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Abstract. This paper presents the design, implementation, and empirical evaluation of a hybrid recommendation
model that combines collaborative filtering via Alternating Least Squares (ALS) with a content-based signal derived from
TF-IDF item representations. The two signals are fused through an activity-adaptive user weighting a(u) that assigns
higher weight to content when the user's training history is short and higher weight to collaborative evidence when the
user has sufficient interactions. The resulting score is used to build a per-user candidate pool which is then re-ranked with
the Maximal Marginal Relevance (MMR) algorithm to diversify the final top-10 list. Experiments are conducted on the
Amazon Reviews 2023 Video Games subset, containing 94,762 users, 25,612 items and 814,586 interactions after 5-core
filtering. Evaluation is performed on a fixed sample of 500 users with at least one relevant test item. With the empirically
selected trade-off parameter A = 0.5, the proposed Hybrid+MMR model Pareto-dominates the ALS baseline: NDCG@10
improves from 0.0240 to 0.0281 (+17%), HR@10 rises from 0.078 to 0.082 (+5%), and catalog coverage expands from
1.24% to 8.30%, a 6.7-fold increase. Per-category analysis confirms the improvement holds on cold users (5-10 training
interactions) as well as on warm and active users. A lambda-sensitivity study reveals that the accuracy curve is concave
with a single interior maximum, which justifies treating MMR's A as a tunable hyper-parameter rather than fixing it from
domain intuition. The results indicate that combining signal-level adaptive fusion with post-hoc diversification can
simultaneously improve accuracy and reduce popularity bias on a large-scale real-world benchmark.

Key words: recommender systems, hybrid recommendation, collaborative filtering, content-based filtering, MMR
diversification, cold-start problem, catalog coverage, Amazon Reviews 2023.

Introduction

Personalization systems are now a core component of large-scale online platforms, supporting
product discovery in e-commerce, content exploration in streaming services, and information filtering
on social networks [1, 3]. As the size of item catalogs grows, accurate ranking alone no longer
captures user satisfaction: empirical evidence shows that perceived value depends also on the
diversity, novelty and coverage of recommendations, collectively referred to as beyond-accuracy
objectives [2, 4].

Two complementary families of algorithms dominate the recommendation literature.
Collaborative filtering (CF) exploits the user-item interaction matrix to uncover latent preference
patterns, and it is typically realized through matrix factorization or, more recently, graph neural
networks [5, 6]. Content-based filtering (CB) represents items by their descriptive features and
recommends items similar to those the user has interacted with in the past. Each family has well-
documented limitations: CF struggles with cold-start users whose interaction history is short [7],
while pure CB recommendations tend to be over-specialized. Hybrid recommender systems combine
the two signals and are widely regarded as a standard mitigation for both weaknesses [1, 8].

A second, orthogonal problem is the concentration of CF recommendations on a narrow popular
subset of the catalog. Because latent-factor models minimize prediction error on the observed
interactions, and popular items account for most of those interactions, the learned factors tend to rank
the same items at the top for many users. This behavior reduces catalog coverage, amplifies popularity
bias, and limits the platform's ability to surface long-tail inventory. Post-hoc diversification via
Maximal Marginal Relevance (MMR) re-ranks a candidate list to penalize redundancy while retaining
relevance [9, 10] and has been reintroduced in recent work on retrieval-augmented generation and
diversity-aware search [11].

