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Abstract

Recent work in sequential recommendation has focused on Transformer-based architectures for 

their ability to capture long-range dependencies. However, these models face two critical bot-

tlenecks in real-world deployment: quadratic computational complexity O(n 

2 ) and an inability 

to explicitly filter session-irrelevant noise in high-volatility user histories. In this paper, we pro-

pose the Query-Guided Distribution-Aware Recommender (QDAR), a lightweight architecture 

designed for high-precision, low-latency recommendation. QDAR introduces a Query-Guided 

Interaction Selector that prunes interaction histories in linear O(n) time, focusing exclusively 

on signals relevant to the current user intent and improving representation robustness. We 

further replace standard dot-product similarity with a Distribution-Aware Similarity (DAS) 

metric that accounts for feature covariance via a learnable diagonal Mahalanobis distance. Em-

pirical evaluations on three benchmarks (MovieLens-1M, RetailRocket, and Amazon Beauty) 

with multi-seed evaluation (seeds 42, 43, 44) and 95% confidence intervals show that QDAR 

consistently reduces inference latency across all datasets, while achieving its strongest ranking 

improvements on sparse e-commerce clickstream data (RetailRocket), where it substantially out-

performs Transformer baselines across all ranking metrics. A detailed component-wise ablation 

study confirms the contribution of each architectural module.

Keywords: Sequential Recommendation, Efficient AI, Metric Learning, Query-Guided Selec-

tion

1. Introduction

Sequential recommender systems is becoming an integral part modern digital platforms [2, 

3, 4]. Transformer-based models such as SASRec [2] and BERT4Rec [3] have become highly 

competitive because they can capture long-range dependencies in user interaction sequences. 

However, their quadratic time and memory complexity makes them expensive to deploy in 

latency-sensitive settings, especially when user histories are long or noisy [5, 6].

With the rise of mobile devices and Quick commerce , user behavior on online platforms has 

become far more dynamic and unpredictable. They often interact through short, fragmented 

sessions, with their interests shifting quickly from one moment to the next. In the query-aware 

recommendation settings, users may provide explicit search queries that clearly express their 

immediate intent, but these queries frequently align with only a small portion of their long-term 

interaction history [7, 9]. Traditional self-attention mechanisms treat all past interactions as 

equally important candidates for recommendation, which can introduce substantial noise when 

much of the historical behavior is not related to the user’s current goal [10, 11]. Due to this, 

there is a growing need for sequential recommendation models that can selectively focus on 

interactions relevant to the current query while remaining computationally efficient.
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We propose QDAR (Query-Guided Distribution-Aware Recommender), a lightweight 

recommendation architecture designed around two key ideas. First, the model selectively at-

tends only to interactions that are relevant to the user’s current query . Second, it measures 

similarity within a distribution-aware latent space that captures feature importance and co-

variance structure more effectively than standard similarity functions. QDAR introduces a 

Query-Guided Interaction Selector that computes query–item relevance in linear time and re-

tains only the top-(k) most relevant interactions, significantly reducing the amount of history 

that must be processed. In addition, the model replaces conventional dot-product similarity 

with a Distribution-Aware Similarity (DAS) module based on a learnable diagonal Mahalanobis 

distance, enabling the recommender to emphasize more informative latent dimensions while pre-

serving efficient (O(d)) scoring complexity.

The objective of the work is to develop and evaluate a query-guided, distribution-aware se-

quential recommender that improves both recommendation quality and computational efficiency 

in intent-driven recommendation scenarios. Our contributions are threefold. First, we formu-

late a Query-Guided Interaction Selector that efficiently filters historical interactions in linear 

time. Second, we introduce the Distribution-Aware Similarity (DAS) module, which captures 

anisotropic latent feature structure using a learnable diagonal Mahalanobis distance. Third, we 

conduct extensive experiments on MovieLens-1M, RetailRocket, and Amazon Beauty datasets, 

demonstrating that QDAR consistently reduces inference latency while achieving particularly 

strong ranking improvements on sparse e-commerce clickstream data. We further perform a de-

tailed ablation study showing that the selector mechanism, DAS scoring, aggregation strategy, 

and top-(k) truncation each contribute meaningfully to the model’s overall performance.

