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Abstract

LLMs can be prohibitively expensive and slow to run at scale, especially for applications that invoke an LLM
per sample over millions of inputs. A natural way to scale such applications is to cluster the inputs, run the
LLM only on cluster representatives, and propagate the LLM outputs to other cluster members. However, in
this setup, the LLM outputs a cluster member receives are only as good as the member’s match to the cluster
representative. Off-the-shelf clustering methods optimize an aggregate objective over all samples, targeting only
average-case quality without offering per-sample quality guardrails. As a result, cluster members can be assigned
to poorly-matched representatives, and the inherited LLM outputs — though appropriate for the representative
— may be irrelevant or even unsafe for the member. For example, a parent of a toddler grouped with parents
of older children could receive age-inappropriate recommendations. Furthermore, most clustering methods
scale poorly to millions of inputs in runtime and memory, limiting their applicability at industry scale. We
propose a scalable two-stage clustering algorithm with provable per-sample quality guardrails: every sample is
guaranteed to share a user-specified minimal similarity and exact attribute match with its cluster representative.
The algorithm first generates initial clusters with Mini-batch K-Means, then greedily selects representatives
within each initial cluster to satisfy the guardrails. We provide theoretical guarantees, complexity analysis, and
benchmarks against common clustering methods on internal and public datasets. We show that our method not
only delivers per-sample guardrails but also runs substantially faster and scales to data sizes where most standard
methods become intractable. We demonstrate our method’s impact in a real-world deployment clustering 38
million customers. We reduce downstream LLM cost and runtime by 50x while preserving personalization,
unblocking the launch of a persona-based recommender system that delivers significant gains in revenue and
engagement in an A/B test.
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1. Introduction

Modern recommender systems increasingly rely on Large Language Models (LLMs) to deliver richer
personalization — from generating personalized search queries and product descriptions to judging
recommendation relevance and extracting customer or item attributes [1, 2, 3, 4, 5, 6]. These applications
typically invoke an LLM per user or per item: each call is individually inexpensive, but the aggregate cost
and latency over millions of users or items can be prohibitive at industry scale [7, 8, 9, 10]. Throughput
limits imposed by major LLM service providers like Bedrock further stretch end-to-end runtime into
days or months [11, 12, 13], forcing difficult tradeoffs across LLM-based applications. A fundamental
challenge of deploying LLMs in a recommender system, then, is to scale per-sample inference within
time and budget constraints while satisfying quality guardrails that protect the customer experience.
We investigate using clustering to address LLMs’ scalability challenge with quality guardrails. The
general scaling approach is to first cluster the input to LLMs, then run the downstream LLMs only for
the representative samples from the clusters (e.g., cluster centroids). Clustering can drastically reduce
the downstream budget and time required, but introduces approximation errors by assuming that the
downstream output for any sample would be the same as the output for the corresponding cluster
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Figure 1: High-level overview of the personalized recommendation pipeline.

representative. To ensure that the output for a representative sample is relevant to all the other samples
from the same cluster, it is crucial to measure and impose guardrails on within-cluster similarity during
clustering.

In particular, we address a real-world application of generating personalized recommendations from
customer shopping personas with LLMs. At a high level, the recommender system would consume the
customer shopping personas derived from interaction histories, generate personalized search queries
from the personas with an LLM, retrieve the corresponding products with a Query-to-Product service,
and filter the retrieved products with a fine-tuned LLM-as-a-Judge called Marketing Critic (Figure 1).
Before clustering is introduced, to generate recommendations for 38 million customers required for the
initial launch, the query generation step would take $114,000 and 23 days, and the Marketing Critic step
would take $1,018,500 and 485 days with our allocated computation resources. Our goal is to cluster the
customer personas and estimated household attributes before the query generation step to reduce the
downstream budget and time required while protecting the quality of the final recommendations. The
quality guardrails are particularly important in eCommerce and can be viewed as safety constraints,
because irrelevant product recommendations can damage customer trust and in the worst case cause
safety hazards (e.g., recommending age-inappropriate toys to young children).

As the recommendations are personalized to the customer personas and attributes like gender and
child presence, and we need to generate the recommendations at a large scale with periodic refreshes,
we adopt the following requirements when researching the appropriate clustering algorithm to account
for both quality guardrails and scalability:

1. The semantic similarity between any customer persona in a cluster and the representative persona
of the cluster exceeds a user-specified threshold.

2. All customers in a cluster share exactly the same user-specified attributes.

3. The number of clusters is meaningfully less than the number of customers (a minimal 10-fold
reduction required in our target use case).

4. The clustering algorithm scales well to large datasets (e.g., 38 million customers) regarding
runtime, memory, and cost. The runtime and cost of clustering are significantly less than those of
the downstream computation saved due to clustering.

To our knowledge, there is no existing clustering algorithm that satisfies all the above requirements.
We propose Scalable Guardrailed Clustering (SGC), a novel two-stage clustering algorithm with greedy
cluster representative selection that meets all the requirements: We use Mini-batch K-Means [14] to
generate the initial clusters, compute pairwise semantic similarity within each initial cluster, then
further partition the initial clusters based on the user-specified semantic similarity threshold and
customer attributes as guardrails via an iterative greedy selection strategy to obtain the final clusters.
We review the related work in Section 2; describe the proposed clustering algorithm in Section 3;
benchmark on internal and public datasets in Section 4; show the application on the persona-based
personalized recommendation use case in Section 5; and summarize and discuss future work in Section 6.
The contributions of this paper are as follows:

1. We propose a simple and scalable clustering algorithm that guarantees a user-specified minimal
semantic similarity between each sample and its cluster representative and exact matching of
user-specified attributes as quality guardrails to protect the customer experience.



2. We show that the proposed greedy selection step enables effective trimming of tail clusters to
further improve data reduction at the tradeoff of removing a small percentage of samples.

3. We benchmark the proposed method against common clustering methods on both internal and
public datasets.

4. We demonstrate how the proposed clustering algorithm applies to the use case of persona-based
personalized recommendations and achieves a 50-fold reduction in downstream computation
time and budget to unblock the launch.

2. Related Work

Existing clustering methods fail to address all the requirements of Section 1 simultaneously. Most
methods, such as K-Means [15], BIRCH [16], and Gaussian Mixture [17], optimize an aggregate objective
and cannot guarantee a minimal similarity between each sample and its representative or exact attribute
matching. For our use case, such mismatches can surface wrong personalized recommendations and
hurt the customer experience. Fuzzy hashing methods like MinHash [18] rely on lexical similarity,
which poorly captures semantic similarity and cannot handle paraphrases.

The clustering methods most related to ours are threshold-based: they impose a user-specified lower
bound on within-cluster similarity. Star Clustering [19], SimClus [20], and the Community Detection
routine in SentenceTransformers [21] all select representatives on a thresholded similarity graph, but
each computes the full O(n?) pairwise similarity matrix over the entire dataset and thus does not scale
to sample size n ~ 107 (Section 3.4), our central bottleneck. They also have method-specific drawbacks:
Star Clustering’s degree-based selection yields substantially more clusters (weaker data reduction)
than coverage-based selection, and Community Detection does not strictly guarantee the threshold.
SimClus is the closest: our method can be viewed as an extension of the greedy SET COVER selection
[22, 23] of SimClus by adding an initial round of clustering for scalability, exact attribute matching, and
an optional reassignment step to improve average within-cluster similarity. Finally, SemDedup [24]
shares our cluster-then-compare structure but is a deduplication method that discards near-duplicates
without retaining a sample-to-representative mapping required for output propagation from each cluster
representative to its members. We provide an extended comparison of all four methods and a discussion
of complementary LLM-scaling approaches in Appendix A.

3. Method

We formulate the clustering problem, present the main algorithm, formalize the theoretical guaran-
tees, provide the computational complexity analysis, then share the key technical details and design
considerations.