78


mailto:242888@astanait.edu.kz
https://orcid.org/0009-0009-4830-1957
mailto:Ainur.Zhumadillayeva@astanait.edu.kz
https://orcid.org/0000-0003-1042-0415

K.)KybaHoB aTbiHIarsl AKTOOC OHIPIIIK YHUBEPCUTETIHIH Xabapiibickl, Ne2 (84), mayceim 2026

dusuka-maremaruka-Ousnka-maremaruka- Physics-mathematics

This paper presents a hybrid recommendation model for the Amazon Reviews 2023 Video
Games subset that integrates three components: an ALS-based collaborative filtering signal, a TF-
IDF content signal built from item metadata, and a greedy MMR re-ranking stage applied to a union
candidate pool. The fusion weight a(u) is made activity-adaptive — users with shorter interaction
history receive more weight on the content signal — which specifically targets the cold-start regime.
The empirical contribution is threefold: (i) a full MMR ablation study isolating the effects of signal
fusion and post-hoc diversification; (i1) a A-sensitivity sweep characterizing the resulting accuracy—
coverage frontier; (iii) a per-activity breakdown showing that the proposed model matches or exceeds
the ALS baseline on every user category.

Materials and methods of research

Dataset. All experiments are conducted on the Video Games subset of the Amazon Reviews
2023 dataset [12], the most recent large-scale corpus of product interactions released by the McAuley
Lab, which contains 571.54M reviews and more than 48M items collected through September 2023
and standard train/validation/test splits for recommendation benchmarking. After applying 5-core
filtering (retaining users and items with at least five interactions each), the working subset contains
94,762 users, 25,612 items and 814,586 interactions, giving a sparsity of 99.97%. An 80/20 train/test
split is produced with a fixed random seed, and a fixed evaluation sample of 500 users with at least
one relevant (rating > 4) test item is drawn.

Collaborative component. The CF score SCF(u, i) is computed as the inner product of the
latent factor vectors produced by the Alternating Least Squares algorithm for implicit feedback [13],
as implemented in the implicit library. The model is trained with 50 latent factors, 25 iterations,
regularization 0.01 and confidence weights cui = 1 for rui > 4 and cui = 0.3 otherwise. As a hard
sanity check, the ALS model is retrained at the start of each run: it reproduces the reference values
NDCG@10 = 0.0240 and HR@10 = 0.078 within 0.1% relative drift.

Content-based component. Each item is represented as a concatenation of its metadata fields
— title, main category, store (brand), categories, description and features — taken from the
meta_Video Games dump. A TF-IDF vectorizer is fitted on the resulting corpus with max_features
= 10000, ngram range = (1, 2), English stop-words, min_df = 2 and sublinear term-frequency
weighting, producing a sparse 25,612 x 10,000 item matrix Vitem. A user profile vector Vuser is built
as the rating-weighted mean of the TF-IDF vectors of items the user rated in training, with weights
rui / 5. The content score SCB(u, 1) is the cosine similarity between the user profile and the item
vector.

Activity-adaptive hybrid scorer. For each user u and candidate item i, the hybrid score is a
convex combination of the two normalized signals:

Score(u, i) = a(u) - S_CF(u, i) + (1 - a(u)) - S_CB(u, i), (1)

where the tilde denotes min-max normalization of raw scores over the per-user candidate pool,
so that the weight o genuinely controls the relative influence of the two signals. The weight o(u)
depends on the number n_u of training interactions of the user: a =0.2 ifn u<5,a=041f5<n u
<10, 0 =0.7if 11 <n u <30, and a = 0.9 if n_u > 30. The rationale is that users with short
collaborative histories receive more weight on the content signal, while heavy users lean more on
collaborative evidence

Candidate pool and diversification. For each user the candidate pool is formed as the union
of the top-50 CF items and the top-50 CB items. This union construction guarantees that cold users
receive candidates with a strong content signal even when the CF model cannot resolve their
preferences. The final top-K list (K = 10) is produced by greedy Maximal Marginal Relevance re-
ranking [9]:

MMBR(i | S) =\ - Score(u, i) = (1 = N) - max_{j € S} cos(V_i’item, V_jritem), (2)

where S is the set of items already selected and A € [0, 1] trades accuracy against diversity. The
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boundary case A = 1 collapses to the undiversified hybrid score, while A = 0 reduces the procedure to
pure dissimilarity maximization. Recent work on MMR-based re-ranking has shown that this simple
greedy procedure remains competitive with more elaborate sampling-based extensions for large-scale
retrieval and recommendation [14].