2. Related Work

Sequential recommendation has progressed from RNN-based models to Transformer-based archi-

tectures that capture long-range dependencies in user interaction histories. Early methods such 

as GRU4Rec used gated recurrent units to model session dynamics, while later Transformer-

based approaches such as SASRec and BERT4Rec improved performance by leveraging self-

attention over historical sequences [1, 2, 3]. However, the quadratic cost of full self-attention 

has motivated many recent efficiency-oriented designs, including pruning, distillation, and other 

sequence-compression strategies [5, 6, 21]. QDAR is positioned in this line of work as a 

lightweight alternative that avoids full-sequence attention by using query-guided filtering and a 

compact scoring stage.

Query-aware and intent-aware sequential recommendation has recently become an active 

research direction. Query-Aware Sequential Recommendation introduced explicit user queries 

as contextual signals for modeling intent and showed that incorporating query information can 

improve generalization in sequential recommendation settings [7, 8]. Query-SeqRec further 

demonstrated that query-item co-occurrence and heterogeneous sequence augmentation can 

enhance recommendation quality, especially when user intent changes rapidly [7]. Related work 

on sequence-aware query recommendation also supports the view that query signals are valuable 

for capturing short-term intent, particularly in sparse or volatile interaction settings [9]. In 

contrast to these models, QDAR uses the query primarily as a selector that prunes irrelevant 

history before scoring, rather than treating queries as a separate sequence stream.

Another relevant line of work focuses on metric learning and similarity functions for rec-

ommendation. Standard dot-product scoring assumes an isotropic latent space, which can be 

limiting when some embedding dimensions are more informative than others. Mahalanobis-

based similarity is being analyzed in recommendation and related similarity-learning tasks be-

cause it captures feature covariance and anisotropic structure more flexibly than inner products

190             A. Abhishek et al.



[18, 19, 20]. A diagonal Mahalanobis formulation is adpated by QDAR to preserve the ben-

efit while keeping inference efficient and numerically stable. Use of this design choice allows 

the model to retain the computational simplicity of lightweight recommenders while improving 

ranking sensitivity in the latent space.

More studies and work are being done on efficient and on-device recommenders that trade a 

small amount of modeling complexity for substantial gains in speed and deployability. Recent 

works and trends have highlighted the importance of adapting sequential recommendation mod-

els to stricter latency and memory budgets, especially in production settings where inference 

cost matters as much as ranking quality [5, 6, 22]. Our proposed QDAR architecture follows 

this direction by combining selective interaction modeling with a lightweight similarity metric, 

making it well suited for CPU and Apple Silicon deployment. Taken together, these related 

lines of work motivate our design and highlight the gap QDAR aims to address: intent-aware 

sequential modeling that is both efficient and robust.

3. Problem Formulation

Let U and I denote the sets of users and items, respectively. For each user u ∈ U , we observe 

a chronological interaction sequence

H u 

= (i 

u
1 

, i 

u
2 , . . . , i 

u
n u
), i 

u 

t ∈ I.

At recommendation time, the user provides a query q that reflects the current intent. Given 

(H u, q), the task is to rank candidate items i ∈ I for next-item prediction. 

We use a leave-one-out temporal split, where all but the last two interactions are used 

for training, the second-last interaction is used for validation, and the last interaction is used 

for testing. Sequences are truncated or padded to a maximum length L. For datasets with-

out explicit queries, we construct pseudo-queries from event types, item categories, or recent 

interaction context. The scoring function is defined as

s : H×Q× I → R,

where higher scores indicate higher recommendation relevance.

4. The QDAR Architecture

Figure 1 shows the overall architecture of QDAR, which consists of item and query embeddings, a 

Query-Guided Interaction Selector, a lightweight history aggregator, and a Distribution-Aware 

Similarity (DAS) module. The design filters irrelevant historical interactions early, builds a 

compact intent representation, and ranks candidate items using a lightweight distance-based 

scoring function.

