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Abstract

Approximate nearest neighbor (ANN) search is widely used in the
retrieval stage of large-scale recommendation systems. In this stage,
candidate items are indexed using their learned embedding vectors,
and ANN search is executed for each user (or item) query to retrieve
a set of relevant items. However, ANN-based retrieval has two key
limitations. First, item embeddings and their indices are typically
learned in separate stages: indexing is often performed offline af-
ter embeddings are trained, which can yield suboptimal retrieval
quality—especially for newly created items. Second, although ANN
offers sublinear query time, it must still be run for every request, in-
curring substantial computation cost at industry scale. In this paper,
we propose MultiFaceted Learnable Index (MFLI), a scalable, real-
time retrieval paradigm that learns multifaceted item embeddings
and indices within a unified framework and eliminates ANN search
at serving time. Specifically, we construct a multifaceted hierar-
chical codebook via residual quantization of item embeddings and
co-train the codebook with the embeddings. We further introduce
an efficient multifaceted indexing structure and mechanisms that
support real-time updates. At serving time, the learned hierarchical
indices are used directly to identify relevant items, avoiding ANN
search altogether. Extensive experiments on real-world data with
billions of users show that MFLI improves recall on engagement
tasks by up to 11.8%, cold-content delivery by up to 57.29%, and
semantic relevance by 13.5% compared with prior state-of-the-art
methods. We also deploy MFLI in the system and report online
experimental results demonstrating improved engagement, less
popularity bias, and higher serving efficiency.
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Figure 1: Traditional ANN-based retrieval contains three
stages: item embedding learning, offline item indexing, and
online ANN search at serving time. In contrast, LI-based re-
trieval jointly learns item embeddings and indices during
training, and performs fast index lookup during serving.
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1 Introduction

Approximate nearest neighbor (ANN) search [2, 11] lies at the core
of large-scale retrieval in recommendation systems [21, 28, 36],
particularly when the candidate set reaches billions of items and
exhaustive scanning becomes computationally infeasible [16]. In
general, ANN approaches construct an index over the item corpus
such that similar items are mapped into the same (or adjacent)
regions of the index, enabling efficient candidate item retrieval.
Despite their broad adoption, traditional ANN methods face
two major challenges. First, item indexing is typically performed
offline and is decoupled from item-embedding learning. Because
indexing is refreshed only periodically while the model is updated
continuously online, the resulting indices can become stale and
inconsistent across refresh cycles, which limits their effectiveness
[31, 44]. Moreover, constructing and refreshing indices in real time
is expensive due to the heavy offline pipeline. This is particularly
problematic for large-scale video recommendation, where millions
of new videos may be created daily and freshness is important [13].
Second, the serving cost is high and often increases with candidate
set size. For example, the widely used approach, the Inverted File
Index (IVF) [19], probes a subset of nearby indices and then com-
putes the k-nearest neighbors within those indices. At billion-scale,
however, this still requires substantial online computation. While
graph- and tree-based methods [26, 53] can improve search speed,
they typically incur significant memory overhead and are difficult
to parallelize efficiently on modern GPU accelerators [42], limiting
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their serving efficiency (see Figure 1). Therefore, it is an impor-
tant research problem to address these effectiveness and efficiency
limitations in traditional ANN-based retrieval approaches.

Recent work on learning item indexing structures constructs
item indices during training using Vector Quantization (VQ) tech-
niques [3, 44], aiming to mitigate inconsistencies between item-
embedding learning and indexing. However, these approaches typi-
cally rely on a single index structure, which can limit representa-
tional capacity and reduce the diversity of retrieved items. Moreover,
these works often underemphasize major system-level challenges
of real-time index updates, scalability, and flexibility in index design.
To address these gaps, we propose Multi-Faceted Learnable Index
(MFLI), a scalable, real-time retrieval framework that jointly learns
multifaceted item indices alongside item embeddings. We further
describe MFLI’s system design for industrial-scale recommenda-
tion systems, covering both modeling and systems considerations
needed to enable robust, real-time, multi-way item retrieval. At the
high level, MFLI comprises two key components (Figure 1): 1) Joint
item embedding and index training. We introduce a unified training
module that jointly learns item embeddings and a multifaceted,
multi-layer codebook structure. Using distinct objective functions,
the module produces richer and more diverse item representations,
and enables each item to be mapped to multiple sub-codebooks in
parallel. 2) Efficient serving via direct multifaceted lookup. At serv-
ing time, the learned indices are used for retrieval through direct
multifaceted item lookup, eliminating the traditional ANN search
process and enabling efficient candidate retrieval. The retrieved
candidates are then passed to a reranker, which performs per-index
reranking to produce the final ranked list.

Building such systems presents several key challenges. First,
maintaining balanced index (cluster) sizes during online training
to prevent indices from becoming too large or too small. We apply
a set of index-balancing strategies during training and introduce
a split-and-merge procedure that automatically splits oversized
indices and prunes undersized ones at serving time (Section 3.2).
Second, designing an indexing scheme that enables efficient stor-
age and retrieval of multifaceted item-to-index and index-to-item
mappings. We propose a unified representation for multifaceted
indices, together with a compact data structure that supports effi-
cient lookup (Section 3.3). Third, updating the indexing structure in
real time, since item embeddings are refreshed asynchronously at
different cadences during training and some candidate items may
never appear in the training data. We develop an efficient delta-
update strategy: a main stream periodically synchronizes indices
for all items in the candidate pools, while a fast stream computes
indices for fresh items in real time. At serving time, once an index is
selected, we prefetch both existing and fresh items associated with
that index in parallel and then merge the results, enabling efficient
and effective index updates (Section 3.6).

We conduct extensive evaluations of MFLI on real-world data
from a commercial platform serving billions of users. MFLI im-
proves recall on engagement tasks by up to 11.8%, recall for cold-
content delivery by up to 57.29%, and item semantic relevance by
13.5% over prior SOTAs (Section 4.2). We further deploy MFLI in the
system and report online experimental results showing improved
engagement, reduced popularity bias, and increased serving effi-
ciency (Section 4.6). Last, we present comprehensive analysis of the
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learnt index distribution (Section 4.4). Our key contributions are
summarized as follows:

e We propose MFLI, a scalable real-time retrieval framework that
jointly learns multifaceted item indices alongside item embed-
dings and eliminates the ANN process during serving.

e We introduce a split-and-merge procedure with guaranteed index
balance, a unified and compact multifaceted-index storage for
fast lookup, and a real-time delta-update pipeline that keeps the
indexing structure fresh, addressing critical system challenges.

e We evaluate MFLI on real-world data and show superior perfor-
mance over prior SOTAs. The MFLI is deployed in recommenda-
tion system, with online experiments validating its effectiveness.