3.1. Problem Formulation

Let D = {(P;, A;)}i=12,..n be the input data to clustering from n customers, where P; and A; are
the shopping personas and attributes of customer i respectively. Let fen,, be an embedding model that
converts a textual persona P; into a numeric vector E;. Let fii, be the Cosine similarity function. The
goal of clustering is to learn a mapping from customer data to cluster ID and find a representative sample
for each cluster. Equivalently, the goal is to learn a mapping from customer data to a representative
customer ID: feuster : D — {1,2,...,n}. The minimal similarity and attribute matching require-
ments can be defined as: fouster(Fs, As) = j only if fom (femb(Fi), femb(P})) > « for a user-specified
threshold o and A; = A ;. Note that here we formulate the clustering problem for the personalized
recommendation use case without loss of generality — E; can be replaced with any feature vector and
fsim can be replaced with any distance or similarity function.
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Figure 2: A. Visualization of the embeddings of six sentences projected to a 2D plot. B. The six embeddings are
clustered into two initial clusters by Mini-batch K-Means. C. Cosine similarity matrix of initial cluster 1 (left)
and after filtering with a similarity threshold of 0.7 (right). “The customer likes team sports” has the highest
number of matches and is selected as the representative. D. The final clusters.

3.2. Algorithm

Scalable Guardrailed Clustering (SGC) proceeds in two stages. In the first stage, we perform an initial
round of clustering on the persona embeddings with Mini-batch K-Means; in the second stage, we
compute pairwise similarity and match matrices within each initial cluster and iteratively select the
customer with the most matches as a cluster representative. The detailed steps are listed below and
illustrated in Figure 2, and the pseudocode is provided in Algorithm 1:

1. Convert all customer personas to embeddings with a language model (Figure 2A).

2. Generate the initial clusters of the embeddings with Mini-batch K-Means (Figure 2B). The subse-
quent Steps 3-6 are performed within each initial cluster.

3. Within an initial cluster, compute the pairwise Cosine similarity among all persona embeddings
(Figure 2C).

4. We consider 2 customers to be a “match” if the Cosine similarity of their persona embeddings
exceeds a user-specified threshold (Figure 2C) and they share the same user-specified attributes
(e.g., household compositions). Find the customer that “matches” with the largest number of
customers.

5. Set the customer with the most matches from Step 4 to be the “representative” of all its matched
customers. The matched customers are considered to be in the same final cluster.



Algorithm 1 Two-Stage Clustering with Greedy Representative Selection (SGC)

Require: Dataset D = {(P;, A;)}_,, embedding function feyp, similarity function fgim, similarity
threshold o, number of initial clusters K.

Ensure: Cluster assignment fouger @ D — {1,2,...,n}; data reduction |fuuster(P)| < |DJ;
minimal similarity fouser(Pi; Ai) = 7 = fsim (femb(F:); femv(P;)) > «; attribute matching
fcluster(Pia Az) = ] = Az = Aj-

1: Stage 1: Initial Clustering

2 Ej < femb(F;) Vi€ {1,2,...,n} {Convert personas to embeddings}

3: Cinit < MiniBatchKMeans({E;}”_,, K') {Generate initial clusters}

4: Stage 2: Representative Customer Selection

5. for each initial cluster C}, € Cin;t do

6:  Sij + fsim(E;, Ej) Vi, j € Ck {Compute pairwise similarities within C}}

7. M I{S;; > a & A; = A;} Vi, j € Cy {Compute pairwise matches within Cy}
8: U < C} {Set of unmatched customers}

9: R < () {Set of representative customers}
10 whilel/ # () do
11 M; «—{j el : M =1} Vie Cj {Find matches from the unmatched customers}
12: r* 4= arg max;cc, |M;| {Customer with the most matches}
13: R < R U {r*} {Add to representatives}
14 ﬁluster(Pi, A;) < r* Vi € M,- {Assign matched customers to the representative}

15: U + U\ M,~ {Remove matched customers}
16:  end while

17: end for

18: return fcluster

6. For the remaining unmatched customers, repeat Steps 4-5 until all customers are matched with a
representative customer. This effectively further partitions an initial cluster from Step 2 into final
clusters defined by the representative customers.

7. Repeat Steps 3-6 for each initial cluster to generate the final clusters for all customers (Figure 2D).

Note that the iterative greedy selection of representatives based on the largest match count will
always identify the largest final cluster possible for the remaining unmatched customers within an
initial cluster. Consequently, the cluster size distribution of the final clusters is heavily skewed with a
long tail by design. The skewed cluster size distribution is an intended benefit of the proposed algorithm
— Section 4.2 shows that we can remove a large percentage of the tail clusters at the cost of removing a
small percentage of customers, further improving the effectiveness of data size reduction; we can also
focus on the largest clusters that cover the majority of customers during quality assurance.

One drawback of the greedy representative selection is that a customer can get matched to a represen-
tative customer early in the process while having a higher similarity with a later selected representative
customer. To further improve the average within-cluster similarity, we propose a variation, SGC with
reassignment (SGC-R), applied after Step 6: While keeping the selected representative customers in
an initial cluster fixed, we reassign each customer to the representative customer with the highest
similarity and matching attributes within that initial cluster (Algorithm 2). This can be done efficiently
with minimal additional latency as we have already computed the similarity and match matrices in
Steps 3-4. This variation with reassignment improves within-cluster similarity at the tradeoff of making
the cluster size distribution less skewed and thus tail cluster trimming less effective compared to the
original algorithm, as shown in Sections 4.1 and 4.2. Importantly, both SGC and SGC-R satisfy all the
desired requirements listed in Section 1. More design considerations and technical details are discussed
in Section 3.5.



Algorithm 2 Reassignment Step (optionally applied within Algorithm 1, Stage 2, for each initial cluster)

Require: Initial cluster C, representative set R C C}, similarity matrix {S;j;}; jec,, match matrix
{M;;}i jec,, cluster assignment ﬁluster from Algorithm 1.
Ensure: Updated cluster assignment ]?Cluster with improved average within-cluster similarity; minimal
similarity and attribute matching guarantees preserved.
1: for each customer i € C}, do
2 r* < arg max,cRr:m,, =1 S {Find the best-matching representative}
3. if r* exists then
4: ﬁluster(Pia A;) < r* {Reassign customer to the most similar representative}
5 end if
6: end for R
7: return fcluster

3.3. Theoretical Guarantees

We formalize the guardrail property and prove that both algorithm variants satisfy it. Define the match
relation i ~q j to hold iff fsm(E;, Ej) > avand A; = A, and let the a-ball of i be B, (1) = {j : i ~q
j }- The relation is reflexive (since fsm(E;, E;) = 1) and symmetric, but not transitive in general. A
cluster assignment f/i:luster with representative set R satisfies the guardrail property if ﬁluster(Pi’ A)=r
implies » € R and i € B,(r) — i.e., every customer is assigned to a representative whose a-ball covers
them. This is exactly Requirements 1 and 2 of Section 1.

Within each initial cluster C}, Stage 2 of Algorithm 1 is the classical Johnson—-Chvatal greedy heuristic
for SET CovER [22, 23] applied to the universe C, with candidate sets {B, (i) NC}, }icc,: at each iteration
it picks the customer covering the most still-uncovered elements and removes them.

Theorem 3.1 (Guardrail guarantee). For any input D, any symmetric similarity function fgy, with
fsim(x,2) > «, any threshold o, and any number of initial clusters K > 1:

(i) The assignment returned by Algorithm 1 satisfies the guardrail property.

(ii) Applying Algorithm 2 after Algorithm 1 preserves the guardrail property and, for every customer i,
weakly increases the similarity to their assigned representative: fgim (Ej, Epnew) > foim (E;, E o).

Proof sketch. (i) Fix any initial cluster Cy, and let /() denote the unmatched set at iteration ¢ of Stage 2.
By the definition M;; = 1{S;; > aand A; = A;} (line 7 of Algorithm 1), /\/ll(t) = B, (i) nuU®,
Every customer j assigned to *(*) in line 14 lies in Mff*)u) C Ba(r*®), so fsim(E;,E,.y) > a and
Aj; = A, .. Once assigned, j is removed from I/ (line 15) and never reassigned. Reflexivity ensures
r*® ¢ Mii)(t), so at least one element is removed per iteration and the loop terminates in at most |Cy|
iterations with every i € C}, assigned to some r € B, (i) N C}. Stage 1 partitions {1,...,n} into {Cy}
and Stage 2 is applied independently within each, so the guarantee extends to all of D.