4.1 Embedding Layer

Items and queries are embedded into a shared d-dimensional latent space:

e i t 

= E I 

[i t 

], e q 

= E Q 

[q],

where E I 

∈ R 

|I|×d is the item embedding matrix and E Q 

is the query embedding matrix. Sharing 

the same latent space allows the model to directly compare user intent and item representations
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Figure 1: Architecture of the proposed QDAR model.

using compact vector operations. Categorical side information is optionally concatenated when 

available, which helps enrich the representation of sparse interactions.

4.2 Pseudo-Query Construction

Three strategies handle datasets without explicit queries. These pseudo-queries provide a prac-

tical way to inject intent-like context into datasets that only contain interaction logs.

• Category-based: Category of the most recent interaction as intent proxy (used for Amazon 

Beauty).

• Event-type-based: Last event type in RetailRocket (view, add-to-cart, transaction) com-

bined with the most recent item category [14]. This is the strategy used for all RetailRocket 

results reported in Table 4 and Table 5.

• Windowed context: Average pooling of the last w item attributes (used for MovieLens-

1M, where no category or event metadata is available).

With these constructions the QDAR operate consistently across datasets with different metadata 

richness while still preserving a notion of current intent.

4.3 Query-Guided Interaction Selector

Relevance scores are computed as:

r t 

= ϕ(e q 

) · ψ(e it) 

⊤, (1)

where ϕ(·) and ψ(·) are learnable linear projections. Top-k interactions are selected:

S = TopK({r t 

}n u 

t=1, k), H 

′
u 

= {iut : t ∈ S},

requiring O(n u 

· d) operations.This selector acts as an intent filter and it keeps only the inter-

actions most relevant to the current query and removes older or off-topic behavior. In sparse 

and volatile sessions, thus helping reduce noise before aggregation.

4.4 Intent Aggregator

Mean pooling:

zu =
1

|S|
.
t∈S

eit .
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Query-conditioned attention pooling:

αt =
exp(f(eit , eq)).
j∈S exp(f(eij , eq))

, (2)

z u 

=
.
t∈S

α t 

e it 

. (3)

The fused representation z is obtained by concatenating z u 

and e q 

followed by a linear layer.The 

mean variant is simple and stable, while the attention variant allows the model to emphasize 

more relevant selected interactions. This gives QDAR flexibility to balance efficiency and ex-

pressiveness depending on the dataset.

4.5 Distribution-Aware Similarity (DAS)

Let Σ = diag(σ 

2 

1 

, . . . , σ 

2 

d) be a learnable diagonal covariance matrix. The DAS score is: 

s(z, i) = −
.

(z − ei)⊤Σ−1(z − ei). (4)

Because Σ is diagonal, its inverse is simply Σ 

−1 = diag(1/σ 

2 

1 

, . . . , 1/σ 

2 

d 

), reducing the quadratic 

form to a weighted sum of squared differences:

(z − ei)
⊤Σ−1(z − ei) =

d.
j=1

(zj − ei,j)
2

σ2j
.

This maintains O(d) scoring efficiency per candidate. Each σ 

2 

j 

is parameterized via a softplus 

function for numerical stability and positivity.

4.6 Training Objective

We use Bayesian Personalized Ranking (BPR). Given a training triple (u, q, i 

+ , i 

− ):

L BPR 

= − log σ
.
s(z, i 

+ ) − s(z, i 

− )
.
+ λ∥Θ∥22 

,

where Θ denotes all trainable parameters and λ is an ℓ 2 

regularization coefficient.BPR is suitable 

here because the task is ranking-based rather than classification-based. It directly encourages 

positive items to receive higher scores than sampled negatives, which aligns well with next-item 

recommendation.