2 Related Work

ANN-based Retrieval. Approximate nearest neighbor (ANN) search
has been widely adopted in large-scale retrieval systems [2]. Early
work on ANN search proposed a variety of Euclidean-distance-
based indexing methods, including k-means-based clustering (8, 19]
and product quantization [18]. To improve retrieval accuracy, later
approaches explored hashing-based methods [1, 35, 38], graph-
based methods [5, 25, 26], as well as tree-based methods [15, 17, 27].
However, these methods typically construct indices offline and
are not well suited to GPU parallelization, causing mismatches be-
tween the item embeddings and reducing timeliness and scalability
of large-scale online recommendation systems.

Index Learning. To overcome the limitations in ANN-based re-
trieval, recent work has proposed online indexing methods (e.g.
Tree-based index models [52, 53], DeepRetrieval [9], Trinity [44],
Streaming VQ [3], MERGE [43]) that learn item indices during
training, mitigating the inconsistency between item embedding
and index, and reducing serving latency and memory footprint.
However, these approaches typically depend on a single index struc-
ture, which can constrain representational capacity and limit the
diversity of retrieved items. Moreover, they often underempha-
size important system-level challenges, including real-time index
updates, scalability, and flexibility, in index design.

Multifaceted Embedding. Prior works have shown that a single
embedding cannot capture different facets of item correlations.
Therefore, multifaceted embeddings can help improve recall during
retrieval [12, 33, 49, 50]. However, one practical challenge of using
multifaceted embeddings for large-scale retrieval is the serving cost,
which grows linearly with the number of facets and can become
unaffordable in production. This paper addresses this challenge by
jointly learning multifaceted item indices and embeddings online,
such that the serving overhead is minimal.

Semantic IDs. Recent works on generative retrieval have pre-
sented different approaches based on vector quantization [22, 24, 39]
for building semantic IDs for items, such that the model can be
trained to predict semantic IDs with better generalization capability
[7, 20, 31, 51]. There are several key differences between semantic
IDs and item indices. First, semantic IDs typically require no hash
collisions [37], meaning each item should have a unique semantic
ID. By contrast, a learnable index is designed to assign a moderate
number of co-engaged items to the same indices to enable effec-
tive retrieval. More importantly, the semantic ID of each item is
static during model training [41]. However, the indices of items in
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Figure 2: Overview of MFLI framework. During training phase, it learns a multifaceted embedding for each item, and conducts
residual quantization on candidate item embeddings by facet in parallel. The codebook and item embeddings are jointly trained
via a multifacted loss and a quantized multifaceted loss. The serving part consists of four modules: 1) index lookup, which
looks up the multifaceted indices of query item ids; 2) index selection module that selects top K indices; 3) item lookup, which
fetches all items in each selected index; 4) per-index rerank, which selects top N items for each selected index.

MFLI will change fast as real-time user engagement behavior shifts,
capturing real-time engagement patterns. This poses significantly
more challenges for online indexing learning, such as how to bal-
ance the index distribution online and how to guarantee cluster
sizes for real-time retrieval serving.

3 Methodology

3.1 Overview

The overall training and serving workflow of MFLI are illustrated
in Figure 2. Specifically, MFLI designs a multifaceted item repre-
sentation to capture multiple aspects of the item (e.g., engagement,
relevance, freshness), which is trained with a multifaceted loss be-
tween trigger-item embeddings and candidate-item embeddings,
and a quantized multifaceted loss between trigger-item embeddings
and quantized candidate-item embeddings (the codebook). All pa-
rameters, including the codebook, are differentiable and optimized
via stochastic gradient descent [34]. At serving time, MFLI runs a
four-step pipeline: 1) index lookup, which identifies the multifac-
eted indices for each query/trigger item; 2) index selection, which
chooses the indices that best capture user interest; 3) item lookup,
which retrieves items associated with the selected indices; and 4)
per-index reranking, which selects the top items from each index.

To make MFLI robust and deployable at scale, we address several
key challenges: 1) learning a stable multifaceted codebook effi-
ciently under online learning (Section 3.2); 2) bounding the learned
cluster sizes to avoid overly large or overly small indices at serving
time (Section 3.3); 3) designing an indexing structure that supports
efficient and scalable multifaceted index lookup and item retrieval
(Section 3.4); and 4) updating the indexing structure in real time
with consistency guarantees (Section 3.5).

3.2 Training

This section presents how the multifaceted hierarchical codebook
and item embeddings are jointly learned. We first introduce multi-
faceted residual quantization (MF-RQ) to quantize each facet inde-
pendently with an L-layer hierarchical codebook, and then present
the training objective used to optimize both embeddings and code-
book parameters end-to-end. Finally, we summarize the techniques
we use to improve index balance and stabilize online training.
MF-RQ. Differing from traditional RQ [22] that uses a two dimen-
sional hierarchical codebook to quantize item embeddings, MF-RQ
employs a three-dimensional hierarchical codebook. Formally, a F-
faceted and L-layer codebook can be denoted by {Cy, . .., CL }, where
C; € RF*Nixd s the Ith-layer codebook with size N; and dimension
d. Given an item embedding v € RF*¢, MF-RQ performs residual
quantization on the f-th facet of an item embedding (v[f]) using
the corresponding facet-specific codebook ({C1[f],...,Cr[f]}). In
this way, different facets of item embeddings can be quantized inde-
pendently and in parallel (see bottom left of Figure 2). Specifically,
we initialize the residual as ry = v and, for each layer / € {1,...,L}
and facet f € {1,..., F}, we select the nearest codeword from the
f-th sub-codebook at layer [ as:

- : _ 2
kip =arg,_minlIra (1= GLFKIE, 8

where r;_;[f] € R? denotes the f-th facet residual before layer I,
and C;[f, k] € R? is the k-th codeword for facet f at layer I. The
layer-l quantized embedding and the updated residual are then
given by:

alfl=Clf.kigl,  nlfl=rnalfl-alfl @
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After [ layers, the quantized embedding is obtained by summing
the selected codewords across all previous layers:

1
df1 =) qklf), o e RPX ©)
k=1

This computation can be efficiently parallelized on GPU, allowing
the indices for all facets to be computed simultaneously.
Training Loss. To jointly learn item embeddings and indices, we
minimize a multifaceted loss between trigger item embeddings and
candidate item embeddings, and the same multifaceted loss between
trigger item embeddings and quantized candidate item embeddings.
Specifically, trigger items are previously engaged items selected
from the user interaction history (UIH), while candidate items are
the most recently engaged items. We use the Search-based Interest
Model (SIM [30] to identify semantically relevant items within the
user’s UIH and assign them higher training weights (see Figure
2). Moreover, we leverage Sampled SoftMax (SSM) loss [40] as the
retrieval loss train MFLI. Given a co-engaged item embedding pair
(v;,vj) and a set of randomly negative item embedding set Vi, the
SSM loss for (v;,v;) is defined as:

et f19j1f]
1T 4 5 ey e U101

F
L*(v;,0:, Vi) == > w; i[f]lo

(01,05, Vi) fZ:l ij[f] ge”iT
where v;[f] € RY, v;[f] € RY, v[f] € R? represents the f-th em-
bedding of v;, v, v respectively, d is item embedding dimension, F
is the total number of facets, and w; ;[ f] is the f-th co-engagement
label between item i and j. Note that different facets of item em-
beddings and codebook are trained on different labels. In addition,
we compute the SSM loss between (v;, z?jl) as L¥™ (v, 5}, Vi), where

4)

0 ]l denotes the quantized embedding of item j after the I-th quan-
tization layer. The overall training objective for the pair (v;,v;) is
defined as:

L
L® (07, 01, Vi) =wo L* (05,07, Vi) + ) wi L (03, 8}, Vi) +L* (01, 0, Vi), (5)
=
where wy, wy, ..., wp are tunable weights and L? denotes auxiliary
losses from other non-engagement tasks. In this paper, we incorpo-
rate a semantic relevance loss into L*** and apply it to the second
facet to improve semantic relevance, referring to the design in [49].
Index Balance Control. We employ two main index-balancing
strategies. First, we adopt a delayed start scheme by warming up
item embeddings before activating the codebook and commencing
joint training. In addition, we progressively activate the codebook
in a layer-wise manner to improve the stability and robustness
of multi-layer codebook training. Second, we introduce a regu-
larization term that penalizes over-utilized (i.e., overly popular)
codewords to encourage balanced codeword usage. Note that for
codebook initialization, we randomly sample a set of item embed-
dings and use them to initialize the codebook layer by layer.

3.3 Index Rebalance

While we develop several techniques to improve codebook balance
during training, these methods do not directly guarantee bounded
index sizes at serving time. As a result, some indices can still become
overly large or overly small in production, which degrades retrieval
quality and efficiency. This issue is further exacerbated in online
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Figure 3: Illustration of index rebalancing, where undersized
indices are merged, oversized indices are split, and mask
items are assigned with an invalid index.

recommendation systems, where distribution shift between the
training item set (primarily exposed items) and the serving-time
candidate pool (exposed + unexposed items) makes it difficult to
control the serving-time index distribution [45, 48]. To address this,
we introduce a index-rebalance step, split-and-merge, which splits
oversized indices and merges undersized ones as shown in Figure 3.
This procedure guarantees that the number of items assigned to
each index remains bounded in production. In addition, we design
a flexible per-facet index-pruning mechanism for MFLI, enabling
us to easily customize the candidate pool for different facets.
Split-and-Merge with Index-Size Guarantees. For each over-
sized index (size > Bypp), we independently run k-means clustering
on the last-layer residual item embeddings associated with that in-
dex, so the splitting step can be fully parallelized. Suppose splitting
produces N; new centroids. We then increase the total number of
original indices from N to N + N;. If an item is assigned to new
centroid i, we reset its index to N +i. Moreover, to prune undersized
indices, we scan all L-th-layer indices under each (L — 1)-th-layer
index and identify those with size below Bjyy. We then merge these
small indices by reassigning their items to the smallest index among
them. In the rare case where the merged index remains smaller than
Biow, we further merge it with a nearby index that is not oversized.
Item Pruning for Candidate Set Customization. With MFLI,
we can flexibly derive a subset of the full candidate corpus for each
index facet, enabling facet-specific customization of retrieved items.
For example, suppose the second facet is trained with an auxiliary
semantic-relevance loss to group semantically related items into
the same index, which is beneficial for cold-start items. We can
then customize the pool by assigning cold-start items only to this
second facet. Specifically, as illustrated in bottom left of Figure 3,
we extend the total number of indices by one to represent an invalid
index, and reassign all masked items to this invalid index, so they
are excluded from retrieval at serving time.

3.4 Indexing Structure

The indexing structure in MFLI primarily consists of two map-
pings: an item-to-index mapping and an index-to-item mapping.
These mappings are stored as in-memory tensors to enable efficient
lookups. We describe the details below.

Unified Index. In MFL], an item is assigned with F indices after
RQ, one per facet, each of which is originally represented as a tuple
(c’lf S c{) Therefore, we first cover them into unified integer
indices as:

1

of = cf « (MZINK) +¢f, (6)
1
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Figure 4: Delta update of MFLI’s indexing structure. Every
At time (e.g., 1 min), a delta snapshot storing the indexing
structure of fresh items is produced. Every AT time (e.g.,
30 minutes), a full snapshot storing the refreshed indexing
structure of the full item pool is produced. MFLI fetches
items from both the full and delta snapshots during serving.

Suppose facet f has My distinct index values in total after index-
rebalancing. We then define a unified index vector by offsetting the
index of each facet into a single contiguous range:

é)=[c, My+c% ..., Z?;;Mf+cF] € RF, 7)

where ¢/ denotes the (scalar) merged index for facet f, and My is
the total number of merged indices for facet f.

Item-to-index Mapping. With unified index, we maintain an
item-to-index mapping using (i) a dense tensor that stores the
unified indices for all items with size (I, F), and (ii) a lightweight
direct lookup structure that maps each item id to its row offset
i € [0,I), where I is the pool size. Given an item id, we first retrieve
its row offset in constant time, and then fetch the corresponding
multifaceted indices via a single indexed read from the (I, F) tensor.
The time and space complexity are O(1) and O(I X F) respectively.
Index-to-item Mapping. MFLI stores the index-to-item mapping
F
using two tensors: (i) a count tensor T™4e* ¢ N%f B Mf, where
Tndex [ 1] is the number of items assigned to the m-th unified index
and Zji:l Mgy is the total amount of indices; and (ii) an item-id
tensor 7M™ € N7, which stores all item ids sorted by unified indices.
Consequently, the items under the m-th unified index correspond
to the tensor segment

Titem Zzn:fll Tindex[k] . Zz”tzl Tindex[k]]. (8)

The time and space complexity for finding items under an index
are O(1) and O(I + Z?:I Mp) respectively. Note that details on how
we use these mappings in serving are shown in Section 3.6.