(ii) Let R, be the representatives selected by Algorithm 1 within C}. By (i), the original representative
rold ¢ Ry, satisfies i € B, (r°d), equivalently 7°'4 € B, (i) by symmetry of ~,. Hence R} N By (i)
is nonempty and the arg max in line 2 of Algorithm 2 is over a nonempty set that includes r°. The
selected 7"V thus lies in B, (i) (guardrail preserved) and satisfies fgsim (E;, Epnew) > foim (Eq, E,oa)

since 7°!4 is feasible in the arg max. O

We emphasize that Theorem 3.1 holds for any Stage 1 partition, including K = 1; the choice of
initial clustering affects only the number of final clusters and runtime, not correctness. The classical
Johnson-Chvatal analysis further bounds |Ry| < (1 + In|Cy|) - OPT}, where OPT}, is the minimum
cover within C}, providing a formal ceiling on the data-reduction loss from greedy selection. Full proofs
and additional analysis are provided in Appendix B.



3.4. Computational Complexity

We analyze the time and memory complexity of Algorithms 1 and 2 as a function of dataset size n,
embedding dimension d, and number of initial clusters K. Let nj, = |Cy| with >, n, = n.

Stage 1 (Mini-batch K-Means). With user-specified batch size b and 7] iterations, Stage 1 runs
in O(T1 b K d) time and O((n + K)d) memory [14]. Both are effectively linear in n since b, T} are
constants independent of n.

Stage 2 (representative selection within each Cy). Computing the pairwise similarity and match
matrices costs O(n2 d) time and O(n?) memory. The greedy loop maintains row-sums of M restricted

to the unmatched set; since the matched sets Mf,?@) partition Cy, the total update cost across all

iterations is O(n}). Stage 2 thus costs O(n? d) time and O(n?) memory per cluster, and processing
one initial cluster at a time gives peak memory O(maxy, n%)

Stage 2b (reassignment). Algorithm 2 reuses the already-materialized S and M and costs
O(nk |Rk|) < O(n2) per cluster, dominated by Stage 2 and adding no asymptotic overhead.

Aggregate. For roughly balanced initial clusters with ny ~ n/K,
Tiotal = O(”d + %) y Miota = O<nd + %) .

Thus increasing K reduces Stage 2 time linearly and peak memory quadratically, at the cost of slightly
reduced data-reduction efficiency (Appendix D.3). In the regime K = ©(n), the entire algorithm
becomes linear in n. See Appendix C for the full derivation.

Comparison with baselines. Table 1 contrasts SGC with the baselines benchmarked in Section 4.1.
The average-metric methods (K-Means, Gaussian Mixture, etc.) do not admit a within-cluster similarity
constraint, and methods with O(n?) memory (Agglomerative, Spectral) become prohibitive at industry
scale: e.g., Agglomerative requires ~90 TB at n=5M, far beyond a single instance. The threshold-based
methods most related to ours — Star Clustering, SimClus, and Community Detection — all build the full
O(n?) pairwise similarity matrix over the entire dataset, incurring O(n2d) time and O(n?) memory
and hitting the same scalability wall (Section C.5). Algorithm 1 sidesteps this by restricting the quadratic
computation to within each initial cluster, yielding O(maxj n7) < O(n?) memory for any K > 1 —
the underlying reason for the up-to-1000x runtime and memory advantage observed in Section 4.1.

3.5. Design Considerations and Technical Details

By design, SGC satisfies all the desired requirements listed in Section 1: Steps 4-5 ensure that any
customer and their matched representative share a persona similarity above the user-specified threshold
and the same user-specified attributes (Section 3.3). The algorithm scales to large datasets (38 million
samples in our recommendation use case in Section 5) because the embedding, Mini-batch K-Means,
and greedy selection steps are all cheap, and the expensive pairwise similarity computation is confined
to within each initial cluster (Section 3.4). Section 4.1 shows the speed advantage over benchmark
methods, and Section 4.4 shows that even at a relatively high similarity threshold of 0.75, we still achieve
186-fold data reduction.

We cluster on persona embeddings to capture semantic similarity, a better approach than lexical
near-deduplication like MinHash [18], which cannot handle paraphrases. We select an embedding
model from the SentenceTransformer model zoo [21] based on three criteria: the outputs support both
Euclidean distance (used in initial clustering) and Cosine similarity (used in representative selection),
the model performs well across benchmark datasets, and the latency is reasonable. Based on these



Table 1

Asymptotic complexity comparison. n: dataset size, d: embedding dimension, K: number of (final) clusters or
initial clusters for SGC, T": iterations, b: mini-batch size. The optional reassignment step (Alg. 2) does not change
the asymptotic complexity. Baselines do not support a within-cluster similarity guardrail.

Method Time Memory
SGC (Alg. 1) O(nd +n?d/K) O(nd+n?/K?)
Star Clustering O(n?d) O(n?)
SimClus O(n?d) O(n?)
Community Detection ~ O(n?d) O(n?)
K-Means O(nKdT) O(nd)
Mini-batch K-Means O(bKdT) O(nd)
Agglomerative (Ward)  O(n?d) O(n?)

BIRCH O(nd) amortized  O(nd)
Spectral O(n?) O(n?)
Gaussian Mixture (EM) O(nKd*T) O(nd + Kd?)

criteria and the input token count of our shopping persona data, we select al1-MiniLM-L6-v2 for
the recommendation use case, though any model meeting the criteria can be used.

The initial clustering need not be precise, since the subsequent representative selection will further
partition it. We thus choose Mini-batch K-Means, which is significantly faster and more memory-
efficient than standard K-Means while achieving similar results [14]. The further partition step also
makes SGC robust to its hyperparameters (Appendix D.3). The number of initial clusters K, how-
ever, controls a meaningful tradeoff: increasing K reduces Stage 2 time linearly and peak memory
quadratically (Section 3.4), but also slightly reduces data-reduction efficiency by potentially separating
similar customers into different initial clusters. On 100K shopping personas, varying K from 10 to 250
changes the final cluster count by only ~50% while keeping minimal within-cluster similarity at the
user-specified threshold (Table 6). In practice we recommend the smallest K that latency and memory
budgets allow.

Between periodic re-clustering, new customers can be assigned to existing representatives whose
a-balls cover them, or form new clusters otherwise.

4. Experiments

In Section 4.1, we show empirical evidence that the proposed clustering algorithm can guarantee the
user-specified minimal similarity between any sample and the cluster representative while having a
significant speed advantage over benchmarks.! In Section 4.2, we show that the proposed algorithm
results in more skewed cluster size distribution than benchmarks, enabling effective trimming of tail
clusters to further improve data size reduction. In Section 4.3, we validate the intuition that higher
within-cluster similarity leads to more relevant product recommendations. In Section 4.4, we investigate
the impact of required minimal similarity and household attributes on the number of final clusters to
quantify the tradeoff between personalization and data reduction. Additional details of the experimental
setup are provided in Appendix E.

We benchmark on both the internal dataset of shopping personas and the public datasets of AG News
[25, 26] and Cosmopedia [27]. The full internal dataset contains 38 million customers’ shopping personas
and estimated household attributes derived from interaction histories. We take a random subset of

'A note on reproducibility: while we cannot release the codebase, the internal persona dataset, or the business metrics from
the A/B test, we provide pseudocode to exactly reproduce the proposed method (Algorithms 1 and 2), the experimental setup
and hyperparameters (Appendix E), benchmarks on public datasets (Section 4.1), and the exact latency and cost reductions
from the deployment (Section 5).



100K samples from the internal data to speed up experiments, especially when certain benchmark
methods, such as Agglomerative Clustering and Spectral Clustering, cannot scale to large datasets
(e.g., Agglomerative Clustering’s O(n?) memory requirement translates to ~90 TB on just 5 million
customers; see Section 3.4). For public data we use the training split of AG News with 120K samples
and Cosmopedia-100K of 100K samples.

