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Abstract

Marketplace recommenders operate under two competing pressures: they must surface relevant candi-
dates at low latency while respecting supply-side capacity, policy constraints, and ecosystem balance. A
common failure mode of purely local candidate generation is overproduction of redundant or infeasible
options that are later filtered by business rules or ranking-time caps, wasting computation and reducing
coverage for the long tail of listings and sellers. This paper presents a scalable bipartite graph matching
system that produces recommendation candidates as a constrained assignment problem between demand
entities and supply entities. The core contribution is blocked parallel augmentation, a distributed augmen-
tation mechanism that decomposes the graph into blocks, performs localized augmenting path discovery
and tentative updates in parallel, and commits non-conflicting augmentations via deterministic arbitra-
tion. The design targets the operational characteristics of marketplaces: dynamic eligibility edges, high
churn in supply, asymmetric degree distributions, and the need for controllable trade-offs between solu-
tion quality and throughput. The system integrates a capacity-aware matching objective with practical
constraints including per-supply exposure budgets, per-demand candidate quotas, and soft penalties that
discourage repeated exposure. The paper details the algorithmic structure, consistency model, partition-
ing strategy, and an implementation that supports both batch and incremental updates. Analytical con-
siderations and trace-driven experiments demonstrate how block sizing, conflict rates, and degree skew
influence convergence and resource usage, and how the approach improves feasible candidate yield and
supply coverage under fixed compute budgets.

1. Introduction

Recommendation candidate generation in marketplaces differs from candidate generation in single-
sided catalog settings because supply is both constrained and strategic [1]. A listing can be recom-
mended only while it is available, eligible for a given user context, and within policy and budget
constraints that may be applied at the seller, category, or inventory level. Demand, in turn, is het-
erogeneous in intent, location, and timing, and the system is often required to produce a bounded
number of candidates per request to satisfy online latency objectives. These constraints motivate a
global view of candidate selection: rather than generating a large local neighborhood for each user
independently and then filtering, a matching-based layer can produce candidates that are already

feasible under capacity and policy constraints, with controllable allocation across the supply side.

A direct maximum matching formulation, however, is computationally challenging at marketplace
scale [2]. The candidate graph can contain billions of potential edges when eligibility and similarity
are considered, even after strong pre-filtering. Graph structure is also highly non-uniform. Popular
queries, dense metropolitan regions, or viral items generate extreme degree concentrations, while
the majority of listings and users remain in sparse regimes. Moreover, the graph is dynamic: listings
are created and removed, inventory states change, and eligibility constraints vary with location and

policy updates. These properties stress classical centralized matching algorithms and complicate
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parallelization because augmenting paths, the mechanism by which matchings improve, inherently
interact through shared vertices and edges [3].
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Figure 1. End-to-end candidate generation: marketplace signals and catalog data build a bipartite graph, par-
titioned into blocks for parallel augmentation-based matching under marketplace constraints, producing can-
didates for ranking and serving with a lightweight feedback loop.

This paper describes a system that treats candidate generation as a bipartite matching or capacity-
constrained b-matching problem and solves it with a blocked parallel augmentation algorithm tai-
lored to distributed environments. The central idea is to decompose the bipartite graph into blocks
using a partitioning function, run localized augmentation searches inside blocks in parallel to pro-
pose improvements, and then commit a subset of those improvements that are provably non-conflicting
under a lightweight arbitration mechanism. Blocking reduces coordination overhead by increasing
locality of vertex ownership and limiting the scope of conflicts, while augmentation preserves the
structural advantage of matching methods: improvements are expressed as alternating paths or cy-
cles that can be applied with simple edge flips.

The system is designed as a candidate producer rather than a final allocator [4]. Its output is a
bounded set of feasible edges per demand entity, intended to seed a downstream ranking model
or auction-like selection. This distinction matters operationally. Candidate generation tolerates
approximate optimality if feasibility, diversity, and latency targets are met. The system therefore
exposes knobs that trade solution quality for throughput, including maximum augmentation depth,
block size, and conflict resolution strictness. These knobs allow the system to adapt to different
product surfaces, from high-frequency home feeds to lower-frequency transactional flows [5].

The contributions of this paper are threefold. First, it presents a problem formulation that captures
marketplace candidate generation as a bipartite capacity-constrained matching with soft exposure
regularization, expressing a balance between relevance and ecosystem constraints. Second, it in-
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Figure 2. Blocked parallel augmentation loop: workers compute local augmentations within selected blocks,
then merge and reconcile updates into a global matching under marketplace policies before iterating.

troduces blocked parallel augmentation, a distributed augmentation method that uses block-local
searches and deterministic commit to scale matching improvements while preserving correctness
with respect to capacity constraints. Third, it describes an end-to-end architecture that integrates
graph construction, partitioning, augmentation, state storage, and incremental updates, along with
analytical and experimental characterization of convergence, conflict behavior, and performance
under skew and churn [6].

The remainder of the paper proceeds as follows. The next section formalizes the graph model, objec-
tive, and constraints, emphasizing operational constraints common in marketplaces. The following
section describes blocked parallel augmentation in detail, including its search strategy, conflict detec-
tion, and commit protocol. Subsequent sections cover the distributed architecture, the consistency
and data engineering considerations needed for production, and an evaluation methodology with
results from controlled experiments on production-like traces and synthetic stress tests. The paper
concludes with a discussion of the practical trade-offs and limitations of matching-based candidate
generation at scale [7].