3.5 Real-time Update

In online training, both item embeddings and item inventory evolve
continuously, hence it is important to keep MFLI’s indexing struc-
ture up to date in real time. To this end, we design a delta-update
strategy: a delta snapshot that indexes newly arrived items can be
produced within O(min), while a full snapshot that indexes the
entire item pool is refreshed periodically. At serving time, MFLI
fetches items under the selected indices from both the full and delta
snapshots and then merges the retrieved candidates (Figure 4).

Motivation. Conceptually, there are two approaches to updating
the indexing structure. The first is an asynchronous in-training up-
date: we maintain a cached mapping from items to indices and
update it whenever an item is re-embedded and re-quantized dur-
ing training. This approach guarantees the freshness of indexing
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structure, but it has two major drawbacks. First, because the up-
dates are asynchronous with respect to the checkpoint used for
serving, the published indices can become inconsistent across items
at serving time. Second, training data typically covers only impres-
sion (exposed) items; consequently, unexposed or newly arrived
items in the item pool may never be refreshed through training-
time updates. Alternatively, the second approach is to periodically
recompute indices for the item pool using a fixed model checkpoint.
This yields mutually consistent embeddings, codebook, and indices,
but incurs higher compute cost and longer end-to-end refresh la-
tency, delaying the delivery of fresh items.

Design Details. In practice, we adopt the second approach and mit-
igate its freshness limitation with our delta-update design: periodic
full-snapshot refreshes ensure global consistency of the indexing
structure, while real-time delta snapshots ensure newly arrived
items become retrievable within O(min). Since the number of fresh
items in the delta snapshot is much smaller than the size of the
full candidate set (roughly 100x), MFLI skips index-rebalancing for
fresh indices and items, and the computational cost of producing
the delta snapshot is minimal. Note that the fresh indices are the
original mapped codeword indices of fresh items. However, this can
introduce some inconsistencies between the indexing structures
of the full and delta snapshots, since the full snapshot may end up
with more indices than the delta snapshot due to index-rebalancing.
To address this, we maintain a mapping from fine-tuned indices
to their original indices, as shown in bottom right of Figure 2. At
serving time, once an index from the full snapshot is selected, we
directly look up all associated fresh indices and fetch all items con-
tained in those indices (more details are provided in Section 3.6).

3.6 Serving

The overall serving flow of MFLI follows an item-to-item retrieval
paradigm, as demonstrated in Figure 2. Upon receiving a user re-
quest, we extract a set of T engaged items from the user’s interaction
history as triggers. Each trigger item is first mapped to a multifac-
eted index vector ¢ via the index lookup module. Next, the index
selection module selects the indices that best capture the user’s
current interests. The item selection module then retrieves items
from the selected indices. Finally, a reranker performs per-index
reranking to select the top-k candidates for each index and merges
the results across indices. We describe each module in detail below.
Index Lookup. For each trigger item, this module retrieves its
mapped unified index vector ¢(t) using the item-to-index mapping
(see Section 3.4). Concretely, given an item ID, its row offset i €
[0,1) is first obtained via a direct-lookup structure, and then the
corresponding ¢(t) is fetched with a single indexed read from the
cached item-to-index mapping tensor. The total time complexity
for each request is O(T), and T = F indices will be found.
Index Selection. After receiving T+F indices from the index lookup
module, the index selection module selects K unique indices, each
of which contains a set of correlated items that a user may be
interested in. Because multiple trigger items can map to the same
single-facet index, we construct an index-frequency histogram per
facet, which can be used for multi-user-interest mining [44]. We
describe several strategies used in MFLI:
o Multi-interest extraction: MFLI applies multinomial sampling [10]
over the index-frequency distribution, so indices mapped from
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Table 1: Performance comparison of MFLI and baseline methods. For recall, we report recall@1000 on VVC (Video View
Complete), Like, LWT (Long Watch Time), and CCD (Cold Content Delivery) tasks. For semantic relevance, we report the
average topic match rate between the trigger and retrieved items at the T; (coarse-grained) and T, (fine-grained) levels.

. Recall Semantic Relevance

Baseline - - -
VVC Like LWT CCD | T1 topic T2 topic

NeuCF [14] 21.51% 24.44% 25.85% 7.54% 24.80% 17.10%
Mol [46] 22.67% (+5.39%) 25.78% (+5.48%) 26.84% (+3.83%) 7.60% (+0.80%) 39.65% (+59.88%)  26.84% (+56.96%)
HLLM [4] 22.39% (+4.09%) 25.28% (+3.44%) 26.61% (+2.94%) 7.97% (+5.70%) 38.94% (+57.02%) 26.48% (+54.85%)
HSTU [47] 23.64% (+9.90%) 28.07% (+14.85%)  26.46% (+2.36%) 12.08% (+60.21%) | 28.00% (+12.90%)  19.07% (+11.52%)
MTMH [49] 22.85% (+6.23%) 26.11% (+6.83%) 27.23% (+5.34%) 8.18% (+8.49%) 46.10% (+85.89%)  33.55% (+96.20%)
VQIndex [3] 19.41% (-9.76%) 22.77% (-6.83%) 22.98% (-11.10%) 7.60% (+0.80%) 47.47% (+91.41%)  34.56% (+102.11%)
MEFLI (Ours) 24.04% (+11.76%) 26.72% (+9.33%) 27.49% (+6.34%) 11.86% (+57.29%) 52.31% (+110.93%) 38.70% (+126.32%)

more trigger items are more likely to be selected. Unless other-
wise specified, we use this strategy to sample top-k indices in
subsequent experiments.
® Recent-interest boosting: for indices associated with the most
recent triggers, MFLI increases their priority to capture users’
latest interests more responsively.
Long-tail interest exploration: for long-tail users with limited in-
teraction history, fewer trigger items are extracted, which yields
fewer mapped indices. To mitigate this, for each selected index,
we additionally include neighboring indices that share the same
upper-level indices, enabling more diversity for exploration.