4.1. Within-Cluster Similarities

SGC and SGC-R satisfy the minimal similarity and attribute matching requirements by design, while
existing clustering methods cannot accommodate these requirements or cannot scale. We benchmark
against two families of methods. The first is average-metric methods, which optimize an aggregate ob-
jective and do not accept a similarity threshold: Mini-batch K-Means [14], K-Means [15], Agglomerative
Clustering [28], BIRCH [16], Spectral Clustering [29, 30], and Gaussian Mixture [17], as implemented
in Scikit-learn [31]. The second is threshold-based methods, most closely related to ours, which enforce
a within-cluster similarity threshold: Star Clustering [19], SimClus [20], and Community Detection
[21] (Section 2, Appendix A).

In clustering, there is a general tradeoff between reducing approximation errors and reducing data
size, measured by within-cluster similarity and the number of clusters. Increasing the number of
clusters generally improves within-cluster similarity at the cost of less data size reduction. The two
families require different fair-comparison protocols. Average-metric methods do not accept a similarity
threshold, so we specify the same number of clusters as our method and compare within-cluster similarity
and run time (Table 2). Threshold-based methods, like ours, accept a similarity threshold, so we instead
specify the same threshold and compare the resulting number of clusters (data reduction), similarity,
and run time (Table 3). We set the minimal similarity threshold between any sample and its cluster
representative to 0.75 on Shopping Personas, 0.3 on AG News, and 0.4 on Cosmopedia so that our
proposed algorithm attains a ~50-fold reduction in data size across all three datasets (o depends on the
dataset/embedding for the same target reduction fold). All methods are run on a single r7i. 12xlarge
instance without parallelization.

Table 2 shows that against the average-metric methods, our method uniquely guarantees the minimal
similarity — 0% of samples below the threshold, versus up to 21% for the baselines — while finishing
in just a few seconds. Note that the number of clusters can affect the run time, so using Mini-batch
K-Means to generate all the final clusters (X = 2545) ends up ~10x slower than the proposed two-stage
approach that uses Mini-batch K-Means to only generate the initial clusters (KX = 40) before further
partition.

Table 3 compares the threshold-based methods, which all attain the guardrail by construction
except Community Detection. Three findings stand out. First, the proposed method is one to three
orders of magnitude faster (e.g., 2.7 seconds vs. 768 seconds for SimClus on Shopping Personas) with
correspondingly lower memory (Section 3.4), because the baselines materialize the full O(n?) similarity
matrix while ours confines the quadratic computation to within initial clusters. Second, SimClus —
which is a special case of our method with K = 1 and no attribute matching or reassignment —
produces the fewest clusters (highest data reduction) but at the cost of the largest runtime and memory,
and a lower average similarity; our proposed method trades a modest increase in cluster count for its
scalability and the highest average similarity. Third, Community Detection does not guarantee the
similarity threshold: 36-47% of its samples fall below «, because its overlap-removal step can reassign a
sample to a representative outside its threshold (Appendix A.1). Star Clustering, using degree-based
rather than coverage-based selection, produces up to 2x more clusters than our method and a lower
average similarity than the reassignment variant.

4.2. Cluster Size Distributions

As detailed in Section 3, the iterative greedy selection of representative samples in the proposed
algorithm by design leads to a highly skewed cluster size distribution, with practical advantages: we



Table 2

Comparison against average-metric clustering methods on internal Customer Shopping Personas, AG News, and
Cosmopedia, at a matched number of clusters (equal to the proposed method’s). Columns: average within-cluster
similarity (Avg. Sim.), minimal within-cluster similarity (Min. Sim.), percent of samples below the desired
similarity threshold (Perc. Below Thresh.), and run time in seconds; all on a single r7i.12xlarge without

parallelization. Only the proposed method (SGC and SGC-R) guarantees the minimal similarity (0% below
threshold). Table 3 compares threshold-based methods.

Shopping Personas AG News Cosmopedia
. Perc. . . Perc. . . Perc. .

Method SA|\1/1g1 l;/\lln: Below 2;‘:2(; g\;ﬁ /;/:2 Below 2:::; g\:ﬁ /;/::': Below 2;‘:2‘;

’ " Thresh. ’ ' " Thresh. ’ ’ " Thresh. ’
SGC 0.802 0.750 0.0% 2.7 0413 0.300 0.0% 4.2 0512 0.400 0.0% 6.8
SGC-R 0.825 0.750 0.0% 2.7 049 0.300 0.0% 4.2 0.588 0.400 0.0% 6.8
Mini-batch K-Means 0.819 0.554 6.1% 44  0.553 0.006 5.7% 33 0.619 -0.005 4.3% 91
K-Means 0.828 0.600 2.9% 154  0.561 -0.038 4.9% 136 0.630 0.133 2.9% 296
Agglomerative 0.812  0.542 10.3% 1778  0.543 -0.108 9.6% 2854  0.608 0.007 7.0% 2851
BIRCH 0.799  0.558 14.0% 28 0.536 -0.068 9.2% 878 0.603 -0.001 7.0% 1337
Spectral 0.807 0.445 11.3% 6281 0.505 -0.186 21.2% 1221 0.592 -0.077 13.9% 1804

Gaussian Mixture 0.846 0.618 0.8% 5548 0.562  0.006 48% 1898 0.630  0.090 3.0% 4254

Table 3

Comparison against threshold-based clustering methods at a matched similarity threshold (0.75 / 0.3 / 0.4), so we
compare the resulting number of final clusters (# Clusters; fewer means more data reduction); remaining columns
and setup as in Table 2. All methods guarantee the threshold by construction except Community Detection,
which reassigns samples during overlap removal. The proposed method attains competitive data reduction

and the highest average similarity at one-to-three orders of magnitude less runtime and memory (Section 3.4,
Appendix A).

Shopping Personas AG News Cosmopedia
Perc. . Perc. . Perc. .

. . # .
Method CIusterﬁ SAI\:E Below ;I;Ienc]e) CIus’terit SAI\:;g Below 2::2(; Clusters ?l\:'r% Below 2;':2‘;

" Thresh. ’ " Thresh. ’ " Thresh. ’
SGC 2545 0.802 0.0% 2.7 1795 0413 0.0% 4.2 2399  0.512 0.0% 6.8
SGC-R 2545 0.825 0.0% 2.7 1795  0.490 0.0% 4.2 2399 0.588 0.0% 6.8
SimClus 1466 0.783 0.0% 768 702 0.369 0.0% 1892 1241 0.476 0.0% 1822
Star (partition) 5173  0.811 0.0% 26 1675 0.470 0.0% 22 2903  0.562 0.0% 21
Star (overlap) 5173  0.767 0.0% 25 1675  0.355 0.0% 22 2903  0.455 0.0% 21
Community Det. 4563  0.761 35.7% 71 7485  0.337 47.3% 28 9009  0.449 45.9% 24

can remove a large percentage of tail clusters at the cost of removing a small percentage of samples,
improving data size reduction. Additionally, if quality assurance is expensive (e.g., human-in-the-loop),
we can focus on validating the top clusters by size. We examine how many overall samples the top
clusters by size cover for different clustering methods in Figures 3 and 5, based on the experiment
output from Section 4.1.

We see that as the percentage of top clusters increases, the proposed algorithm covers significantly
more samples than the average-metric baselines, which produce more balanced clusters. Among the
threshold-based methods, the greedy coverage-based methods (SGC and SimClus) produce the most
skewed distributions and thus the most trimming-friendly coverage, while the degree- and neighborhood-
based methods (Star Clustering, Community Detection) are less skewed. The practical implication
is that with SGC we can keep only ~4% of clusters to cover 90% of Shopping Personas, offering an
additional ~25-fold reduction in downstream computations at the cost of removing 10% of samples,
which can be compensated for by oversampling in the beginning.

4.3. Impact of Within-Cluster Similarity on Recommendation Relevance

Recall that for our application in eCommerce, after clustering, a customer will inherit the recommen-
dations based on their cluster representative’s shopping persona. A key intuition behind using the
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Figure 3: Sample coverage by sorted clusters on Shopping Personas and AG News. Greedy coverage-based
methods (SGC, SimClus) yield the most skewed, trimming-friendly distributions.

minimal within-cluster similarity as the quality guardrails is: The more similar a customer is to their
cluster representative, the more relevant the recommendations based on the representative will be to
that customer. In this experiment we empirically validate the impact of within-cluster similarity on the
relevance of recommendations.

