial fraction
of the gap to the centralized oracle, with most of the benefit
already captured at five peers. And when a superior model is
injected mid-run by a single contributor, the network elevates
it to the plurality arm within 1670 rounds after injection on
every configuration tested, without any authority announcing
the transition or mandating the switch.

The Price’s Equation decomposition confirms that all three
components of Holm’s adaptation are simultaneously active
following injection, marked by a discrete innovation spike as
XGBoost enters the pool above the incumbent frontier, a sus-
tained positive selection effect as the bandit gradually shifts
traffic toward the superior entrant, and a destruction effect as
dominated arms are retired and stripped of their traffic share.
This is the empirical signature of Schumpeterian creative de-
struction, and it emerges here from nothing more than local
bandit decisions and a lightweight gossip protocol.

The system is not without its limitations, however. The ex-
periments evaluated here assume a model pool in which one
arm is unambiguously superior across the dataset as a whole.
This is a convenient property for demonstrating convergence,
but it is not guaranteed in practice, as a new entrant might out-
perform the incumbent on one query distribution while under-
performing on another, and it remains an open question how
the bandit and gossip protocol behave when no single arm
dominates. Whether the system reaches a stable mixed-traffic
equilibrium, cycles between arms, or converges slowly on a
suboptimal choice under such conditions is a natural target
for future experimental work.

Another direction concerns the fidelity of the evaluation
signal. The experiments substitute benchmark datasets for
live click feedback, replaying precomputed relevance judge-
ments as the reward signal in place of genuine user interac-
tions. Click feedback is noisier, position-biased, and user-
dependent in ways that offline NDCG scores are not, and the
behaviour of the bandit and gossip protocol under that noisier
signal remains to be established.

The gossip protocol does not prevent a peer from lying
about its own observations, and a malicious peer can inflate
or deflate the rewards it reports for any arm, biasing the net-
work’s belief about model quality without detection. At the
identity level, a Sybil attacker [23] can register many peer
identities and coordinate their false reports to amplify this
bias further. Protecting the system against both classes of
threat is a promising avenue for future work. For statistical
robustness, the trimmed-mean filtering mechanism of Hu et
al.’s [22] DeMABAR is a natural starting point, as it limits the

influence of corrupted observations on each agent’s reward
estimates. For identity robustness, two candidates are Mer-
itRank [41], a Sybil-tolerant reputation system that weights
peer contributions by merit rather than identity count, and
the attestation-revocation mechanism of Chotkan et al. [42],
which provides a way to invalidate compromised peer iden-
tities across a distributed network without requiring a central
authority.

To conclude, SurvivalRank demonstrates that the open en-
try condition Aghion and Howitt treat as given can be re-
engineered into search at the protocol level. The cost of at-
tempting to displace the incumbent is reduced to the cost of
training a ranking model. Whether that is sufficient to restore
competitive dynamics in practice depends on adoption, and
adoption is not a technical problem. But the technical barrier,
which this paper identifies as the absence of a decentralized
evaluation and propagation mechanism, has been removed.
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Appendix

Algorithm 2 Gossip-Augmented Decentralized MAB (Full)

Require: Arm set K, identity ¢, queries-per-round @, exploration constant ¢, minimum pulls Ny, gossip interval i, obser-

10:
11:
12:
13:
14:

15:

16:
17:
18:
19:
20:
21:
22:

23:

24
25:
26:
27:
28:
29:
30:
31:
32:
33:

34:
35:
36:
37:
38:
39:

40:

AR A ol ey

vation TTL A, algo € {Ts, UCB1}, total pulls N
Operators (from Algorithm 1): prior sg, aggregator v (yields ¢x), index ¢, update &, eliminate v

Initialisation
K« 0; L+ 0; qroung < 0 > local Lamport counter, round counter
for each arm k£ € K do
owng <— So > prior so: (a=1, f=1,n=0) for Ts; (R=0,n=0) for UCBI
Iy, « 0 > 1 [s]: latest observation of arm k from sender s
SEED(k) via libtorrent if local file exists
end for
A0 > A[(s, k)]: highest Lamport stamp accepted from s for arm k

Asynchronous handlers (run on incoming IPv8 messages)
on GOSSIPMSG(s, k, n, R, o, 3, £, magnet):
if & ¢ K and magnet # ()