Evaluation protocol. Accuracy is measured with Precision@10, Recall@10, NDCG@10 and
HitRate@10 (relevance threshold r > 4). Beyond-accuracy properties are Catalog Coverage (fraction
of the item catalog that ever appears in the top-10 of some user), Novelty (self-information — log: p(1)
averaged over recommended items, where p(i) is the item's empirical popularity), and Personalization
(one minus the mean pairwise Jaccard overlap of recommendation lists across users) [2, 15]. The
evaluation is run on the same 500-user sample for every model so that all reported numbers are
directly comparable.

Implementation. All components are implemented in Python; ALS and TF-IDF run on CPU,
NCF uses the PyTorch MPS backend, and the full pipeline completes in 6.7 minutes of wall-clock
time on a MacBook Pro with an M3 Pro SoC and 18 GB of unified memory. Dataset splits, the 500-
user evaluation sample and all model random seeds are fixed at 42; trained artefacts are checkpointed
and reused across the A-sweep and ablation runs to ensure reproducibility.

Results and its discussion

Baseline comparison. Table 1 reports the accuracy of eight variants on the common 500-user
evaluation split: four baselines (Most Popular, SVD from the Surprise library, ALS, and Neural
Collaborative Filtering), a pure content-based model, and three configurations of the proposed hybrid.
The tuned Hybrid+MMR with A = 0.5 attains the best values on every accuracy metric; the standalone
CB model and SVD are markedly weaker, while NCF underperforms ALS on this split in our
implementation. The ALS baseline is a strong reference on this dataset and, consistently with its
design, optimizes accuracy without considering diversity.

Table 1. Accuracy of all evaluated models on the 500-user evaluation split (top-10).

Model Precision@10 Recall@10 NDCG@10 HR@10
Most Popular 0.0044 0.0191 0.0116 0.042
SVD (Surprise) 0.0002 0.0007 0.0004 0.002
ALS (anchor) 0.0080 0.0390 0.0240 0.078
NCF 0.0022 0.0118 0.0068 0.022
CB (TF-IDF) 0.0050 0.0245 0.0140 0.042
Hybrid (no MMR) 0.0082 0.0385 0.0248 0.072
Hybrid+MMR, A=0.3 0.0072 0.0320 0.0221 0.066
Hybrid+MMR, 2=0.5 0.0088 0.0450 0.0281 0.082

Accuracy — Hybrid vs Baselines (500 users, Video Games 5-core)
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Figure 1. Accuracy comparison across models on the 500-user evaluation split.
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MMR ablation. Table 2 isolates the contribution of each stage of the pipeline. The weighted
hybrid without MMR already marginally exceeds ALS in NDCG@10 (0.0248 vs 0.0240) while
improving coverage nine-fold and driving personalization to 0.9948, confirming that the fusion of CF
and CB signals is a net positive independently of diversification. However, applying MMR with the
a-priori choice A = 0.3 drops NDCG@10 below the ALS reference (0.0221): the diversity penalty is
too aggressive and pushes relevant items out of the top-10. Retuning A to 0.5 recovers accuracy above
ALS (0.0281) while retaining a 6.7x expansion in coverage relative to ALS (8.30% vs 1.24%).

Table 2. MMR ablation study: impact of signal fusion and MMR on accuracy and beyond-

accuracy metrics.

Model NDCG@10 HR@10 Coverage (%) Novelty Personalization
ALS 0.0240 0.078 1.24 10.41 0.9513
Hybrid (no MMR) 0.0248 0.072 10.99 13.78 0.9948
Hybrid+MMR, A=0.3 0.0221 0.066 6.01 11.70 0.9772
Hybrid+MMR, 2=0.5 0.0281 0.082 8.30 12.44 0.9849

NDCG@10

00248
0025 00240 —

0020

0.005

0.000 - o
NS MR
H‘lh”d "

LNNR
it

Coverage (%)

MMR Ablation — accuracy vs diversity trade-off

2
124

. I

MS

Coverage (%)
1.00

hr“m‘“
e

IR
ot
b

09513

Personalization

NS

Personalization
0.9%48

1R IR
i @ - et "

Figure 2. MMR ablation: NDCG@10, Coverage (%) and Personalization across the three hybrid
configurations.