Item Selection. This module takes as input the K selected unified
indices and retrieves all items associated with them from both the
full snapshot and the delta snapshot. For a given index i, the mod-
ule first fetches the associated items from the latest full snapshot,
denoted by Cl.full (see Eq. (8)). Next, it performs a direct lookup to
obtain the fresh index (or indices) associated with i. Without index-
rebalancing, the associated fresh index is simply i itself. With index-
rebalancing, if i is produced by splitting an originally oversized
index, then the fresh index corresponds to the original (pre-split)
index; if i is produced by merging a set of undersized indices, then
the associated fresh indices correspond to those original undersized
indices. After extracting the fresh indices, the module fetches the
corresponding fresh items from the latest delta snapshot, denoted by
Cidelta. The final set of items retrieved is C = U1, x} Ci» where
Ci = Cifun U Cidelta denotes the retrieved items from index i, and
|C| = O(K * Bypper) is bounded due to split-and-merge step.
Per-index Reranking. This module performs per-index reranking
using a user-to-item reranker model [46]. For each selected index,
it ranks the items retrieved in the previous step (in parallel across
indices) and retains the top-N items for that index. The resulting
per-index shortlists are then merged into a single set, which is
passed to subsequent ranking stages. With per-index reranking,
MFLI preserves multi-interest coverage across indices while en-
suring strong trigger-to-item relevance in retrieval. This design
helps prevent any single dominant interest from overwhelming the
candidates, improving their quality and diversity[23].

4 Experiments

In this section, we evaluate MFLI on a commercial recommenda-
tion system. We first compare MFLI’s offline performance with
prior state-of-the-art industry retrieval models. Next, we present
an ablation study of MFLI and provide a comprehensive analysis

of the learned index distribution. We then assess the impact of key
hyperparameters on performance. Finally, we deploy MFLI and
benchmark it against the baseline retrieval model in online experi-
ments. More training data details are presented in Appendix A.

4.1 Baselines and Evaluation Metrics

For offline evaluation, we compare MFLI against six baseline models
in terms of recall and item semantic relevance. Specifically, we re-
port recall@1000 on four tasks: Video View Complete (VVC), Like,
Long Watch Time (LWT), and Cold Content Delivery (CCD). We de-
fine semantic relevance as the average topic match rate between the
input trigger items and the retrieved candidate items. We consider
two types of topic IDs, denoted by T; and T,: T; captures broader
item topics, whereas T, captures more fine-grained topics. Unless
otherwise specified, MFLI uses two facets. Each facet employs a
two-layer codebook with sizes 512 and 128, respectively. The first
facet is trained using only a co-engagement loss, while the second
facet is trained with both a co-engagement loss and a relevance
loss [49]. Moreover, we train MFLI and baselines using real data
from Period P;, and evaluate all models on real data from Period P,,
which follows P; (see Appendix A for additional details on model
hyperparameters and training setups). We describe the compared
baselines in detail below:

e NeuCF [14]: it uses only content-agnostic ID features as input
and produces a single-facet item embedding via a sparse neural
network (NN) followed by a dense NN.

e MoL [46]: it extends NeuCF by additionally incorporating item
content features as inputs to the DNN.

e HLLM [4]: it augments the item tower with content embeddings
generated by pretrained LLMs.

e VQIndex [3]: it adapts streaming VQ on item retrieval and learns
a single-layer codebook of size 10k during training.

e HSTU [47]: It is a state-of-the-art sequential recommendation
model based on Transformers. For evaluation, we use its learned
item embeddings to perform item-to-item retrieval.

e MTMH [49]: It is the state-of-the-art retrieval model based on a
multi-head architecture with multi-task learning.

Note that VQIndex is one of the SOTA index-based retrieval ap-
proaches with single facet, while all other baselines are ANN-based
methods (see Appendix D for other index-based retrieval baselines).
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Table 2: Ablation study results of MFLI. We independently remove split-and-merge index rebalancing, top-k index selection,
and delayed start to quantify the impact of each component on MFLI’s recall and semantic relevance. VVC, Like, LWT, and
CCD denote the video view complete, like, long watch time, and cold content delivery tasks, respectively.

Baseline ‘ Recall Semantic Relevance
| vvC Like LWT CCD | T1 topic T2 topic
MFLI 24.04% 26.72% 27.49% 11.86% 52.31% 38.70%

19.60% (-18.47%)
21.61% (-10.11%)
23.60% (-1.83%)

23.05% (-13.74%)
25.15% (-5.88%)
26.38% (-1.27%)

- Split-and-merge
- Index selection
- Delayed start

22.65% (-17.61%)
25.30% (-7.97%)
27.64% (+0.55%)

11.32% (-4.55%)
12.50% (+5.40%)
12.24% (+3.20%)

49.35% (-5.66%)
53.39% (+2.06%)
51.70% (-1.17%)

34.49% (-10.88%)
40.17% (+3.80%)
38.28% (-1.09%)

4.2 Main Results

We first compare the offline evaluation results of MFLI against base-
lines on four engagement tasks: VVC, LWT, and CCD, as well as
two item semantic relevance tasks: T; and T, topic match rates. As
demonstrated in Table 1, MFLI achieves both top recalls and rele-
vance across various tasks. Specifically, among the four engagement
tasks, MFLI has the highest recall on VVC and LWT, with up to
+11.76% and +6.34% improvements respectively. For Like and CCD,
MFLI achieves 26.72% and 11.86%, outperforming all other baselines,
expect for HSTU. However, HSTU has significantly worse semantic
relevance rate. This is expected since the item embeddings of HSTU
is trained to maximize the retrieval recall on co-engagement tasks,
without explicitly optimizing the item semantic relevance tasks.

Moreover, MFLI outperforms all baselines on semantic relevance,
with up to +110.93%/+126.32% gains in /I, topic match rate. This
shows MFLI retrieves more co-engaged items while preserving
intra-index semantic coherence, improving interest matching. Fi-
nally, our MFLI delivers higher end-to-end throughput than ANN-
based retrieval models. Particularly, compared with MTMH, a multi-
ANN retrieval model, MFLI increases throughput by 60%.

4.3 Ablation Study

Next, we conduct an ablation study on MFLI to quantify the impact
of three design choices: split-and-merge index-rebalancing, top-
k index selection, and delayed start. We report offline recall on
four engagement tasks (VVC, Like, LWT, CCD) and item semantic
relevance measured by T;/T; topic match rates.

As shown in Table 2, split-and-merge significantly improves
MFLI’s performance. Removing it leads to consistent regressions
in both recall and semantic relevance (e.g., —18.47% Recall on
VVC and —10.88% T; match rate). This is expected: pruning overly
small indices avoids retrieving too few items, while splitting overly
large indices improves intra-index homogeneity so that each in-
dex corresponds to a tighter cluster of similar items. Moreover,
removing top-k index selection improves semantic relevance (1;/T5:
+2.06%/+3.80%) but reduces recall on the primary engagement tasks
(e.g., —10.11% and —5.88% on VVC and Like), indicating a trade-off
between engagement-oriented retrieval effectiveness and semantic
alignment. Finally, removing delayed start reduces recall on VVC
and Like, while yielding only marginal gains in semantic relevance.