We randomly sample 200 customers as the cluster representatives that the product recommendations
will be based on. For each representative, we perform a stratified sampling of its cluster members based
on the persona similarity between the member and the representative: We sample 5 customers for
each of the 7 similarity buckets (0.2 - 0.3, 0.3 - 0.4, ..., 0.8 - 0.9). This sampling process yields 7,000
member-representative pairs of varying similarities. We generate 15 product recommendations based
on the shopping persona of each cluster representative, let the cluster members of each representative
inherit the same recommendations, then use the LLM-based Marketing Critic to judge the relevance
between each product recommendation and the customer’s shopping persona on a scale of 1-5 from
least relevant to perfectly relevant. We compute the linear correlation and Spearman Rank Correlation
between the member-representative similarity and the average product relevance rating of the 7,000
member-representative pairs; and find the correlations to be 0.781 and 0.797 respectively (p-value < 0.001
for both metrics). The scatterplot of the average relevance rating versus the member-representative
similarity is shown in Figure 4. The significant correlations help validate using the within-cluster
similarity as quality guardrails of product recommendations.

4.4. Personalization vs. Data Reduction

The user-specified minimal similarity o and matching-attribute set jointly control the tradeoff between
personalization and data reduction. On a 5M-customer subset, with no attribute matching, the proposed
algorithm achieves 186x reduction at & = 0.75 and 998x at o = 0.7; adding exact matching of
adult gender, adult count, child presence, child gender, and child age tightens these to 51 x and 100 x
respectively, while keeping the average within-cluster similarity above 0.79. The change in data
reduction when household attributes are added also indicates that persona similarity alone is insufficient
to ensure that these key attributes match within a final cluster, hence the necessity of attribute matching.
Practitioners can tune both the minimal similarity and the matching attributes to navigate the tradeoff
between personalization and data reduction: stronger guardrails help preserve personalization but
reduce the fold of data reduction, while never violating the guarantees of Theorem 3.1. In practice
the data reduction fold is often determined by budget constraints, and the guardrails are set based on
safety/quality constraints and the target reduction fold. For a new dataset, these values can be chosen
by sweeping « and the optional matching attributes on a small random sample to hit the target. The full
table sweeping across thresholds and attribute configurations on the 5M-customer subset is provided in
Appendix D.2.
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Figure 4: Recommendation relevance rating by member-representative similarity.

5. Application

We tested and launched SGC in an A/B test in June 2025, validating the end-to-end recommender
system (Figure 1, introduced in Section 1) that generates personalized product recommendations from
shopping personas and household attributes estimated from interaction histories. Each component
in the pipeline is separately developed and validated; in particular, the Marketing Critic achieves 97%
precision and 60% recall in persona-item relevance predictions on 6,000 human-annotated test samples.
Because the pipeline is almost entirely LLM-based, it faces scalability issues at the targeted scale of 38
million customers. Our clustering algorithm makes the A/B test feasible by reducing the data size for
downstream computations by ~50 times, while guaranteeing a minimal customer persona similarity of
0.77 and exact matching of adult gender, adult count, child presence, child gender, and child age within
each cluster. Thus, our clustering algorithm plays a key role in unblocking and supporting the launch.

Concretely, without clustering the query generation step requires $114,000 and 22.8 days (Haiku 3 on
demand, limited by throughput) and the Marketing Critic step $1,018,500 and 485 days (Nova Micro on
demand); with clustering, these drop to $2,100 and 0.42 days, and $20,370 and 9.7 days, respectively.
Further reduction can be achieved as needed by removing tail clusters (Section 4.2) or lowering the
required minimal similarity (Section 4.4).

We also evaluate the impact of clustering on recommendation quality. Ideally, cluster members receive
recommendations as relevant to them as to their representative, i.e., the product-to-representative-
customer relevance rate should be close to the product-to-cluster-member relevance rate for recommen-
dations personalized to the representative. Applying the Marketing Critic to 5,000 randomly sampled
representatives and their corresponding cluster members, we find that the relative difference between
the two rates is only 0.7% (95% Confidence Interval [—0.1%, 1.5%]). The small difference helps validate
that the proposed clustering method is able to retain personalization while increasing scalability in the
case of personalized recommendations.

The A/B test showed significant positive impact on revenues and engagement (p-value < 0.05) and
enabled subsequent launches.

6. Conclusion

In this work, we propose SGC, a scalable two-stage clustering algorithm with guarantees of minimal
similarity and attribute matching between each sample and its cluster representative as quality guardrails



while reducing downstream cost and latency. We provide empirical evidence that the proposed method
uniquely combines per-sample guardrails with scalability, running one to three orders of magnitude
faster than benchmark methods, and that its skewed cluster sizes enable trimming tail clusters for
further data reduction. We apply SGC to a shopping-persona-based recommender system for 38
million customers, cutting downstream LLM computation by ~50x (from over $1.1M and 500 days
to ~$22K and ~10 days) and unblocking the launch. For future work, richer ways to measure inter-
customer similarity and select cluster representatives could tighten the link between the guardrails and
downstream recommendation relevance.
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A. Extended Related Work

This appendix expands on Section 2: we first give a detailed comparison against the threshold-based
clustering methods most related to ours, then discuss other LLM-scaling approaches and argue that
they are complementary to — rather than substitutes for — input-side clustering for our use case.
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A.1. Detailed Comparison with Threshold-Based Clustering

All threshold-based methods we consider impose a user-specified lower bound « on within-cluster
similarity, but they differ in how they select representatives, whether they guarantee the bound, and
whether they scale. Table 4 summarizes the comparison.

Star Clustering [19]. Star Clustering covers a thresholded similarity graph with star-shaped sub-
graphs: it repeatedly selects the highest-degree uncovered vertex as a star center and assigns its
neighbors as satellites. The threshold is guaranteed only between each satellite and its center, not
between arbitrary pairs. Because degree-based selection produces an independent dominating set of
centers, it selects more representatives than necessary — its approximation ratio on the number of
clusters can be as poor as (n) [20] — which translates to weaker data reduction in our experiments
(Section 4.1). It also requires the full O(n?) similarity matrix. A “partitioning” variant reassigns each
member to its most-similar center to produce disjoint clusters, analogous to our reassignment step but
built on degree-based rather than coverage-based representatives.

SimClus [20]. SimClus reformulates lower-bound-similarity clustering as SET CovER and applies
the Johnson-Chvatal greedy heuristic [22, 23]: at each step it selects the sample covering the most
still-uncovered samples, achieving an O(log n) approximation on the number of clusters. This coverage-
based selection is exactly our Stage 2, so SimClus produces the fewest clusters (best data reduction)
among the baselines. However, it computes the entire O(n?) similarity matrix and selects globally,
making it the slowest and most memory-intensive method in practice (Section 4.1, Section C.5). Our
method can be seen as SimClus made scalable by confining the greedy selection to within Mini-batch
K-Means initial clusters, augmented with attribute matching and an optional reassignment step; the
price is a modest increase in the number of clusters, since two similar samples split across different
initial clusters cannot share a representative (Remark on partition-constrained vs. global optimum in
Appendix B).

Community Detection [21]. The Community Detection utility in SentenceTransformers forms, for
each point, a community of all points above the similarity threshold, sorts communities by size, and
greedily removes overlap. Two caveats matter for our use case. First, during overlap removal a member’s
original seed can be claimed by a larger community, so the member is reassigned to a new community
whose reported representative may be below the threshold — hence Community Detection does not
strictly guarantee the minimal similarity (we observe 36-47% of samples below « in Section 4.1).
Second, its default drops points in communities smaller than a minimum size; we set this minimum to 1
for a full-coverage comparison. To scale, SentenceTransformers batches the data and runs Community
Detection within each batch — this can be viewed as a special case of performing an initial round of
clustering with a cheap method, except that random batching is more likely than Mini-batch K-Means
to separate similar samples into different batches, yielding more final clusters.