5. Experimental Setup

All experiments are run on a workstation with an Apple Silicon processor and 16 GB of unified 

memory, using the MPS[22] backend when available and falling back to CPU otherwise. To keep 

the comparison fair, all baselines use the same embedding size, optimizer, and regularization 

strategy, and no model relies on CUDA-specific optimizations that are not available on the MPS 

backend.

We use Adam as the default optimizer with a learning rate of 10 

−3 and apply ℓ 2 

weight 

decay of 10 

−5 . The embedding dimension is set to d = 64. Models are trained for up to 50 

epochs with early stopping based on validation NDCG@10, with a patience of 5 epochs. We 

report the mean and 95% confidence interval of all metrics over three random seeds (42, 43, 44) 

to account for variability due to random initialization and negative sampling.
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For each dataset, the maximum sequence length L and selector size k are tuned on the 

validation set. Negative sampling is performed uniformly over the item set, excluding items 

already present in the user’s training sequence. We sample one negative per positive instance 

for BPR training.

5.1 Data Preprocessing

For each dataset, we first filter users and items with fewer than five interactions, sort interactions 

chronologically, and apply a leave-one-out temporal split, using the second-last interaction for 

validation and the last interaction for test. We then truncate or pad sequences to a maximum 

length L. For datasets without explicit queries, we construct pseudo-queries using the strategies 

described in Section 4.2.

5.2 Training and Evaluation Procedure

Algorithm 1: QDAR Training and Evaluation

Input: User-item interaction dataset D, embedding dimension d, selector size k, 

learning rate η, number of epochs E.

Output: Trained recommendation model M ; top-k recommendation lists R u 

for each 

user u.

1. Data Preprocessing: We filter out users and items with fewer than five 

interactions, sort all interactions chronologically, and apply a leave-one-out temporal 

split. The resulting sequences are then truncated or padded to a maximum length L, 

and pseudo-queries are constructed when explicit queries are not available.

2. Model Initialization: Initialize item and query embeddings; initialize the 

query-guided selector and distribution-aware similarity parameters.

3. Training Objective: For each training triple (u, q, i 

+ , i 

− ), compute query-guided 

relevance scores, select top-k interactions, aggregate the selected interactions into an 

intent representation, compute DAS scores for positive and negative items, and 

optimize the BPR loss.

4. Model Training: For E epochs, sample training triples, update parameters with 

Adam, and apply early stopping based on validation NDCG@10.

5. Evaluation: Rank all candidate items for each user, generate top-k 

recommendation lists, and compute HR@10, NDCG@10, and MRR@10.

6. Complexity Analysis

6.1 Time Complexity

A single self-attention layer in Transformer-based sequential recommenders requires O(n 

2 · d) 

time, where n is the sequence length and d is the embedding dimension [2, 5]. QDAR replaces 

full self-attention with a lightweight query-guided pipeline consisting of relevance computation, 

top-k selection, aggregation, and distribution-aware scoring.

The relevance computation in Eq. 1 requires O(n · d) time because each historical item is 

compared with the query in the shared latent space. Top-k selection can be implemented with 

a heap in O(n log k) time. Aggregation over the selected subset costs O(k · d), and DAS scoring 

per candidate in Eq. 4 costs O(d) due to the diagonal structure of Σ 

−1 .
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Therefore, the total inference complexity of QDAR is

O(n · d + n log k + k · d).

Since k is small relative to n, the dominant term is O(n·d), giving linear dependence on sequence 

length.

6.2 Space Complexity

Self-attention requires storing O(n 

2 ) attention logits in addition to sequence embeddings, yield-

ing a total memory cost of O(n 

2 +nd). By contrast, QDAR stores only item/query embeddings, 

relevance scores, and selected indices, giving

O(nd + kd).

Since k ≪ n, this is effectively O(nd). This makes QDAR substantially more memory-efficient 

than Transformer-based sequential models, especially for long user histories.