2. System Model and Problem Formulation

We consider a bipartite graph G = (U, V, E) in which U represents demand-side entities such as user-
context pairs, sessions, or query impressions, and V represents supply-side entities such as listings,
sellers, or inventory items. An edge e = (u, v) € E exists when v is eligible to be shown to u under
hard constraints, and the system has evidence that showing v to u is potentially useful. Eligibility
encapsulates deterministic constraints such as geo-availability, age or policy restrictions, inventory
state, category rules, and seller status. Usefulness is represented by a learned score or heuristic
similarity that is used to prioritize which feasible edges should be included in the candidate set [8].
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Figure 3. Distributed execution view: a coordinator schedules block tasks to shard-aligned workers via a
queue, workers apply local augmentations against a shared matching state, and checkpoints enable replay and
recovery for long-running workloads.
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Figure 4. Conflict-safe update protocol: proposed augmentations reserve endpoints and validate state versions
before an atomic commit; conflicts trigger rejection with backoff to preserve correctness under parallel block
execution.

Candidate generation typically seeks to output a bounded set C(u) C {v : (4, v) € E} of size at most
ky, where k, is a per-demand quota determined by product and latency budgets. In a marketplace,
there is also a need to regulate supply-side exposure. A listing may have an exposure budget per
time window, a seller may have a cap across listings, or a category may have allocation constraints.
These constraints can be expressed as capacities on the supply side. In the simplest case, each supply
vertex v has a capacity ¢, > 0 indicating the maximum number of demand vertices it can be matched
to in the current generation window. Similarly, demand vertices may have a capacity b, indicating
how many candidates they should receive; in standard candidate generation b, is often close to k,,
but the system may allow smaller values under scarcity or aggressive filtering [9].

This leads to a bipartite b-matching formulation in which we seek a multiset of edges M C E such
that degree constraints hold:

D 1<b, Vuel, (1)
vi(u,v)eM

1<c¢, Vvev. (2)
w:(u,v)eM

When b, = 1 and ¢, = 1, the problem reduces to standard bipartite matching. For candidate genera-
tion, by, is typically larger than one, and ¢, may also exceed one when multiple exposures per supply
are allowed.
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Figure 5. Operational view: the matcher exports latency/throughput/quality signals to dashboards and SLO
alerts; guardrails and auto-tuning adjust block sizing and scheduling parameters to keep candidate generation
stable under marketplace load.

To incorporate relevance, we associate a weight w,,, with each edge (u, v). The weight can be derived
from a retrieval model score, a learned embedding similarity, a calibrated click probability, or a
composite of multiple signals [10]. The natural objective is to maximize total weight subject to
capacities:

max Z Wyy 3)

MCE
(u,v)eM
s.t. Z 1<b, Vu, (4)
vi(u,v)eM
Z 1<¢, Vv (5)
u:(u,v)eM

This formulation captures the allocation tension between satisfying high-value demand edges and
respecting supply exposure limits. However, marketplace recommenders often also require soft reg-
ularization that discourages repeated exposure of the same supply to the same demand entity over
short horizons, and that encourages distribution across sellers or categories. Such requirements can
be expressed by modifying weights with penalties that depend on historical exposure counts h,, or
supply-side aggregates H,. A practical model uses an effective weight:

Wiy = Wyy — AP(hy) — w(H,), (6)

where ¢ and 1 are nonnegative increasing functions, and A and p control the strength of the penal-
ties [11]. This retains a linear objective in the decision variables if h,, and H, are treated as constants
during a generation window, which is typical when penalties are derived from a trailing time win-
dow and updated between runs.

The graph E itself is not given explicitly at full scale. It is generated by a pipeline that combines
hard filters and approximate retrieval. Hard filters ensure eligibility, while approximate retrieval
provides a bounded neighborhood per demand vertex using embedding search, query expansion, or
rule-based retrieval. As a result, the observed graph is a sampled subgraph of an implicit eligibility
relation [12]. The sampling process interacts with matching: if retrieval over-concentrates on a
small set of popular supply vertices, then capacities will cause many edges to be rejected, lowering
the realized candidate yield. Conversely, if retrieval is diversified but too diffuse, the matching may
sacrifice weight. This motivates an integrated view in which retrieval produces a moderately large
but structured neighborhood and matching enforces feasibility and allocation.
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Operationally, the system must support two execution modes. In batch mode, the system periodi-
cally computes a fresh matching on a snapshot of the graph for a time window, producing candidate
sets that are consumed by online services [13]. In incremental mode, the system maintains and
updates a matching as edges and vertices change due to events such as listing creation, inventory
changes, or policy updates. Incremental updates are critical for freshness, but they introduce chal-
lenges because maintaining exact optimality under streaming updates is costly. The blocked parallel
augmentation approach is designed to handle both modes by treating each run as a bounded number
of augmentation rounds that can start from an existing matching state.

Because the output is used for candidate generation rather than final allocation, the system accepts
approximate solutions provided they satisfy hard constraints and provide high feasible yield [14].

This leads to a quality measure that is not solely total weight. One relevant measure is feasible
coverage, the fraction of demand vertices achieving their desired quota:

) 1 deg;(u)

Yield 0 1;] by, (7)
Another measure is supply coverage and distribution, for example the fraction of supply vertices that
receive at least one match, or the entropy of the match distribution across sellers. These measures
motivate algorithmic choices that avoid pathological concentration even when weights are steeply
skewed. In practice, the system may cap per-supply degrees, apply weight smoothing, or incorporate
penalties as above [15].

Finally, feasibility constraints may be context-dependent. A supply item may be eligible only for a
subset of demand contexts; capacities may vary by time and geography; and some constraints may be
hierarchical, such as seller-level caps that aggregate across listings. Hierarchical constraints can be
represented by introducing additional supply-side vertices corresponding to groups and connecting
listings to groups with capacity edges. Alternatively, they can be handled by projecting constraints
into effective capacities ¢, computed per listing based on group budgets [16]. The system described

here assumes capacities at the vertex level during augmentation, while allowing capacity computa-
tion to incorporate hierarchical rules upstream.