SemDedup [24]. SemDedup shares our two-stage structure (cluster embeddings, then compare
within each cluster) and was designed for web-scale data. However, its objective is to remove semantic
duplicates to shrink a training set: within each cluster it keeps one exemplar per group of near-duplicates
and discards the rest, retaining no mapping from a discarded sample to its exemplar. Repurposing it as a
clustering method for output propagation would require inventing such an assignment, and its similarity
threshold governs the retained set rather than a per-sample member-to-representative guardrail. We
therefore address it in discussion but do not benchmark it; SimClus is the faithful, clustering-native
representative of the coverage-based threshold family that we do benchmark.



Table 4

Comparison of threshold-based clustering methods. “Selection” is the representative-selection rule; “Guarantees
«” is whether every member is guaranteed similarity > « to its representative; “Attr. match” is exact attribute
matching; “Scalable” is whether the method avoids materializing the full O(n?) similarity matrix over all samples.
SemDedup (*) bounds similarity only within the retained set, not per-sample to a representative, and retains no
member-to-representative mapping.

Method Selection Guar. At Scalable
o match

Star Clustering degree v X X

SimClus coverage v X X

Community Det.  neighborhood X X X

SemDedup farthest-centroid ~ X* X v

SGC coverage v v v

A.2. Complementary LLM-Scaling Approaches

Input-side clustering is one of several strategies for reducing LLM inference cost, and it is complementary
to the others rather than mutually exclusive. KV caching and prefix reuse [12, 32] amortize the cost of a
shared prompt prefix across requests, and prompt caching is now offered by major providers. Model
compression — distillation [33], quantization [34], and pruning [35] — reduces the per-call cost of the
model itself. Inference-serving optimizations such as continuous batching and paged attention [12, 13]
raise throughput. These operate on the prompt, the model, or the serving stack; our approach instead
reduces the number of distinct inputs the LLM must process, and can be layered on top of any of them.

Crucially, none of these alone addresses our target use case. KV/prompt caching helps only when
requests share a long prefix; our millions of shopping personas are semantically similar but do not
share verbatim prefixes, so caching yields little reuse. Model compression reduces per-call cost but not
the number of calls, and is itself a non-trivial, time-consuming effort: distillation requires running the
expensive teacher over large data to generate training targets, then training and evaluating student
models, with quality risk on the exact personalization and safety behaviors we must preserve. Clustering,
by contrast, reduces the call count by ~50x with a provable per-sample guardrail and negligible
overhead, and remains compatible with caching, compression, and serving optimizations applied to the
reduced set of representative calls.

B. Formal Guarantees of the Proposed Algorithm

In this section we prove that both Algorithm 1 (the base two-stage algorithm) and Algorithm 2 (the
optional reassignment variant) satisfy the minimal similarity and attribute matching requirements
stated in Section 1 (Requirements 1 and 2). We formalize the argument through the lens of set cover,
which naturally captures the representative-selection step.

B.1. Preliminaries and Notation

Let D = {(F;, A;)}"_; be the input dataset, with embeddings E; = fem(F;). For a user-specified
similarity threshold a € [—1, 1] and attribute space, define the match relation ~, on D by

i~a] = fim(Ei, Ej) > a and A; = Aj.
Forany i € {1,...,n}, let the a-ball (or admissible set) of i be

Ba(i) = {j€{l,....n} irmaj)



Note that ~,, is reflexive (since fsim(FE;, E;) = 1 > « for any reasonable « < 1, and trivially A; = A;)
and symmetric (since fgm is symmetric and equality of attributes is symmetric), so i € B, (i) and
Jj € Ba(i) <= i€ By(j). Itis not transitive in general, which is why clustering under this relation is
non-trivial.

A cluster assignment feruster : D — {1,...,n} with representative set R C {1,...,n} is said to
satisfy the guardrail property if

fcluster(PiyAi) =r —= re€R and i € BQ(T). (1)

Equivalently, (1) says that every customer is assigned to a representative whose a-ball covers them.
This is precisely the condition required by Requirements 1 and 2.

B.2. Set-Cover Interpretation

Within any initial cluster Cj, C {1,...,n} produced in Stage 1, consider the collection of candidate
cover sets

Fi = {Ba(i)NCy : i € Cr}.

Stage 2 of Algorithm 1 is exactly the classical greedy algorithm for SET CovER applied to the universe C},
with candidate sets Fy: at each iteration it picks the set covering the largest number of still-uncovered
elements, removes those elements, and repeats until the universe is exhausted. Because ~, is reflexive,
every element i € C}, is contained in at least one candidate set (namely B, (i) N Cy), so a valid cover
always exists and the greedy procedure terminates.

B.3. Correctness of Algorithm 1

Theorem B.1 (Guardrail guarantee for Algorithm 1). For any input D, any embedding function fe,,
any symmetric similarity function fg, with fgm(x,z) > «, any threshold o, and any number of initial
clusters K > 1, the assignment Fetuster returned by Algorithm 1 satisfies the guardrail property (1). In
particular, for everyi € {1,... ,n}, lettingr = fclusm(Pi, Ai),

fsim(femb(Pi>7 femb(Pr)) >« and Az = A,-.

Proof. Fix an initial cluster C, produced in Stage 1, and consider Stage 2 applied to Cj. Let () denote
the set of unmatched customers at the start of iteration ¢, with /(1) = Ch.
At iteration ¢, the algorithm computes, for each ¢ € Cj,

MY = {Geu® My =1} = Ba()) U,

where the second equality follows from the definition M;; = 1{S;; > aand A; = A;} in line 7 of
Algorithm 1. It then selects 7*(*) = arg max;ec, ]./\/ll(.t)\ and assigns every j € MS«)@) to representative

r*®) (line 14). By construction,
jeMY, = jeB(r®),

$0 fsim(Ej, E,«ty) > avand A; = A, .). The set Mfﬂ?(” is then removed from ¢/ *t1) (line 15), so no
customer is ever reassigned within Stage 2, and every customer assigned in iteration ¢ satisfies (1).

)

Since ~, is reflexive, r*(*) e an*m, so at least one element is removed per iteration, guaranteeing

termination in at most |Cy| iterations with /(T+1) = (. Hence every i € C}, is assigned to some
representative r € C, with i € B (r). Because Stage 1 partitions {1,...,n} into {C} }/< | and Stage 2

is applied independently within each C, the guarantee extends to every i € {1,...,n}. O

Corollary B.2 (Cover interpretation). Let Ry, C C be the representatives selected by Stage 2 within
initial cluster Cy,. Then {Bu(r) N Ck}rer, is a valid cover of Cy, and R = Uszl Ry induces the final
cluster assignment. The final number of clusters is exactly |R| = Zszl IRk



Remark B.3 (Role of the initial clustering). Theorem B.1 holds for any partition {Cy}X_, used in Stage 1,
including the trivial partition K = 1. The choice of initial clustering affects only the number of final
clusters and the runtime/memory, not the correctness of the guardrails. This is consistent with the
empirical robustness reported in Table 6.

B.4. Correctness of Algorithm 2 (Reassignment Variant)

Theorem B.4 (Guardrail guarantee for Algorithm 2). Under the assumptions of Theorem B.1, the
assignment fs.er returned after applying Algorithm 2 to the output of Algorithm 1 also satisfies the
guardrail property (1). Moreover, for every customer 1, the post-reassignment similarity is at least as large
as the original:

fim (Bis By nay) 2 S (Bis Bpga, mn)

N

old
where fcluster

new

and cluster

denote the assignments before and after reassignment, respectively.

Proof. Fix an initial cluster Cj and let Ry, C C}, be the representatives produced by Algorithm 1. For
each i € (Y, Algorithm 2 (line 2) defines

*
T = argmax,eg, ., =19ir

= argmax,cr, n B, (i) fsim(Ei, Er).

The reassignment is performed only if the constraint set Ry N B (7) is nonempty (line 3), in which
case 1" € B, (i) by definition, so the guardrail property (1) is preserved.

If Ry, N By (i) is empty, the assignment is left unchanged; by Theorem B.1 the original assignment
already satisfied the guardrail, so it still does.