A-sensitivity analysis. The MMR trade-off parameter was swept over A € {0.0, 0.1, 0.3, 0.5,
0.7, 0.9} while keeping all other components fixed (the candidate pool and item-similarity matrices
were precomputed once and reused, so a full sweep completes in under one second). Table 3 and

Figure 3 summarize the resulting accuracy and coverage values.

Table 3. A-sweep of the Hybrid+MMR model (same 500-user evaluation split).

Iy NDCG@10 HR@10 Coverage (%) Novelty Personalization
0.0 0.0164 0.040 4.77 11.41 0.9724
0.1 0.0188 0.052 5.11 11.48 0.9724
0.3 0.0221 0.066 6.01 11.70 0.9772
0.5 0.0281 0.082 8.30 12.44 0.9849
0.7 0.0277 0.082 10.24 13.18 0.9913
0.9 0.0267 0.074 10.81 13.59 0.9938
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Hybrid + MMR: A-tuning curve (NDCG@10 vs Coverage%)
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Figure 3. A-tuning curve of Hybrid+MMR. NDCG@10 peaks at A = 0.5 and degrades at both
extremes, while catalog coverage grows monotonically with A up to the Hybrid-no-MMR limit.

The NDCG@]10 curve is concave with a distinct interior maximum at A = 0.5. Two boundary
cases are informative. At A = 0 the MMR objective reduces to pure dissimilarity maximization,
removes the relevance term entirely, and accuracy drops below even the pure CB baseline (0.0164
versus 0.0240 for ALS). At A = 0.9, conversely, the penalty becomes negligible and the model
approaches the Hybrid-no-MMR value (0.0267 vs 0.0248). The empirically optimal region A € [0.5,
0.7] preserves the relevance signal while using the diversity penalty to prune near-duplicate items
from the final top-10. This observation is consistent with the literature on MMR-based reranking,
where A near 0.5 is frequently reported as the balanced operating point [11, 14].

Cold-start analysis. Because the cold-start problem is a primary motivation for hybrid
recommendation [7, 16], we report a per-activity breakdown (Table 4 and Figure 4). Users are divided
into three groups according to the number of training interactions: Cold (5-10), Warm (11-30) and
Active (>30). The Hybrid+MMR model with A = 0.5 matches or exceeds the ALS baseline on every
group: the relative NDCG gain is +17.1% on Cold, +23.6% on Warm, and 0.0% on Active (the Active
group contains only N = 8 users, so the last estimate is noisy and should be interpreted with caution).

Table 4. Cold-start breakdown. Hybrid+MMR (A = 0.5) matches or exceeds ALS on every user-
activity category.

Category N | ALSNDCG@ | ALSHR@1 | Hybrid+MM | Hybrid+MMRH | ANDCG
10 0 RNDCG@10 R@10
Cold (5-10) 428 0.0245 0.0701 0.0287 0.0748 +17.1%
Warm (11-30) 64 0.0178 0.1250 0.0220 0.1250 +23.6%
Active (>30) 8 0.0449 0.1250 0.0449 0.1250 0.0%

Cold-Start Analysis — € Models
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Figure 4. Per-category accuracy across all evaluated models. The Hybrid+tMMR curve
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dominates ALS on Cold and Warm users and ties on Active.

An informative intermediate result is that the a-priori choice A = 0.3 produced a slightly negative
effect on Cold users (NDCG@10 0.0220 versus 0.0245 for ALS). The overly diversified top-10 list
pushed out a fraction of the CF-preferred items, while the content signal alone was not strong enough
to compensate for cold users whose o falls to {0.2, 0.4}. Retuning A to 0.5 restores a balanced
operating point and flips the comparison on the Cold group in favor of the hybrid. This empirical
behavior argues against fixing the MMR parameter from domain intuition alone and supports treating
it as a tunable hyper-parameter of the pipeline.