3. Blocked Parallel Augmentation Algorithm

Augmentation-based matching algorithms improve an existing matching by finding alternating paths
or cycles that increase the matching size or weight. In the unweighted case, an augmenting path is a
path that alternates between unmatched and matched edges and starts and ends at free capacity on
opposite sides; flipping matched status along the path increases the cardinality of the matching by
one. In the b-matching setting, the notion generalizes by treating each unit of residual capacity at
a vertex as a free slot. An augmenting path then starts at a demand vertex u with residual capacity,
ends at a supply vertex v with residual capacity, and alternates between edges not in the current
matching and edges in the matching, with the flip operation increasing total matched edges by one
unit while respecting capacities [17].

The challenge in distributed environments is that augmenting paths interact. Two paths may share a
vertex or edge, and applying both can violate capacity constraints or create inconsistencies. Classical
parallelization strategies seek collections of vertex-disjoint augmenting paths and apply them simul-
taneously, but finding a large set of disjoint paths in a distributed graph is itself expensive. Blocked
parallel augmentation addresses this by limiting the scope of path search and conflict detection to
blocks that are designed to have high locality, and by using a commit protocol that guarantees that
only non-conflicting augmentations are applied [18].
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Table 1. Summary of bipartite interaction graphs used for evaluating the matching system.

Dataset # Users (M) # Items (M) # Edges (M)
Global Marketplace 120.3 42.1 3,850
Regional Retail 32.7 8.9 740
Long-Tail Vertical 11.4 6.2 210
High-Churn Flash Sales 9.8 35 185
Cold-Start Sellers 6.1 1.7 96

Table 2. Algorithmic variants evaluated for large-scale bipartite graph matching.

Variant Parallelism Model Blocking Strategy Description

Greedy-Seq Single-threaded None Baseline greedy matching
on asingle core

Greedy-Shared Shared-memory Vertex sharding Parallel greedy with parti-
tioned vertex sets

Hungarian-Sharded Distributed Item sharding Approximate  Hungarian
over sharded items

Blocked-PA Shared-memory Edge blocking Proposed blocked parallel
augmentation algorithm

Blocked-PA+Rebal Shared-memory Adaptive blocking Blocked parallel augmen-
tation with dynamic load
rebalancing

The algorithm begins with a partition of vertices into blocks. A simple approach assigns all supply
vertices V to blocks by a hash of their identifiers and assigns demand vertices U by either the same
hash on a canonical key or by colocating a demand vertex with the block containing most of its
neighbor supply vertices. In practice, supply-based partitioning is often convenient because supply
entities are fewer than demand contexts and have more persistent state, including capacities and
exposure history. Each block owns a subset V; € V and a working set of incident edges E; = {(u, v) €
E : v € Vi}. Demand vertices may appear in multiple blocks as ghost vertices, with their state either
replicated read-only or accessed via a lightweight service.

Given a current matching M, each block performs local augmentation searches to propose improve-
ments [19]. The basic local search treats the block-induced subgraph as a graph in which supply
vertices are owned and demand vertices are partially observed through their incident edges in the
block. The block attempts to route residual demand capacity to residual supply capacity through
alternating paths that primarily traverse owned supply vertices, thereby increasing locality. To do
this efficiently, the block constructs a layered graph using a BFS-like procedure similar in spirit to
Hopcroft-Karp, but adapted to b-matching and to partial ownership. From a set of active demand
vertices u with residual capacity, the search explores unmatched edges (u, v) into owned supply
vertices v, then from those supply vertices explores matched edges back to demand vertices, and
continues until it reaches owned supply vertices with residual capacity. Because demand vertices
are not owned, the block treats their matched edges as pointers to supply vertices which may be in
other blocks, and can optionally stop or continue based on a boundary policy [20].

A key design choice is the boundary policy, which determines whether local searches are allowed to
traverse matched edges that leave the block. A strict local policy prohibits crossing block boundaries,
yielding purely block-local augmentations that are conflict-free by construction if demand capacities
are also locally enforced. However, strict locality can stall when the needed alternating paths cross
blocks. A relaxed policy allows boundary crossings up to a bounded depth, at the cost of potential
conflicts that must be resolved at commit [21]. Blocked parallel augmentation uses a relaxed policy
with bounded exploration depth L and a preference for paths with fewer boundary crossings, thereby
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Table 3. Offline throughput and latency comparison on the largest marketplace graph.

Method Throughput (M edges/s) Speedup vs Greedy-Seq Mean Latency (ms)
Greedy-Seq 12.4 1.0x 438
Greedy-Shared (32 cores) 163.8 13.2x 71
Hungarian-Sharded (32 workers) 97.5 7.9% 126

Blocked-PA (32 cores) 221.3 17.8% 52
Blocked-PA+Rebal (32 cores) 247.9 20.0%X 46

Table 4. Matching quality metrics averaged across all marketplace segments.

Method Precision@50 Recall@50 User Coverage (%)
Greedy-Seq 0.214 0.132 91.8
Greedy-Shared 0.217 0.135 91.9
Hungarian-Sharded 0.229 0.143 92.0
Blocked-PA 0.236 0.149 96.3
Blocked-PA+Rebal 0.239 0.151 97.1

enabling progress while controlling conflict rates.