4.4 Index Distribution Analysis

In this subsection, we conduct a comprehensive evaluation of the
quality of the learned indices in MFLIL. We use a two-layer code-
book of size 512 x 128, which maps approximately 200M items into
discrete indices. We first examine the distribution of index sizes. As
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Figure 5: Analysis of learnt indices in MFLI. (a) Index-size
distribution (items per index). (b) Item distribution across
index-size buckets (items per index-size buckets). (c) Index
usage (percentage of non-empty indices) over training snap-
shots. (d) Intra-index vs. inter-index relevance.

shown in Figure 5a, 98% of indices contain fewer than 20k items,
and approximately 90% fall between 100 and 10k items. In addition,
we analyze the item-level distribution across indices (Figure 5b).

We observe that around 80% of items are assigned to indices with
fewer than 20k items, and more than 60% are assigned to indices
smaller than 10k. Note that these statistics are computed before
split-and-merge; afterward, overly small (size < 100) and overly
large indices (size > 20k) are removed. Moreover, we analyze how
index usage evolves during online training over a 7-day window.
As shown in Figure 5c, more than 98% of indices are actively used,
and this ratio remains stable throughout continuous training. This
indicates that MFLI maintains broad index coverage over time and
can be trained robustly in online recommendation systems.

Last, we compute intra-index and inter-index semantic relevance
to assess the semantic purity of the learned indices. Specifically,
we randomly sample item pairs from the same index and compute
the average topic match rate as the intra-index relevance. We also
randomly sample item pairs from different indices and compute the
average topic match rate as the inter-index relevance. As demon-
strated in Figure 5d, intra-index relevance is substantially higher
than inter-index relevance, indicating that items within the same
index are indeed semantically related.
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Table 3: Effects of number of facets and codebook size.

Num. of facets ‘ Recall of VVC Recall of LWT ‘ Throughput
One 20.72% (-13.81%)  24.49% (-10.91%) | +0.00%
Two 24.04% 27.49% -18.8%

Three 24.13% (+0.37%)  28.19% (+2.55%) | -23.9%

(a) Varying number of facets.

Codebook size ‘ Recall of VVC Recall of LWT ‘ T; topic

10k 22.54% (-6.24%)  26.71% (-2.84%) | 55.10% (+5.33%)
256%128 24.07% (+0.12%)  27.53% (+0.15%) | 52.21% (-0.19%)
512x128 24.04% 27.49% 52.31%

1024%256 23.18% (-3.58%)  27.15% (-1.24%) | 52.73% (+0.80%)

(b) Varying codebook size.
4.5 Varying Hyperparameters

In this subsection, we study the sensitivity of MFLI to two key
hyperparameters: the number of facets and the codebook size. We
report recall on VVC/CCD and item semantic relevance on T; topics
under different settings in Tables 3a and 3b, respectively (full results
are reported in D).
Number of Facets. We vary the number of facets from 1 to 3. The
first facet is trained on an aggregated engagement objective (i.e., the
sum of engagement labels), the second emphasizes item semantic
relevance via multi-task learning, and the third is specialized for
time-spent-related engagement signals. For a fair comparison, we
fix the total number of retrieved items by adjusting the number
of selected indices per facet; therefore, increasing the number of
facets (heads) does not increase the downstream ranking overhead,
and only incurs small overhead during index lookup and selection.
As shown in Table 3a, overall recall improves as the number of
facets increases. Using a single facet results in substantial regres-
sions across all metrics (VVC: —13.81%; LWT: —11.21%; semantic
relevance: —12.98%), indicating that a single representation is insuf-
ficient to capture diverse engagement patterns. Increasing from two
to three facets yields a modest gain in VVC (+0.37%) but a larger im-
provement in LWT (+3.12%), consistent with the third facet being
explicitly optimized for time-spent-related objectives. Importantly,
because we keep the total number of retrieved items fixed across
settings, increasing the number of facets does not linearly decrease
end-to-end serving throughput (three facets: -23.9%).
Codebook Size. We consider four variants: a single-layer codebook
of size 10k, and three two-layer codebooks with increasing capacity.
As shown in Table 3b, the single-layer 10k setting substantially
degrades recall (VVC: -6.24%, LWT: -2.84%) despite achieving the
highest topic relevance (+5.33%), suggesting that coarse quantiza-
tion forms semantically coherent but less discriminative clusters.
In contrast, among two-layer codebooks, increasing capacity im-
proves semantic alignment with only a slight drop in recall: moving
from 512128 to 1024X256 increases topic relevance (+0.80%) while
slightly reducing recall (VVC: -3.58%; LWT: -1.24% — 27.15%). Over-
all, 512x128 offers a robust balance between recall and relevance.

4.6 Online A/B Testing

We deployed MFLI on a real-world recommendation system and
conducted a 7-day A/B experiment. Table 4 reports aggregated
impact on (i) video volume (VV) distribution to quantify the effec-
tiveness on popularity debias, (ii) freshness to measure how quickly

Jiang Zhang et al.

Table 4: Aggregated 7-day online A/B testing results. MFLI re-
duces popularity bias by shifting exposure toward low-VV
items and improves freshness, engagement efficiency (more
explicit and diverse engagement ), and serving throughput.

Category Metric Relative change
Video view L0: 5K)/[5k, 50) +279%/+54%
[50k, 100k)/[100k, o) +11%/-2%
[0, 6h) +221%
Freshness [0, 24h) +10%
Explicit signals +0.08%
Engagement Diversity +0.30%
Throughput  QPS +60%

fresh items are surfaced, (iii) engagement efficiency to capture user-
value changes (positive and negative interactions), and (iv) serving
capacity measured by Queries Per Second (QPS).