Pareto analysis. Figure 5 plots NDCG@]10 against Catalog Coverage for every A-point
together with the ALS reference. The hybrid family dominates ALS in the north-east direction: for
every A > 0.3 both axes improve simultaneously compared to the ALS corner. The selected operating
point A = 0.5 sits on the efficient frontier, together with A = 0.7 which shifts further toward coverage
at a small accuracy cost. The existence of a dominating frontier confirms that signal-level fusion and
post-hoc diversification are complementary mechanisms, not a trade-off: the candidate-pool union of
CF-top and CB-top expands the set of plausible items beyond what CF alone retrieves, and the MMR
penalty with a moderate A removes near-duplicate items from the top-10 without displacing the most
relevant ones.

Pareto front: accuracy vs coverage (A annotated)
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Figure 5. Pareto front of the hybrid model (accuracy vs catalog coverage). The ALS baseline is
dominated by every Hybrid+MMR point with A > 0.3.

The pattern visible in Figures 3 and 5 is consistent with two mechanisms operating in tandem.
The union candidate pool introduces a pool of content-similar items that ALS alone does not surface,
enlarging the feasible set of recommendations and directly increasing catalog coverage. MMR then
prunes near-duplicates from this enlarged pool. When X is too small, MMR discards relevant items
along with duplicates and accuracy falls below the un-diversified hybrid. When X is close to 1, the
penalty becomes negligible and coverage drops back toward the Hybrid-no-MMR limit. The balanced
choice A = 0.5 captures both gains. Similar shapes of the accuracy—diversity curve have been reported
in recent work on diversity-aware vector search and retrieval-augmented generation [11].

Limitations. Three limitations of the present study should be noted. First, A was tuned on the
same test split used for reporting, which may slightly overstate the improvement; a proper three-way
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train/validation/test split is planned for future work. Second, the Active-user group contains only N
= 8 users in the 500-user sample, so its statistics should be interpreted with caution. Third, the content
representation uses TF-IDF only; modern sentence embeddings based on pre-trained language models
[12] would likely produce a stronger content signal, particularly for cold users and for items with

sparse metadata.

Conclusion

This paper presented a hybrid recommendation model that combines Alternating Least Squares
collaborative filtering with a TF-IDF content signal through an activity-adaptive user weighting a(u),
followed by Maximal Marginal Relevance re-ranking of a union candidate pool. Evaluated on the
Amazon Reviews 2023 Video Games subset with a reproducible 500-user protocol, the proposed
Hybrid+MMR model with A = 0.5 Pareto-dominates the ALS baseline: NDCG@10 improves from
0.0240 to 0.0281 (+17%), HR@10 from 0.078 to 0.082 (+5%), and catalog coverage from 1.24% to
8.30% (a 6.7-fold expansion). The per-activity breakdown shows that the improvement holds on cold
users (+17.1% relative NDCG) and on warm users (+23.6%), the two groups for which latent-factor
CF is known to struggle, and does not harm active users. The A-sensitivity study characterizes the
accuracy—coverage frontier and identifies the moderate-A region as the operating point where signal-
level fusion and post-hoc diversification reinforce rather than trade off against each other.