Each local search produces a set of candidate augmentations represented as sequences of edge
flips. Because b-matching allows multiple units per vertex, the representation must account for
per-vertex residual capacity. One convenient representation is to treat each matched edge as oc-
cupying one unit and maintain residual counts. An augmentation path P is then an ordered list of
edges (e, e, . . ., €3111) Where odd-indexed edges are currently unmatched and even-indexed edges
are currently matched. Applying P toggles membership of all edges in P, increasing the matched
edge count by one [22]. The block assigns a score to each candidate augmentation, typically the sum
of effective weights on newly added edges minus the sum of effective weights on removed edges. In
the unweighted or cardinality-first case, the score can be treated as one for all valid augmentations,

and tie-breaking can be based on deterministic identifiers to reduce non-determinism across runs.

The block then performs an internal packing step to reduce conflicts before global commit. It se-
lects a subset of candidate augmentations that are internally non-conflicting with respect to owned
supply vertices, ensuring that no owned supply vertex exceeds its capacity when all selected aug-
mentations are applied [23]. Because demand vertices may be shared across blocks, the block can
also enforce a conservative demand constraint by limiting the number of augmentations that touch
the same demand vertex within the block. This packing step can be implemented by greedily accept-
ing augmentations in descending score order while tracking incremental degree changes on owned

vertices and approximate changes on ghost vertices.

After local packing, each block emits a proposal set to a commit protocol. The commit protocol has
two tasks: detect conflicts between proposals from different blocks and apply a consistent subset.
Conlflicts arise when proposals share a vertex whose capacity would be exceeded or when proposals
attempt to flip the same edge in incompatible ways [24]. The protocol uses deterministic arbitration
keyed by vertex ownership. Since supply vertices are owned by blocks, supply-side conflicts can be
resolved by having the owning block arbitrate all proposals that touch its vertices. Demand vertices
may not have a unique owner, so demand-side conflicts are resolved by assigning a virtual owner
function, for example a hash of the demand identifier, and routing demand-touching proposals to
the corresponding arbiter. In both cases, the arbiter receives competing claims and selects a subset
that respects capacity and maximizes an arbitration objective such as total proposal score [25].

Commit proceeds in rounds. In each round, blocks first reserve capacity on owned supply vertices
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Table 5. Scalability of the blocked parallel augmentation engine under increasing core counts.

# Cores Throughput (M edges/s) Parallel Efficiency (%) P99 Latency (ms)
1 12.4 100.0 612

4 47.2 95.2 226

8 93.7 94.5 132

16 175.1 88.3 87

32 247.9 77.9 61

64 311.4 62.7 55

Table 6. End-to-end latency breakdown for the online recommendation candidate service.

Pipeline Stage Time per Request (ms) Share of Total (%)
Request parsing & validation 3.2 4.8

Graph block retrieval 16.9 25.4

Blocked augmentation kernel 335 50.4
Post-processing & deduplication 7.8 11.7

Feature enrichment 3.9 5.9

Serialization & network egress 2.1 1.8

for their selected proposals by writing tentative reservations into a distributed store with compare-
and-swap semantics. Reservations include a proposal identifier, the set of affected owned vertices,
and the net degree changes. If a reservation fails due to contention, the block retracts the conflicting
proposal and may attempt to replace it with a lower-priority alternative. Once reservations suc-
ceed for a proposal across all its owned supply vertices, the proposal is eligible for finalization [26].
Finalization flips the edges in the matching state and updates residual capacities. Edge flips are writ-
ten as idempotent operations tagged with the proposal identifier, allowing retries without double

application.

To keep the protocol lightweight, the system avoids global synchronization barriers. Instead, each
round is bounded by a time or iteration budget, and proposals that cannot be committed are deferred
[27]. The algorithm terminates after R rounds or when progress falls below a threshold, such as a
small increase in yield. In batch mode, termination can be based on a fixed compute budget aligned
with the pipeline schedule. In incremental mode, termination is often driven by the event queue size
and latency requirements.

Theoretical correctness properties follow from the reservation and finalization semantics. The in-
variant maintained is that the matching state always satisfies capacity constraints on all owned
vertices, and that each committed proposal corresponds to a valid alternating path in the matching
state at the time of reservation [28]. Because the state may change between local search and commit,
the protocol must validate proposals during reservation, at least for the edges and vertices whose
ownership is involved. Validation checks that edges intended to be removed are still matched and
edges intended to be added are still eligible and unmatched, and that residual capacities exist at end-
points. If validation fails, the proposal is discarded. This validation step is essential in high-churn
settings where eligibility edges can appear and disappear frequently [29].

Blocked parallel augmentation can be extended from cardinality maximization to approximate weight
maximization. One approach is to treat the objective as lexicographic: first satisfy as much demand
quota as possible, then improve total weight. This can be achieved by running cardinality-focused
rounds until yield saturates, then running weight-improving rounds that allow augmentations which
do not increase cardinality but increase total weight via alternating cycles or via augmenting paths
that swap lower-weight matches for higher-weight ones while keeping cardinality constant. An-
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Table 7. Peak memory footprint of different matching engines on the largest dataset.

Component Peak Memory (GB) Relative to Greedy-Seq (%)
Greedy-Seq engine 14.2 100.0
Greedy-Shared engine 18.9 133.1
Hungarian-Sharded engine 24.7 173.9
Blocked-PA engine 16.1 113.4
Blocked-PA+Rebal engine 17.0 119.7

Table 8. Sensitivity of the blocked augmentation kernel to block size on the production workload.

Block Size (edges) Throughput (M edges/s) Matched Users (%)
4,096 189.4 95.8
8,192 213.7 9.5
16,384 247.9 97.1
32,768 241.2 97.0
65,536 228.6 96.8
131,072 210.3 96.0

other approach uses a cost-scaling view in which weights are discretized and the algorithm pro-
ceeds in phases, each phase considering only edges above a threshold and augmenting cardinality
on that subgraph, then gradually lowering the threshold. This yields controllable approximation
while preserving the augmentation mechanism [30].