However, by Theorem B.1 the original representative r°'d = fod (P;, A;) belongs to Ry, and

cluster

satisfies i € B, (r°'9), equivalently r°4 ¢ B, (i) by symmetry of ~,. Hence Ry N By(i) is always

nonempty, and the reassignment always executes. Moreover, since 7°'4 is a feasible candidate in the
arg max,

fsim(Eia Er*) > fsim(Eia Erold)7
establishing the monotonicity claim. O]

Remark B.5 (Representative set is preserved). Algorithm 2 does not modify Ry; it only redistributes
the non-representative customers within Cj among the existing representatives. Therefore the final
number of clusters |R| is identical for both variants, while the within-cluster similarities can only
weakly increase. This explains the empirical observation in Table 2 that SGC-R achieves higher average
similarity at the same minimal similarity « and the same number of clusters as SGC.

Remark B.6 (Trade-off with tail-cluster trimming). While reassignment preserves the guardrail and
improves average similarity, it redistributes mass from the largest (earliest-selected) clusters to smaller
ones, flattening the cluster-size distribution. Tail-cluster trimming (Section 4.2) therefore covers fewer
customers per retained cluster under Algorithm 2, consistent with Figures 3 and 5.

B.5. Relation to the Minimum Set Cover Problem

The greedy step in Stage 2 is the classical Johnson-Chvatal greedy heuristic for SET COVER [22, 23]. Let
OPT}, denote the minimum number of a-balls needed to cover C. Then the greedy procedure yields

’Rk‘ < OPTk- (1+ln]Ck\),

so the total number of final clusters satisfies

K K

IRl =D |Ri| < (1+lnmkax|C’k|)ZOPTk.
k=1 k=1



This provides a formal ceiling on the data reduction loss incurred by the greedy representative se-
lection, relative to the (NP-hard) optimum cover within each initial cluster. We emphasize that this
bound concerns data-reduction efficiency, not correctness: the guardrail property (1) holds exactly, not
approximately.

Remark B.7 (Partition-constrained vs. global optimum). The bound above compares |R| to the optimum
R artition Subject to the Stage 1 partition {C }. The unconstrained optimum R ioba (ignoring partition
boundaries) can be strictly smaller, since two similar customers split across different C'}, cannot share a
representative in our algorithm. The gap | R}, iion| — |Rgiobar| i controlled by the quality of the initial
clustering; in our setting Mini-batch K-Means is empirically sufficient to keep this gap small (Table 6 in

Appendix D.3).

C. Computational Complexity Analysis

We analyze the time and memory complexity of Algorithm 1 and Algorithm 2 as a function of the
dataset size n, the embedding dimension d, the number of initial clusters K, and the attribute-vector
dimension a. Let ng = |Cy| denote the size of the k-th initial cluster, with Zszl ng = n.

C.1. Stage 1: Initial Clustering with Mini-Batch K-Means

Let b be the Mini-batch K-Means batch size and T} the number of iterations. A standard Mini-batch
K-Means update evaluates b points against K centroids in R? and performs b centroid updates per
iteration, yielding

TStagel - O(leKd)a MStagel - O((”’L‘*".[{)d)7

where the memory term accounts for storing the n embeddings and K centroids. Since b and T}
are user-specified constants independent of n, Stage 1 is effectively linear in n: O(n d) memory and
(amortized) O (K d) time per mini-batch update. This is consistent with Sculley [14].

C.2. Stage 2: Pairwise Similarity, Match Matrix, and Greedy Selection

Stage 2 is executed independently within each initial cluster Cj. Within Cy, we perform the following
substeps.

(a) Pairwise similarity matrix. Computing S;; = fsm(E;, E;) for all i, j € Cj, costs O(n? d) time
and O(n?) memory.

(b) Attribute match matrix. Computing M;; = 1{S;; > aand A; = A} costs O(n? a) time and
O(n?) memory (assuming a-dimensional categorical attributes compared in O(a)). In practice one can
precompute attribute group IDs in O(ny a) and reduce the pairwise attribute check to an O(1) equality
test, giving O(n?) total.

(c) Iterative greedy representative selection. Let 7} be the number of greedy iterations within
Cy (ie, T, = |Rg|). In each iteration the algorithm must find r* = argmax;ec, |M§t)\, where
./\/lgt) ={jeu®: M;; = 1}. A straightforward implementation maintains a row-sum vector of M
restricted to U(*):

« Initialization of row sums: O(n2).

« Per iteration: select 7* in O(ny), then update row sums by subtracting the columns of M indexed

by MY costing O(\Mgt) “ng).

r*o

Since the sets Mfi)(t) partition Cy, >, |M£?( | = ng, and the total cost of all updates across all T},
iterations is O(n}). Hence the greedy loop runs in O(n?) time.



Per-cluster Stage 2 complexity. Combining (a)-(c):

TStage Z(Ck) = O(nid"i_n%) = O(”% d)?
MStageZ(Ck> = O(n%)

Aggregate Stage 2 complexity. Summing over initial clusters,

K
TStageZ = O(dZn%), MStageZ = O<mkaxni>,

k=1

assuming Stage 2 is processed one initial cluster at a time (so that only one pairwise matrix is held in
memory). If initial clusters are roughly balanced with n; ~ n/K,

TStageZ = O(%Qd) ) MStageZ = O(%QQ) .
This formalizes the role of K: increasing K decreases Stage 2 time linearly and peak memory quadrati-
cally, at the cost of slightly reduced data-reduction efficiency (Appendix D.3, Table 6).
C.3. Stage 2b: Reassignment Step (Algorithm 2)

Within initial cluster Cj, with representatives Ry, the reassignment loop (Algorithm 2) examines, for
each ¢ € C}, only the columns of S indexed by R. The cost is O(ny [Rx|) per cluster and

K K
TReassign =0 (Z g ‘Rk|> <0 (Z n%) ’
k=1

k=1
which is dominated by the pairwise similarity computation and does not increase the asymptotic
complexity. No additional pairwise storage is needed because S and M have already been materialized
in Stage 2. This matches the empirical observation that the reassignment variant has essentially identical
runtime to the base algorithm (Table 2, “Time” column).

C.4. Overall Complexity

Combining Stage 1 and Stage 2,
K
Tiota = 0<leKd + dZni) :
k=1

Miota = O(nd + m]?X ni) .
For roughly balanced initial clusters with ny ~ n/K,
Tiotal = O<nd + %) ’ Miora = O<nd + %) .

In the regime K = ©(n) (ie., ny = O(1)), Stage 2 becomes O(n d), matching Stage 1, and the overall
algorithm is linear in n.
C.5. Comparison with Baselines

For reference, the baseline methods compared in Section 4.1 have the following standard complexities
on n points in R%:

« K-Means (Lloyd): O(nKdT') time, O(nd) memory.



« Mini-batch K-Means: O(bKdT') time, O(nd) memory.

. Agglomerative (Ward): O(n?d) time, O(n?) memory (storing the full distance matrix or heap).
« BIRCH: O(nd) amortized time, but with large constants.

- Spectral Clustering: O(n?) time in the dense case, with O(n?) memory for the affinity matrix.
« Gaussian Mixture (EM): O(nKd*T) time, O(nd + Kd?) memory.

The threshold-based methods most related to ours (Appendix A.1) share the same bottleneck, as each
computes the full pairwise similarity matrix over all n samples:

. Star Clustering: O(n?d) time to compute the pairwise similarity matrix and O(n?) memory;
the star-cover step is then linear in the graph size.

« SimClus: O(n?d) time and O(n?) memory to compute the similarity matrix, plus greedy set-
cover selection over all n samples. In practice this global selection makes it the slowest and most
memory-intensive method we benchmark (Section 4.1).

 Community Detection: O(n?d) time and O(n?) memory for the full pairwise similarity matrix.
To scale, SentenceTransformers batches the data and runs Community Detection within each batch
of size b, reducing cost to O(nbd) time and O(nb) memory. This batched variant is effectively
a special case of our two-stage design in which the initial “clustering” is a random partition
into fixed-size batches; because random batching separates similar samples more readily than
Mini-batch K-Means, it tends to produce more final clusters (weaker data reduction) than an
initial clustering that groups similar samples together.

None of the average-metric baselines admit a user-specified minimal within-cluster similarity con-
straint, and the O(n?) memory requirement of Agglomerative, Spectral, Star Clustering, SimClus, and
(unbatched) Community Detection is prohibitive at the n = 38M scale (as noted in Section 4: ~ 90 TB
for n = 5M). Algorithm 1 circumvents this by restricting the quadratic computation to within each
initial cluster, yielding O(maxj n2) < O(n?) memory for any K >> 1. This is the underlying reason
for the up-to-1000x runtime and memory advantage observed in Section 4.1.