Video View Distribution Shift. We bucket items by their histori-
cal view volumes (VV) and compute the relative changes of total
views contributed by each bucket. A shift toward lower-VV buckets
indicates that exposure is less dominated by already-popular items
(i.e., reduced popularity bias). As shown in Table 4, MFLI substan-
tially increases exposure to low-/mid-popularity content ([0, 5k):
+279%; [5k, 50k): +54%), while slightly decreasing exposure to the
highest-popularity bucket ([100k, 0): —2%), indicating that MFLI
effectively redistributes traffic from head items toward the long tail.
Freshness. Freshness is measured as the fraction of served items
whose age (time since publish) falls within a given time window.
We report two windows: [0, 6h) capturing “ultra-fresh” content dis-
covery, and [0, 24h) capturing same-day freshness. MFLI improves
ultra-fresh exposure by +221% and increases same-day exposure
by +10%, enabling faster delivery of newly created items.
Engagement Efficiency. We track two engagement signals: Ex-
plicit engagement (e.g., likes, shares) and Diversity (i.e. interest
diversity of engagement). An increase in explicit engagement along-
side an increased diversity in engaged items indicates improved
engagement efficiency (higher user value per impression). MFLI
yields a +0.08% lift in explicit engagement and improves its diversity
by +0.30%, suggesting better engagement efficiency even as traffic
shifts toward fresher content.

Serving Capacity. We evaluate GPU server throughput using QPS
(queries per second). MFLI improves serving QPS by +60%, demon-
strating substantially higher serving efficiency and increased head-
room for reranking model scaling (see Appendix C for more details).

5 Conclusion

We present MFLI, a scalable real-time retrieval framework that
jointly optimizes multifaceted item embeddings and indices, elimi-
nating the resource-intensive offline index construction and ANN
search required by conventional retrieval systems. We address key
production challenges through: (i) index balancing, via training-
time strategies and a split-and-merge index rebalancing procedure;
(ii) a unified, compact indexing structure for efficient multifaceted
index lookup; and (iii) a real-time update pipeline for index re-
freshing. Extensive offline and online experiments on an industrial
recommendation system demonstrate consistent gains in engage-
ment efficiency, user—interest matching, and popularity debiasing,
along with improved serving efficiency.
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A Training Details

Training setups. We train MFLI alongside the baseline models on
real data from Period P;, and evaluate all models on real data from
Period P,, which follows P;. For MFLI, we set the total number of
selected indices to K = 200 and the number of items retained after
reranking to N = 15. For offline evaluation, top-k index selection is
enabled. To compute recall@1000, we sort retrieved items by their
reranking scores and keep the top 1000. We use 1,000 because, in
industrial systems, the retrieval stage typically passes on the order
of 1k candidates to downstream stages [6]. We train the model on 48
A100 GPUs with a batch size of 2048 per GPU. We use the Adagrad
optimizer with a learning rate of 0.01, and each training example
is used exactly once. Both item embeddings and codewords have
dimension 128 (see Table 7 for details).

Codebook regularization loss. As mentioned in Section 3.2, we
introduce a regularization term that penalizes over-utilized (i.e.,
overly popular) codewords to encourage balanced codeword usage,
following [32]. Specifically, for each codebook layer C; € RF*Nixd
and a batch of item (residual) embeddings r;_; € RF*Bxd
the regularization loss as:

Loss(Cp,rj_q) = FLNI Z(Zk G LS, ]
fii

, we define

—Vl—l[f,k]Hz)z
B .

©)

It is used to minimize the sum of squares of the mean distance
between each codeword and all item embeddings in a batch. This
loss is originally introduced in [29] to ensure that the in-batch
cluster distribution is even.
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B Index Selection Strategies

After receiving T X F indices from the index lookup module, the
index selection module selects K unique indices. Each selected index
represents an interest bucket containing a set of correlated items that
a user may be interested in. Each dimension ¢¢(t) corresponds to a
single-facet item index for facet f € {1,..., F}. Because multiple
trigger items may map to the same single-facet index, we aggregate
these mappings into an index—frequency histogram for each facet,
which can be used for multi-interest mining [44]. Specifically, for
facet f we compute:

Wm):ihﬁﬂozﬂ,

teT

me{o,....My—1},  (10)

and its normalized distribution
hy(m)

o hyp(m’)”
Here, 7 denotes the set of trigger items selected from the user’s
interaction history; h¢(m) counts how many triggers map to index
m under facet f; and pr(m) estimates the selection probability
of index m. Intuitively, higher-frequency indices provide stronger
evidence of user preference for the corresponding interest bucket.
With this, MFLI applies user-interest mining approaches similar
to [44] and runs several index selection strategies in parallel. We
denote the selected indices for facet f by Sy, and the final merged

set by
F
s =Jss
f=1

typically with |S| = 0(10?).Below we summarize several index
selection strategies used in MFLI:

Multi-interest extraction. MFLI applies multinomial sampling
over the index-frequency distribution to select top-k indices, so
that indices supported by more trigger items are more likely to be
selected. Specifically, we sample from py with a temperature 7 > 0:

pr(m) = (11)

pr(m?r

Zm’ Pf(m') Y
and draw k; indices from 7y to form Sy. This encourages the se-
lected indices to match the user’s multi-interest profile while allow-
ing controllable exploration via 7. By default, we use 7 = 1.0
Recent-interest boosting. Since the trigger set 7 is time-ordered,
for indices associated with the most recent triggers, MFLI increases
their priority to capture users’ latest interests more responsively.
In practice, this can be implemented by upweighting histogram
counts contributed by recent triggers (equivalently, modifying hf
before normalization), or by injecting a small set of indices derived
from the most recent triggers directly into S¢.

Long-tail interest exploration. For long-tail users with limited
interaction history, fewer trigger items are extracted, which yields
fewer mapped indices. To mitigate this, for each selected index,
we additionally include neighboring indices that share the same
upper-level indices, enabling more diverse retrieval for exploration.
Retrieve more/less for strong/weak interests. Higher/lower
index frequency implies stronger/weaker interest signals. To reflect
this, MFLI passes hf(m) to Per-index rerank module, in order to
control how many items are selected per index. For example, given

mp(m) = (12)
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Table 5: Effects of number of facets on MFLI’s performance. Note that VVC, Like, LWT, CCD represent video view complete,

like, long watch time, cold content delivery tasks respectively.

‘ Recall Semantic relevance
Num. of facets e Like LWT CCD [ T, topic T, topic { Throughput
One 20.72% (-13.81%)  24.19% (-9.47%)  24.49% (-10.91%)  10.53% (-11.21%) | 45.52% (-12.98%)  31.51% (-18.58%) | +0.0%
Two (default) 24.04% 26.72% 27.49% 11.86% 52.31% 38.70% -18.8%
Three 24.13% (+0.37%)  27.53% (+3.03%)  28.19% (+2.55%)  12.23% (+3.12%) | 50.60% (-3.27%)  37.11% (-4.11%) | -23.9%

Table 6: Effects of codebook size on MFLI’s performance. Note that VVC, Like, LWT, CCD represent video view complete, like,

long watch time, cold content delivery tasks respectively.