A useful analytical lens is to model conflicts probabilistically as a function of block size and degree
distribution. Suppose supply vertices are partitioned uniformly into B blocks and consider a proposal
that touches s owned supply vertices and d demand vertices. If demand ownership is hashed into
B virtual owners, the probability that two random proposals contend on a given demand owner
increases with d and with the concentration of demand identifiers. Similarly, contention on supply
vertices increases with the skew in supply degrees and with the concentration of high-weight edges
around popular supply [31]. Blocking reduces supply contention by ensuring that proposals are
mostly internal to a block, but it can increase demand contention if many blocks compete for the
same set of high-activity demand vertices. This motivates partitioning strategies that align demand

contexts with their dominant supply neighborhoods, reducing cross-block interaction.

The algorithm also supports a mechanism for cold-start supply and long-tail balancing. If weights
are derived from historical engagement, new listings may have lower or noisier weights and may be
crowded out. The system can incorporate a prior boost or exploration weight component and then
rely on capacity constraints and penalties to spread exposure [32]. In the augmentation framework,
this simply changes edge scores, but operationally it affects conflict rates because boosted edges may
create new contention patterns. Blocking helps by localizing such contention to blocks where new

listings reside, allowing exploration without global coordination costs.

4. Distributed Architecture and Implementation

The system architecture is organized around a graph construction pipeline, a matching state store, a
blocked augmentation compute layer, and downstream serving interfaces that consume the produced
candidate sets. The architecture must support large-scale graphs, frequent updates, and predictable
resource usage under strict scheduling [33]. A practical implementation treats the matching com-

putation as a distributed job that can run either periodically over snapshots or continuously over
micro-batches of updates.
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Table 9. Online A/B testing results for the proposed matching system on marketplace traffic.

Experiment Variant CTR Lift (%) Conversion Lift (%) Revenue / 1K Impressions
(% Lift)

Greedy-Shared (control) 0.0 0.0 0.0

Blocked-PA +2.7 +1.9 +2.1

Blocked-PA+Rebal +3.4 +2.3 +2.8

Blocked-PA+Rebal+Quality Filter +3.1 +2.9 +3.2

Table 10. Robustness of the blocked parallel augmentation engine under operational stress scenarios.

Failure Scenario Throughput (M edges/s) Relative to Baseline (%) P99 Latency (ms)
Baseline (no failure) 247.9 100.0 61
Single-core outage (1/32) 232.5 93.8 65
Skewed traffic spike (x4) 218.1 88.0 73
Hot-item burst (top-0.1% items) 224.7 90.7 69
Storage throttling (-20% 1/0) 205.3 82.8 81
Network jitter (p95 = 15ms) 212.9 85.9 78

Graph construction begins by defining demand vertices U at the granularity appropriate for the
product. For a home feed, a demand vertex may represent a user-session context that includes loca-
tion, device, and recent interactions. For a search surface, it may represent a query-session context.
Supply vertices V represent listings or supply units with associated metadata such as location, cat-
egory, seller, inventory state, and policy attributes [34]. Hard eligibility is computed by joining
demand context constraints with supply metadata, often using precomputed region indices and pol-
icy tables. Because exact eligibility joins can be expensive, the system employs hierarchical filters:
coarse eligibility is computed first to prune the candidate space, followed by more expensive checks

on the remaining edges.

The system then generates potential edges using retrieval methods. A common approach uses
embedding-based approximate nearest neighbor search to obtain a shortlist of supply items per de-
mand context, followed by re-scoring with a lightweight model [35]. The output is a set of edges
with weights, plus metadata needed for later validation such as eligibility reasons and timestamps.
Edges are assigned a time-to-live reflecting expected validity; for example, inventory-driven edges
may expire quickly, while category-based edges may persist longer. These TTLs are important for
incremental mode because they allow the system to retire stale edges without explicit delete events.

The matching state store maintains the current matching M and residual capacities for vertices.
Because the algorithm performs edge flips and capacity updates, the store must support atomic con-
ditional updates or transactional semantics at least at the granularity of a vertex [36]. Many imple-
mentations use a sharded key-value store in which each supply vertex record contains its matched
demand neighbors, current degree, capacity, and a version counter. Demand vertex state may be
stored similarly if demand capacities are enforced strictly. To support idempotent commits, each
record also maintains a small cache of recently applied proposal identifiers, enabling duplicate sup-

pression during retries.

Partitioning is central to performance. Supply vertices are assigned to blocks using a stable partition
function to minimize reshuffling across runs [37]. Stable partitioning reduces data movement and
allows caches of adjacency lists and matching state to remain warm. Within each block, the compute
worker loads the adjacency lists for owned supply vertices, the current matched neighbors, and rel-
evant demand ghost state. For demand ghost state, the worker may only need residual capacity and

the identity of matched supply neighbors that are referenced during alternating path exploration.
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Table 11. Operational configurations of the matching system across different production environments.

Deployment Environment Target P99 Latency (ms) Avg Candidate Set Size
Realtime recommendations (homepage feed) 80 600

Realtime recommendations (search & browse) 60 400

Nearline re-ranking warm-up (feature store) 500 1,200

Daily backfill for inactive users 2,000 800

Seller-side analytics & insights 1,000 300

Experimentation sandbox (offline tuning) N/A 2,000

This state can be fetched on demand from the store, but on-demand fetches can dominate runtime in
skewed graphs [38]. To reduce overhead, the system prefetches demand ghost state for high-degree
demand vertices or for demand vertices that appear frequently across adjacency lists, using a batched
read protocol.