D. Additional Experiment Results

D.1. Cluster Size Distribution Additional Figure

Refer to Figure 5 for cluster size distribution results on Cosmopedia, complementary to Figure 3. Across
all three datasets, the greedy coverage-based methods (SGC and SimClus) produce the most skewed
distributions, in which the largest clusters cover most samples, enabling effective tail-cluster trimming
to further reduce data size and downstream computations; the average-metric baselines, which target
balanced clusters, are the least skewed.

D.2. Impact of Minimal Similarity and Household Attributes

There is a tradeoff between within-cluster similarity and the number of clusters. In the case of personal-
ized recommendations, the higher the similarity, the more likely we recommend the relevant products
to all customers in a cluster, at the cost of increasing the number of clusters and thus downstream com-
putations. Similarly, the number of clusters will increase if we require matching household attributes in
addition to the persona similarity, such as adult gender, adult count, child presence, child gender, and
child age. These household attributes are important for personalized recommendations and not always
captured in the customer shopping personas. We show how the number of clusters is affected by the
minimal similarity and matching attributes required between each sample and the cluster representative
in Table 5 on randomly selected 5 million customers of the 38 million customer dataset.



Cosmopedia

=@= SGC

== SGC-R

=4 - SimClus
Star (part.)

—¥-- Star (overl.)
Community Det.
Mini-batch K-means

Percentage of samples covered

K-means
-+ Agglomerative
-=—-- BIRCH
Spectral
GMM

0% 5% 10% 15%
Percentage of clusters sorted by size

Figure 5: Sample coverage by sorted clusters on Cosmopedia.

Table 5
Clustering performance metrics with different matching attributes and similarity thresholds on 5 million
customers.

Minimal

Matching Attributes .. .| . Number of Average Fraction of Data Data Reduction
Required Slmll%mty Clusters ~ Similarity Retained Fold
Required
0.65 2344 0.794 0.05% 2133 %
0.7 5012 0.812 0.1% 998 %
None 0.75 26868 0.824 0.5% 186
0.8 230262 0.840 4.6% 22X
0.85 1694033 0.904 33.9% 3%
0.9 4695169 0.994 93.9% 1x
0.65 44285 0.792 0.9% 113%
adult gender, 0.7 49804 0.809 1.0% 100
adult count, child 0.75 97298 0.824 1.9% 51x%
presence, child 0.8 435727 0.846 8.7% 11X
gender, child age 0.85 2146887 0.916 42.9% 2%
0.9 4787855 0.996 95.8% 1x

D.3. Impact of Hyperparameters and Robustness

We perform SGC-R on the 100K Shopping Personas for different hyperparameters of Mini-batch K-Means
used for the initial clustering before representative selection. Because the greedy selection and optional
reassignment in the second stage help further partition the initial clusters based on desired safety/quality
constraints, the proposed clustering method is robust to the hyperparameters of Mini-batch K-Means
or even the choice of the clustering method used in the first stage (Table 6).

There are two main tradeoffs in our clustering application. The first main tradeoff is between
cluster quality and data reduction fold, which impacts the recommendation quality and downstream



Table 6

Robustness analysis of SGC-R on internal Customer Shopping Personas across different Mini-Batch K-Means
(MBKM) hyperparameters: batch size, init size, and number of initial clusters. We report average within-cluster
similarity (Avg. Sim.), minimal within-cluster similarity (Min. Sim.), number of final clusters (# Clusters), data
reduction fold (Reduc. Fold), Stage 1 time (MBKM), and Stage 2 time (Representative Selection and Reassignment)
in seconds.

MBKM  MBKM  Num Initial  Avg.  Min. # Final Reduc. Stage 1 Stage 2
Batch Size Init Size Clusters (K) Sim.  Sim. Clusters Fold Time (sec.) Time (sec.)

1024 1024 10 0.826 0.750 2055 48 x 0.12 12.97
1024 1024 50 0.825 0.750 2539 39X 0.22 1.48
1024 1024 250 0.824 0.750 2920 34X 0.46 1.02
1024 10240 10 0.825 0.750 2029 49 x 0.18 14.59
1024 10240 50 0.825 0.750 2575 38X 0.46 1.41
1024 10240 250 0.824 0.750 3042 32X 1.57 0.90
10240 1024 10 0.826 0.750 2034 49x 0.29 13.54
10240 1024 50 0.825 0.750 2579 38x% 0.29 1.44
10240 1024 250 0.824 0.750 3054 32X 0.54 0.89
10240 10240 10 0.826 0.750 2048 48 x 0.21 14.89
10240 10240 50 0.825 0.750 2602 38X 0.58 1.46
10240 10240 250 0.823 0.750 3104 32X 1.69 0.86

computation savings. This tradeoff is controlled by the user specified minimal similarity threshold and
matching attributes shown in Table 5. The second main tradeoff is between scalability (in terms of
latency and memory usage) and data reduction fold. This tradeoff is controlled by the initial number of
clusters, K. Recall that in the second stage of the proposed clustering we compute pairwise embedding
similarity within each initial cluster for the greedy representative selection. This pairwise computation
is O(nz) w.r.t. sample size n, in this case the size of each initial cluster. Thus as K increases, the latency
and memory requirement will both decrease, increasing scalability. In exchange, the initial clustering
also introduces noise so that samples that pass the final cluster criteria might end up separated during
initial clustering, reducing the efficiency of data size reduction, which worsens as K increases (Table
6). In practice we recommend choosing a K as small as latency and memory requirements allow to
maximize data reduction.

E. Experimental Setup Details

In the experiment on within-cluster similarities from Section 4.1, we specify the minimal similarity
thresholds (0.75 on internal shopping personas, 0.3 on AG News, and 0.4 on Cosmopedia) to obtain ~50
fold reduction in data size based on our target use case in personalized recommendation and for making
results across 3 datasets more comparable. The conclusions are consistent for other values of minimal
similarity thresholds based on further experiments. We set the number of initial clusters to be 0.04%
of the sample size. Increasing this ratio will reduce the memory requirement of pair-wise similarity
computation within each initial cluster at the potential cost of increasing the number of final clusters.

We select embedding models from the SentenceTransformer model zoo [21] by benchmark perfor-
mance, inference speed, and context-window limit. For shopping personas and AG News, whose texts
are short, we use al1-MiniLM-L6-v2 (384-dimensional embeddings, 256-token context), which is fast
and performs well across benchmarks. Cosmopedia articles are substantially longer, so we instead use
all-distilroberta-v1 (768-dimensional embeddings), which offers a larger context window (512
tokens) to avoid truncating long inputs at a modest speed cost. Any embedding model meeting these
criteria can be substituted; the same model is used for the proposed method and all baselines on a given
dataset for a fair comparison.



We use the default hyperparameters of the clustering methods benchmarked against as implemented
in Scikit-learn [31] 1.7.2, except for Spectral Clustering whose hyperparameters are slightly adjusted
for memory efficiency. The number of clusters is set to match the final number of clusters produced by
SGC on each dataset to achieve the same data size reduction. Other key hyperparameters are as follows:

1. Mini-batch K-Means: ‘max_iter’: 100, ‘batch_size’: 10240, ‘init_size’: 30720, ‘random_state’:
123.

2. K-Means: ‘init’: ‘k-means++’, ‘n_init™: ‘auto’, ‘max_iter’: 300, ‘algorithm’: ‘lloyd’.

3. Agglomerative Clustering: ‘metric’: ‘euclidean’, ‘linkage’: ‘ward’, ‘compute_full_tree’: ‘auto’.
4. BIRCH: ‘threshold’: 0.5, ‘branching_factor’: 50.

5. Spectral Clustering: ‘affinity’: ‘nearest_neighbors’, ‘n_neighbors’: 10, ‘eigen_solver’: ‘lobpcg’.

6. Gaussian Mixture: ‘covariance_type’: ‘full’, ‘init_params’: ‘kmeans’, ‘max_iter’: 100.
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