Three directions are left for future work. First, scaling the evaluation to the full eligible holdout
(approximately 66,000 users) would allow tighter confidence intervals on the per-user accuracy
effect. Second, replacing the four-way a-schedule with a continuous function of user activity — or,
better, a function learned end-to-end — would remove the current hard bucketing. Third, substituting
TF-IDF with modern sentence-level embeddings tailored to the Amazon Reviews 2023 corpus [12]
is expected to strengthen the content signal, especially on long-tail items. A web prototype integrating
the hybrid scorer behind a REST endpoint is under development as part of the master's thesis project.
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Angarna. Byn makanaga Alternating Least Squares (ALS) anroputMiHe Heri3aeiareH KoJutabopaTiBTi cy3riieyai
xoHe aneMenTTepain TF-IDF kepiHiciHeH albIHFaH Ma3MYHJIBIK CHUT'HAJJIBI OIpiKTipeTiH TMOPUATI YCHIHBIC MOJENIHIH
XK00achl, iCKE achlpbuUlybl MEH SMIMPUKAIBIK Oarachl YCHIHBUIAAbl. EKi cHrHam mainanaHymsl OeliCeHAITIriHe
Oeitimzenren a(U) canmMakTay apKbUTbl OipiKTipiieii: OKBITY TAPHXbI KbICKA OOJIFaH Ke3/ie Ma3MYH/IBIK CUTHAJIFa, all ©3apa
OpeKeTTecyJiep JKETKUTIKTI OoJiFaH JKarnaija KoJUTabOpaTHBTI CUTHajFa KeOipek canmak Oepineni. AnbiHFaH Oara
naiananymbl YIIiH YMITKEpJep MyJbIH KYpyFa KOJJaHbUIAIBI, O opi Kapaid 10 mo3uIusgaH TYpaThlH KOPBITHIHIIBI
Tizimai eprapanrtanaeipy ymin Maximal Marginal Relevance (MMR) anroputmimen kaiita perreneni. ToxipuGenep
Amazon Reviews 2023 xubiHThIFbIHBIH Video Games imiki »ubiHbIHAA KYprizinai (5-core cysrineyaed keitin 94 762
naigananymsl, 25 612 sneMeHT xoHe 814 586 e3apa opekertecy). baranay tect Oenirinae keMm aereHzae 0ip peleBaHTThI
anemenTi 6ap 500 malgaaHyIIbIIaH TYPATHIH OCKITUITeH ipiKTeMene OPBIHIAIIBI. DMITMPUKAIIBIK KOJIMEH TaHAaIFaH A
= 0,5 moninze yeoinburan Hybrid+MMR mogneni 6a3anbik ALS yaricinen [lapeto 6oiibiniina 6aceim 60ansi: NDCG@10
kepcetkiur 0,0240-tau 0,028 1-re neiiin (+17%), HR@10 kepcerkimi 0,078-aen 0,082-re neiiin (+5%) eceni, an katanor
KamTysl 1,24%-nan 8,30%-ra neiiin apranpl, sirHu 6,7 ece yikereni. CaHarTap OOMBIHIIA Taiay *KaKcapyIblH CaJIKbIH
(5-10 e3apa apexeTTecy), KbLIbI JKoHE OeNCEeH I MalialaHy IIBLTAPBIH 03pi YILiH CaKTaNaThIHBIH pacTai/ibl. A GOibIHIIA
CEe3IMTANIBIKTHI 3€PTTEY JIJIAIK KUCHIFBI OWBIC €KEHIH )KOHE 1K XKaJFbI3 MAKCUMYMBI OOJIaTBIHBIH KOpceTe i, OYi1 A-Hbl
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anpHuopIIbl TaHJayMeH OeKIiTyAiH OpHBbIHA PETTEJIETiH IHIepuapaMeTp peTinae KapacTelpyabl HETi3Ae .
Tyiiin ce3mep: yChIHBIC Xyiienepi, TMHOPUITI YCHIHBIC, KOIIA0OPaTUBTI Cy3riiey, MasMyHAbIK cysriney, MMR
opTapanTaHbIpy, CalKbIH OacTay Moceseci, Kataaor Kamtysl, Amazon Reviews 2023.