The blocked augmentation compute layer operates as a set of workers, one per block or per shard
group. Each worker performs three loops: local search, proposal packing, and commit. Local search
constructs alternating trees or layered graphs starting from demand vertices with residual capacity.
Identifying such demand vertices can be done by scanning demand quotas and current degrees,
but scanning the entire demand set is expensive [39]. Instead, workers maintain an active frontier
derived from unmet demand contexts observed during the previous run, plus newly arrived demand
contexts in incremental mode. The worker also includes demand contexts that are connected to
supply vertices with newly available capacity, since such capacity can unlock new augmentations.

Local search must handle the fact that adjacency lists are truncated. If retrieval provides only the
top m neighbors per demand vertex, then augmenting paths may not exist even if they exist in
the full implicit graph [40]. The system mitigates this by increasing m for high-value or high-need
demand vertices, by maintaining a secondary retrieval fallback that can expand neighborhoods when
yield is low, and by allowing the augmentation algorithm to request additional neighbors on the fly
for certain demand vertices. On-the-fly expansion is constrained by budgets to prevent runaway

compute, and it is typically limited to a small fraction of demand vertices per run.

Proposal packing inside a block is implemented to be cache-friendly and parallel within the worker.
Workers generate many candidate paths, but only a subset can be committed due to capacity. Packing
uses a combination of local capacity accounting and heuristic conflict avoidance on ghost vertices
[41]. Because ghost vertex degrees are only approximately known, the packer uses conservative
bounds. For example, if a demand vertex is likely to be targeted by many blocks, the packer limits
the number of proposals involving that demand vertex to a small number, relying on other blocks to
handle remaining capacity. This conservative approach reduces wasted commit attempts at the cost
of slower convergence, which is acceptable when the system runs multiple rounds.

Commit uses a reservation protocol over the matching state store [42]. For supply vertices, reserva-
tion attempts update the vertex record conditionally on its version counter and residual capacity. For
demand vertices, if strict enforcement is desired, similar reservations are performed on a demand
record. In many candidate generation settings, demand capacities can be enforced at output time
by truncation, allowing commit to focus on supply capacities. However, ignoring demand capacities
can cause wasted work if many proposals add candidates to demand vertices that already exceed
quotas. The system therefore supports a hybrid approach in which demand capacities are enforced

approximately during packing and strictly during final output assembly [43].

After a round of commits, workers update local caches and compute new active frontiers. They
also emit observability metrics such as yield improvements, conflict rates, reservation failures, and
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the distribution of matched degrees. These metrics are essential for operational tuning because the
algorithm’s performance depends strongly on graph properties that can drift over time, such as
changes in retrieval behavior or supply churn.

Downstream consumption depends on the product surface [44]. For offline candidate sets, the system
materializes per-demand candidate lists in a distributed file store, sorted by edge weight or by a
composite score, and exposes them to online services via a low-latency lookup cache. For near-real-
time surfaces, the system may stream incremental updates to candidate lists, where each update
adds or removes supply candidates for specific demand contexts. Because candidate lists are used
as inputs to ranking, which may apply additional filters and personalization, the matching system
focuses on feasibility and diversity, leaving fine-grained relevance ordering to downstream models.

An important engineering consideration is the interaction with policy and eligibility updates. If
a policy change invalidates a large portion of edges, the system must quickly remove them from
candidate lists [45]. In blocked augmentation, such invalidations appear as edge deletions that can
break existing matches. The system handles this by validating matched edges during each run and by
maintaining a repair queue of vertices whose matches were removed. Repair uses the same augmen-
tation mechanism but prioritizes restoring feasibility for affected demand vertices while respecting
new constraints.

5. Consistency, Fault Tolerance, and Data Engineering Considerations

Distributed matching systems must balance correctness, performance, and operational robustness
[46]. The primary correctness requirement in marketplace candidate generation is that hard con-
straints are never violated: a supply vertex should not be matched beyond its capacity, and ineligible
edges should not appear in output candidate sets. Secondary requirements involve stability and re-
producibility. While exact determinism is often infeasible at scale, especially under asynchronous
commits, the system should avoid chaotic behavior where small changes in input cause large swings
in allocation.

Consistency is managed through ownership and validation. Ownership assigns each supply vertex to
exactly one block, and only the owning worker is allowed to finalize changes to that vertex’s matched
neighbor set [47]. This constraint simplifies reasoning about capacity because capacity is enforced
at a single point. Demand vertices may be non-owned, but their capacity can be enforced either
strictly via virtual ownership or approximately via output truncation. In practice, strict demand
enforcement is most valuable when demand quotas are small and when wasted work is expensive,
such as in low-latency incremental mode. When quotas are large relative to neighborhood sizes,

approximate enforcement is often sufficient [48].

Validation addresses staleness. Since edges can become ineligible due to inventory changes or policy
updates, the system validates edges at two points: during local search when constructing candidate
paths, and during commit when reserving and finalizing. Local validation filters out obviously in-
eligible edges using cached metadata and TTL checks. Commit-time validation performs definitive
checks, potentially consulting authoritative sources for inventory state or policy. To keep commit
fast, definitive checks are cached and batched, and are often limited to edges that would be newly
added [49]. Existing matched edges are revalidated periodically or when triggered by events.

Fault tolerance is achieved through idempotent operations and checkpointing. Each proposal has a
unique identifier derived from block id, round id, and a local sequence number. Reservations and
finalizations record the proposal id in vertex records so that retries do not double-apply changes
[50]. Workers periodically checkpoint their active frontiers and local progress counters so that after

a restart they can resume without redoing excessive work. In batch mode, the system can simply
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restart the job from the last successful snapshot, but in incremental mode, preserving continuity
reduces candidate churn and improves freshness.