FETCHASYNC(k, magnet); return > discovery; arm enters KC on FetchComplete
if k ¢ K: return
if ¢ < A[(s, k)]: return > Lamport gating drops duplicates and out-of-order drops
A[(s, k)] + ¢
I[s] + (n, R,a, B8, last_received=Now()) > overwrite, no merge
// triggered when libtorrent download finishes
on FETCHCOMPLETE(k): SCORE(k); K + KU {k}; owng < sg; Iy < 0 > prior Sg for new arm

Wall-clock gossip emitter (independent of query loop)
every T, seconds:
k < uniform random arm from K \ K¢
j < uniform random peer from IPv8’s continuously-walked peer table
if £ = 0 or j = (: skip this cycle
L+ L+1
Send GOSSIPMSG(i, k, owng.n, owng.R, owng.c, owng.B, L, magnetk) to j
// TTL eviction: drop every IIi[s] with Now() — IIi[s].last_received > A,

Main per-query loop
for query g =1,2,...do
// Phase 1: aggregator v — fold own + non-stale peer obs. into ¢y,
for each arm k£ € K in deterministic order do
Sk + {s €Il : Now() — IIx[s].last_received < A, } > non-stale senders
if algo = TS then
ar, + 1+ (ownp.a — 1) + 37 s, (Hx[s].a — 1)

Br < 14 (owng.f—1) + > s (k[s].0 — 1)

My, < owng.n + ZSESk I [s].n > (G, Br, k) = Gk
else if algo = UCB1 then
| Ry < owny.R+ >ses, Hk[sl. Ry g <= owng.n + 3 s Ti[s]n > (Ry,Ny) = G
end if
end for
// Phase 2: index ¢ — select k* = arg maxy, ¢(cx) over non-excluded arms
A+ K\ K£ee
if 3k € A: 1, = 0 then
| k* < first such k in deterministic order > force-explore
else if algo = TS then
| Sample 6, ~ Beta(dy, Bk) foreach k € A; k* + argmaxge4 Ok > ¢ = posterior sample

else if algo = UCB1 then
Ry, o BN ET)

; ties broken by RNG > ¢ = UCB index
N +

k* < arg maxpc .4 l




> @ for TS

> & for UCBI

> point estimate from cy,

> 1) fires: k confidently dominated
> remove from choice set only; aggregate stats persist

41: | endif
// Phase 3: update & — oung= < owng~ G r
42: | ranking <~ MODELy~(q, D); r < NDCG@ 10(ranking)
43: L+ L+1;, owng~.lamport < L; owng-.n+=1
44: | if algo = TS then
45: | owngr.a +=1; owng+.f+=(1—7r)
46: | elseif algo = UCB1 then
47: | | ownp.R+=r
48: | end if
49: Ground <~ Ground +1
// Round boundary: local elimination only (gossip is independent, see emitter)
50: if ¢rouna < @ then continue
51: | endif
52 Ground <+ 0
// Phase 4: eliminate v — 1)(¢y, {¢x }) via LCB/UCB domination (purely local; no broadcast)
53: | £+ {keK\K": N> Npin }
54: | if|€| > 1 then
55: for eacharm k € £ do .
56: fg < Ry /fg (UCBI) or Gy /(G + Br) (TS)
57: Wg ln(N + 1)/(2ﬁk)
58: LBy < max(0, i — wg); UBg < min(1, jix + wg)
59: end for
60: kbest < arg maxgcg LBk
61: for eacharm k € &, k # kpest do
62: if UB; < LBg,,., then
63: | K+ KU {k}
64: end if
65: end for
66: | end if
67: end for

Additional Experimental Setup Details

All experiment configurations are repeated with the same fixed set of random seeds: {42,1337,2718, 3141, 161803, 271828,
577215,14142,86420,99999}. Plotted curves and tables aggregate these ten runs, and shaded bands denote 95% confidence
intervals.
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Figure 7: Final arm-pull distributions for representative configurations: the largest dataset (MSLR-WEBI10K, top) and the smallest (MQ2008, bottom), for both UCB1 (left) and
Thompson Sampling (right). Pulls concentrate on the highest-mean model, with Thompson exploiting more aggressively.
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