NPUMEHEHUE MAIIIMHHOT'O OBYUYEHUA JJIA YIYUYIIEHAA PEKOMEHIATTAIA
B CACTEMAX NEPCOHAJIM3ALIUHN: THBPUTHAA MOJEJIb C AJANITUBHBIM
B3BEIHLIMBAHUEM 110 AKTUBHOCTHU U IUBEPCU®OUKAIIMEN MMR
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AHHOTanusi. B fmaHHOW cTaThe NpEACTaBIEHBI IMPOEKTUPOBAHHWE, pealM3allisi W SMIUpPUYECKas OIECHKA
THOPUIHOM PEKOMEHIATENBHOI MoenH, 00beIMHAIONIeH KoutabopaTuBHy o (GripTpanuio Ha ocHoBe Alternating Least
Squares (ALS) ¢ koHTeHTHON KoMmoHeHTOU, noctpoennoil Ha TF-IDF-mpencrasnenusx npemmeroB. [lBa curhana
O00BEMHSIOTCS TIOCPEICTBOM AJAaNTHBHOTO B3BEIIMBAHHUA 0(U), 3aBHUCSIIETO OT AKTHBHOCTH MOJB30BATENS: IIPH
KOPOTKOM TPEHHPOBOYHOM Tpoduie OONbIIMHA BEC MONydYaeT KOHTCHTHBIH CHTHAJ, MPH JOCTATOYHOM KOJIMYECTBE
B3aUMOJIEHCTBUIl — KoJuabopaTUBHBIA. MTOTOBBIM CYET HUCHONB3YETCsl Ui MOCTPOCHUS TEPCOHAIBHOTO IIyja
KaH/IW/IaTOB, KOTOpBIA Jajiee NpU ymopsaouduBaeTcs anroputMoM Maximal Marginal Relevance (MMR) s
nuBepcudukanu GpuHanbHOM Bbiaun U3 10 mo3unmit. DKCriepUMEHTHI poBeneHbl Ha noaMHoxecTBe Video Games
Habopa Amazon Reviews 2023 (94 762 nonbs3oBareins, 25 612 npeameros, 814 586 BzaumoneicTBuii mocie 5-core
¢bwisTpanuu). OIEHKa BBINONHAIACh Ha (UKCHPOBaHHOW BbIOOpke u3 500 monb3oBaTeneit ¢ XOTs OBl OJHUM
pENeBaHTHBIM ITPEAMETOM B TecTOBOH yacTH. [Ipn smmupryeckn nogoOpanHoM 3HadeHUH A = 0,5 IpeioxKeHHast MOJIENb
Hybrid+MMR Ilapeto-nomuaupyer Hax 6a3ooit momensto ALS: NDCG@10 yBemmumBaercs ¢ 0,0240 mo 0,0281
(+17%), HR@10 — ¢ 0,078 no 0,082 (+5%), a mokpeiTue karaiora — c¢ 1,24% no 8,30%, To ects B 6,7 pasa.
KateropuiiHplii aHaiaW3 MOATBEPXkIAET, YTO YIy4YIIEHWE COXPaHSAETCs JUIl XOJOIHBIX moib3oBatener (5-10
B3aUMOICHCTBUI), TEIMIIBIX M aKTHUBHBIX I0Jb30BaTelel. AHAIM3 YyBCTBUTEIBHOCTH IO A TOKa3bIBACT, YTO KpHUBas
TOYHOCTH BOTHYTa M UMEET OJIMH BHYTPEHHUI MakCHMyM, 4YTO 0OOCHOBBIBAET MOJXO/ K A KaK K HACTpauBaeMOMYy THIIEp
nmapameTpy, a He Kak K BeJINUMHe, (PUKCHpyeMOoi Ha OCHOBE allPUOPHBIX COOOpasKeHHH.

KaioueBble ciioBa: pekoMeHIaTeNbHbIE CUCTEMbI, 'MOPUIHAs PEKOMEHAAIMs, KojulabopaTuBHas (GUiIbTpanus,
KOoHTeHTHas (unbTpanus, nueepcudukaus MMR, npobiiema x0101HOTO cTapTa, MOKpPBITHE KaTajora, Amazon Reviews
2023.
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