Candidate churn is itself an operational metric. Even if two matchings have similar objective values,
frequent changes in candidate sets can harm user experience and downstream model calibration. The
system reduces churn by seeding each run with the previous matching, by applying penalties for
repeated exposure rather than hard exclusions that force abrupt changes, and by limiting the number
of augmentation rounds per run [51]. Blocking also contributes because it localizes changes; when

a block updates, the effects are concentrated around the supply vertices it owns.

Data engineering for the graph is nontrivial due to size and skew. Adjacency lists must be stored and
accessed efficiently. A common approach stores for each supply vertex a compressed list of incident
demand vertices along with edge weights and metadata [52]. Demand vertices may have very large
adjacency lists if they represent popular contexts, which can create hotspots. The system mitigates
this by favoring supply-centric storage and by representing demand adjacency implicitly through
retrieval indices rather than explicit lists. During local search, when the algorithm needs to traverse
from a demand vertex to candidate supply neighbors, it can either consult a precomputed neighbor
list or query a retrieval service. This hybrid reduces storage but introduces variability in latency, so
it is bounded by budgets and prefetched for high-frequency demand contexts.

Degree skew affects both compute and conflicts [53]. High-degree supply vertices are likely to be
contended and can dominate commit time. Since such vertices are often popular listings or sellers,
the system may assign them special treatment. One approach is to cap their effective capacity per
run and to distribute additional exposure via time-slicing across runs. Another approach is to split
a high-capacity vertex into multiple virtual vertices owned by different blocks, each with a fraction
of the capacity, thereby parallelizing updates [54]. This virtual splitting must be done carefully to

preserve eligibility and to avoid duplicating candidates in output lists.

Incremental updates require careful handling of deletions. When a listing becomes unavailable, all
edges incident to it must be removed, and any matches involving it must be released. The system
processes such events by marking the supply vertex as inactive and setting its capacity to zero, then
removing its matched edges during the next run or immediately if low latency is required. Immediate
removal can be implemented by a push-based invalidation that updates the state store and emits
candidate list deltas [55]. The blocked augmentation algorithm then treats released demand vertices

as high-priority for repair.

Another critical consideration is the interplay between matching and ranking. The matching system
outputs feasible candidates, but ranking models may rely on exposure patterns that matching influ-
ences. For example, if matching increases long-tail supply coverage, the distribution of observed
engagements changes, potentially affecting model training. To manage this, the system supports
controlled rollout and experimentation, where the matching layer can be enabled for a fraction of
traffic or with varying parameters [56]. Logging is designed to attribute which candidates were

produced by matching and which by baseline retrieval, enabling offline analysis of effects.

Privacy and security constraints also shape the design. Demand contexts often contain sensitive
attributes or derived signals. The system therefore minimizes the propagation of raw demand fea-
tures into the matching computation [57]. Edge weights can be computed upstream and represented
as opaque scores, and demand identifiers can be pseudonymized. Eligibility checks based on sensi-
tive attributes are performed upstream and reflected as inclusion or exclusion of edges rather than
as explicit features in the matching layer. This separation reduces the risk of exposing sensitive

information in logs and state stores.
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6. Evaluation Methodology and Results

Evaluating a matching-based candidate generation system requires measuring both algorithmic qual-
ity and systems performance under realistic workload conditions. Quality should be assessed not
only by objective value such as total edge weight but also by feasibility metrics that reflect opera-
tional goals: demand yield, supply coverage, distribution across sellers or categories, and candidate
diversity [58]. Systems performance includes throughput, end-to-end latency, resource usage, and
robustness under churn and skew. Because production graphs and signals are often proprietary, the
evaluation described here focuses on trace-driven workloads constructed from anonymized interac-
tion logs and on synthetic graphs parameterized to match observed degree distributions and churn

patterns.

The baseline for comparison is a retrieval-only candidate generator that produces top-k, candidates
per demand vertex using embedding search and lightweight scoring, followed by hard filtering and
truncation. This baseline is representative of common practice and highlights the feasibility gap:
many retrieved candidates are filtered out or exceed supply exposure budgets, leading to underfilled
demand quotas and concentrated supply exposure [59]. The matching system is evaluated as a post-

processing layer that takes the retrieval graph as input and outputs a feasible candidate set under
supply capacities and demand quotas.

Quality is first measured by demand yield. In settings where supply capacity is tight relative to
demand, yield is limited by feasibility, and the key question is whether matching can allocate scarce
supply more effectively than independent truncation. Blocked augmentation tends to improve yield
by reallocating matches away from over-subscribed supply vertices toward feasible alternatives that
retrieval surfaced but baseline truncation may not select due to local ordering. The improvement is
more pronounced when retrieval neighborhoods include reasonable substitutes and when capacities
are moderately tight, because augmentation can resolve contention by rerouting along alternating
paths [60]. When capacities are extremely tight and neighborhoods are narrow, yield is dominated

by scarcity and gains are smaller.

Supply-side metrics show complementary effects. Supply coverage, defined as the fraction of active
supply vertices that receive at least one match, typically increases under matching because capac-
ities prevent a small set of popular items from absorbing most allocations. The degree distribution
on supply becomes less heavy-tailed, although the extent depends on how weights and penalties
are configured [61]. If weights are steep and penalties are weak, the system may still concentrate

on high-scoring supply until capacities bind, after which it spreads. Stronger penalty terms can
encourage broader distribution at some cost in total weight.