Codebook size ‘ Recall Semantic relevance

| vwC Like LWT CCD [ I topic I, topic
10k 22.54% (-6.24%)  25.51% (-4.53%)  26.71% (-2.84%)  10.82% (-8.77%) 55.10% (+5.33%) 43.10% (+11.37%)
256x128 24.07% (+0.12%)  26.82% (+0.37%)  27.53% (+0.15%)  11.43% (-3.63%) 52.21% (-0.19%) 38.76% (+0.16%)
512x128 (default) | 24.04% 26.72% 27.49% 11.86% 52.31% 38.70%
1024%256 23.18% (-3.58%)  25.97%(-2.81%)  27.15%(-124%)  11.98% (+1.01%) 52.73% (+0.80%) 39.49% (+2.04%)

Table 7: Hyperparameters of MFLI.

Name Value
Number of GPUs 48 A100s
Batch size 2048
Learning rate 0.01
Optimizer Adagrad
Training epoch 1
Item embedding dim 128
Codeword embedding dim 128

Table 8: Comparing MFLI with other index-based retrieval
baselines (i.e. Trinity and SID).

Baseline ‘ Recall delta ‘ Semantic relevance delta
MFLI - -

SIDs [31] -46.92% +14.70%

Trinity [44] -10.32% +2.34%

Table 9: Ablation study of regularization loss in MFLI for
codebook balance.

Baseline ‘ Recall delta ‘ Semantic relevance delta
MFLI - -
MFLI w/o reg. loss -11.28% -3.11%

tot

a facet-level candidate item quota Q'%', we allocate an index-level

item quota as:

T sy (hp(m))*

where o > 0 controls how aggressively we prioritize strong interests
(with a = 0 yielding uniform allocation).

These selection paths operate in parallel for each facet, and we
merge the indices selected by all paths across all facets to obtain the
final set S. Notably, if we fix the total number of selected indices

|S|, increasing the number of facets does not increase the reranking
cost; therefore, the serving overhead remains bounded.

C Scaling MFLI

There are two ways to scale MFLL The first is to increase the number
of facets, where each facet is trained with a distinct objective so that
multi-way retrieval can be performed at serving time. Note that,
by controlling the total number of selected indices, this does not
increase serving cost linearly. During online A/B testing of MFLI,
we did not observe any latency regression. Second, since MFLI does
not rely on ANN search, its end-to-end throughput is significantly
higher than ANN-based approaches. This leaves headroom to use
more complicated reranker models, improving reranking precision.

D Supplementary Evaluation Results

In this section, we study the sensitivity of MFLI to two key hyper-
parameters: the number of facets and the codebook size. We report
recall on four engagement tasks and item semantic relevance on
T,/T, topics under different settings in Tables 5 and 6, respectively.
Number of Facets. We vary the number of facets from 1 to 3.
The first facet is trained on an aggregated engagement objective
(i.e., the sum of engagement labels). The second facet emphasizes
item semantic relevance via multi-task learning, following [49]. The
third facet is specialized for time-spent-related engagement signals.
For a fair comparison, we fix the total number of retrieved items by
adjusting the number of selected indices per facet. Specifically, for
the single-facet model we retrieve the top-200 indices. For the two-
facet model, we retrieve 100 indices per facet. For the three-facet
model, we retrieve 75/50/75 indices from facets 1/2/3, respectively.

As shown in Table 5, increasing the number of facets (from 1 to
3) consistently improves recall because each facet’s item embed-
dings and indices are optimized for a distinct objective—aggregated
engagement, semantic relevance, or time spent—so different facets
retrieve complementary sets of correlated items. Moreover, because
we keep the total number of selected indices fixed across settings,
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the downstream reranking cost remains unchanged; as a result, end-
to-end serving overhead does not scale linearly with the number
of facets.

Codebook Size. We compare four codebook variants: a single-
layer codebook of size 10k and three two-layer codebooks with
increasing capacity. As shown in Table 6, the single-layer 10k setting
consistently regresses recall across all tasks (e.g., VVC: —6.24%,
Like: —4.53%, LWT: —2.84%, CCD: —8.77%) despite achieving the
strongest interest matching (e.g., I; topic: +5.33%, I, topic: +11.37%),
suggesting that coarse quantization yields semantically coherent
but less discriminative clusters. Among the two-layer codebooks,
256x128 and 512x128 deliver the best overall recall, while larger
capacity (1024x256) improves interest matching (I;: +0.80%, I:
+2.04%) at the cost of lower recall (e.g., VVC: —3.58%, LWT: —1.24%).
Overall, 512x128 provides a robust balance between recall and
interest matching and is used as the default setting.

Comparison with Other Index-based Retrieval Models. We
compare MFLI with two other representative index-based retrieval
approaches: Trinity [44] and Semantic IDs (SIDs) [31]. Note that
Trinity is not a single retrieval model but rather a system com-
prising three retrieval generators targeting different types of user
interest. For a fair comparison, we compare MFLI against the in-
dex learning component of Trinity, which uses a two-layer VQ
codebook (size: 128 X 1024). Similar to VQIndex, Trinity achieves
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slightly better semantic relevance but at the cost of a notable re-
gression in recall (see Table 8). Moreover, Semantic IDs (SIDs) are
trained using RQ-VAE with a two-layer RQ codebook (size: 1024
% 1024) to assign semantically similar items to the same indices
without leveraging real-time co-engagement data. As shown in
Table 8, SID-based retrieval suffers a 46.92% drop in recall despite
achieving significantly better semantic relevance. This is expected,
as SIDs optimize for semantic coherence within clusters rather than
capturing user engagement patterns. These results demonstrate
that MFLI consistently outperforms existing index-based retrieval
models. Finally, we note that MERGE [43], the most recent baseline
in this space, focuses on improving the index balance of VQ-based
approaches. Its contributions are orthogonal to MFLI and could
be combined with our method to further improve index balance.
We do not include a direct comparison due to the lack of publicly
available reproducible code.

Ablation Study on Regularization Loss. The regularization loss
increases when more items are assigned to the same codebook
entry (i.e., their embeddings cluster around a single code vector;
see Section 3.2). Minimizing this loss penalizes oversized indices
and encourages a more balanced codebook utilization. We conduct
an ablation study by removing this loss and observe an 11.94% drop
in recall and a 3.11% drop in relevance (see Table 9), indicating that
the regularization loss effectively improves codebook balance and,
consequently, the overall retrieval performance of MFLIL.
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