Total weight comparisons must be interpreted carefully because the baseline may generate infeasible
candidates that are later dropped, and thus its apparent top-k weight does not translate to realized
exposures. A fair comparison measures realized weight under the same feasibility constraints. Un-
der this lens, matching can achieve comparable or higher realized weight because it avoids wasted
high-weight candidates that cannot be served due to capacity [62]. In regimes where capacity is
loose and filtering is minimal, matching may slightly reduce weight if it prioritizes coverage or if
approximation limits prevent full optimization, but the difference can be controlled by running more

rounds or by tuning the augmentation score to favor weight improvements after yield saturation.

Algorithmic parameters affect convergence and quality. Block size controls the locality of augmen-
tations and the conflict rate. Larger blocks allow richer local augmentations and reduce the need
for boundary crossings, which can improve convergence per round [63]. However, larger blocks in-
crease memory footprint and can reduce parallelism, potentially increasing latency. Smaller blocks
improve parallelism but can increase conflicts and require more rounds. Empirically, there is often
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an intermediate block size that balances these effects, and the optimum depends on degree skew and
network overhead.

Augmentation depth L similarly trades compute for quality. Shallow augmentations are fast and
local but may fail to resolve complex contention patterns that require longer alternating paths [64].
Increasing L improves the ability to reroute matches, but it increases the number of ghost state
fetches and raises the probability that a proposal becomes stale before commit. A practical strategy
is to use a small L for early rounds when many easy augmentations exist, and selectively increase
L for a subset of hard cases, such as high-need demand vertices that remain underfilled after initial

rounds.

Conlflict behavior is a primary determinant of performance. Reservation failure rates provide a direct
measure [65]. Under stable partitioning and moderate skew, reservation failures can remain low,
enabling near-linear scaling across blocks. Under high skew, a few popular supply vertices can
attract many proposals, causing repeated reservation failures and wasted work. Mitigations include
capping how many proposals can target a given supply vertex per round, prioritizing proposals that
diversify away from hotspots, and using a backoff mechanism that temporarily deprioritizes over-
contended vertices. These mitigations reduce wasted work but can slow convergence if hotspots are
truly essential for yield.

Systems performance is evaluated by end-to-end runtime for batch runs and by update latency for
incremental runs [66]. In batch mode, runtime decomposes into graph loading, local search, commit,
and materialization. Graph loading cost depends on how adjacency lists are stored and on block
size. Local search cost depends on the number of active demand vertices and the exploration depth.
Commit cost depends on the number of successful proposals and on reservation contention [67].
Materialization cost depends on output size and sorting. In well-tuned configurations, local search
and commit dominate, and optimizations focus on reducing ghost fetches and reservation round
trips.

Incremental mode introduces additional constraints. Update latency must be bounded, and the sys-
tem must handle bursts of events such as large inventory changes. The blocked augmentation ap-
proach supports micro-batching, where events are accumulated over a short window and processed
as a small update graph [68]. The algorithm then performs a limited number of augmentation rounds
starting from the current matching state. This yields low latency while still enabling rerouting
around removed edges. The trade-off is that incremental runs may not fully re-optimize, leading
to some drift in quality over time. Periodic batch refreshes can correct drift, and the system can

monitor drift via yield and weight metrics to trigger refresh when needed [69].

Robustness is evaluated under synthetic stress tests that vary degree distributions and churn rates.
When churn is high, many proposals fail validation because edges become ineligible before commit.
This increases wasted work and can reduce yield if repair cannot keep up. The system mitigates this
by prioritizing stable edges, using shorter TTLs for volatile edges, and reducing augmentation depth
in high-churn windows. When degree skew is extreme, performance depends on hotspot mitigation
and on the ability of retrieval to provide substitutes; matching cannot allocate alternatives that do
not exist in the input graph [70].

A final aspect of evaluation concerns downstream effects. Candidate sets produced by matching can
change the distribution of items seen by users and thus affect engagement and marketplace health
metrics. While such effects are product-specific and require online experimentation to quantify, the
matching system provides mechanisms to control them: supply capacities can be tuned, penalties
can be adjusted to regulate exposure, and the system can enforce minimum allocation for certain
supply segments if required by policy. Offline simulations using logged propensities can provide
preliminary signals, but they are limited by bias in logged data [71]. Consequently, the system is
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designed to be experiment-friendly, with clear logging of candidate origins and deterministic pa-
rameterization to support analysis.

7. Conclusion

This paper presented a scalable bipartite graph matching system for marketplace recommendation
candidate generation, centered on blocked parallel augmentation. By framing candidate selection
as a capacity-constrained b-matching problem, the system directly encodes supply-side exposure
limits and demand-side candidate quotas, reducing the reliance on late-stage filtering that can waste
computation and harm coverage. Blocked parallel augmentation enables distributed execution by
decomposing the graph into blocks, performing localized augmenting path searches in parallel,
and committing non-conflicting improvements through reservation-based arbitration and valida-
tion. The approach aligns with operational realities of marketplaces, including dynamic eligibility,
degree skew, and the need for controllable trade-offs between quality and throughput [72].

The design emphasizes feasibility invariants, idempotent updates, and partitioning strategies that lo-
calize contention. It supports both batch recomputation and incremental repair, allowing freshness-
sensitive surfaces to maintain feasible candidate sets under churn while periodic refreshes mitigate
drift. Evaluation considerations highlight that quality must be assessed through realized feasible
yield and supply distribution metrics, not only by raw retrieval weights, and that systems perfor-
mance is dominated by conflict rates and ghost state access patterns. While augmentation-based
methods do not remove the fundamental dependence on the quality of the retrieved graph, they
provide a structured way to enforce global constraints and to reallocate candidates under capacity
pressure. The resulting system offers a practical template for integrating matching into large-scale
recommendation pipelines where feasibility, coverage, and operational predictability are as impor-
tant as local relevance scores [73].
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