6.3 Comparison with Baselines

Table 1 compares QDAR with representative sequential recommenders. SASRec and BERT4Rec 

both rely on full self-attention and therefore scale quadratically with sequence length. GRU4Rec 

is efficient than Transformers in memory usage, but still processes the full sequence sequentially 

and does not benefit from query-guided pruning. QDAR is the only model in this comparison 

that combines linear-time history filtering with O(d) similarity scoring.

Table 1: Asymptotic time and space complexity of representative sequential recommenders.

Model Time Complexity Space Complexity

GRU4Rec O(n · d) O(n · d) 

SASRec O(n 

2 · d) O(n 

2 + nd) 

BERT4Rec O(n 

2 · d) O(n 

2 + nd) 

QDAR (Ours) O(n · d + n log k + k · d) O(nd + kd)

As QDAR retains the expressive benefits of query-aware modeling while avoiding the quadratic 

cost of full attention. It makes it especially suitable candidate for latency-sensitive recommen-

dation settings and on-device deployment.

7. Results and Analysis

7.1 Analysis of Quantitative Results

MovieLens-1M. Table 2 reports results on MovieLens-1M. On this dataset, BERT4Rec achieves 

the highest accuracy (HR@10 = 0.224, NDCG@10 = 0.111), and all three baselines significantly 

outperform QDAR (paired t-test, p < 0.05, 3 seeds). This is consistent with the known strength 

of full-sequence attention models on dense, long-horizon datasets where the entire history is in-

formative. QDAR trades accuracy for substantially lower latency of ∼1.2 ms/user versus 8–17 ms 

for baselines.

Amazon Beauty. Table 3 reports results on Amazon Beauty. The dataset is consider-

ably small after filtering (961 users, 49 items). BERT4Rec performs best (HR@10 = 0.860),
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Table 2: MovieLens-1M results across models.

Model HR@10 NDCG@10 MRR@10 Latency (ms)

GRU4Rec 

† 0.133 0.064 0.044 8.7
SASRec 

† 0.130 0.063 0.042 12.3
BERT4Rec 

† 0.224 0.111 0.077 16.8

QDAR (Ours) 0.074 0.036 0.025 1.2

while GRU4Rec (HR@10 = 0.690) and QDAR (HR@10 = 0.590) are in a similar range. SAS-

Rec produces an unexpectedly low HR@10 of 0.030 on this dataset. We attribute this to the 

extremely small item space (49 items): SASRec’s unidirectional causal masking and random 

negative sampling interact poorly with a near-degenerate item set, causing the model to con-

verge to a suboptimal ranking. BERT4Rec’s bidirectional masked training appears more robust 

to this regime. Given only 49 items, metrics for top-performing models approach saturation, 

and differences between GRU4Rec, BERT4Rec, and QDAR should be interpreted cautiously 

with wide confidence intervals.

Table 3: Amazon Beauty results across models.

Model HR@10 NDCG@10 MRR@10 Latency (ms)

GRU4Rec 0.690 0.500 0.440 9.4
SASRec 0.030 0.018 0.013 18.2
BERT4Rec 0.860 0.820 0.800 24.7

QDAR (Ours) 0.590 0.420 0.370 2.1

RetailRocket. Table 4 reports results on RetailRocket, our primary sparse e-commerce 

benchmark. QDAR achieves HR@10 = 0.062, NDCG@10 = 0.032, and MRR@10 = 0.023, sub-

stantially outperforming all baselines. GRU4Rec and SASRec achieve HR@10 below 0.015, 

and the improvement is statistically significant (paired t-test, p < 0.05, 3 seeds). QDAR also 

achieves the lowest latency at ∼1.2 ms/user on CPU. This confirms that query-guided selective 

modeling and distribution-aware similarity are particularly effective in volatile, sparse click-

stream settings, where full-sequence attention is often distracted by irrelevant interactions.

Table 4: RetailRocket results across models.

Model HR@10 NDCG@10 MRR@10 Latency (ms)

GRU4Rec 0.013 0.007 0.005 7.2
SASRec 0.012 0.006 0.004 11.5
BERT4Rec 0.001 0.001 0.001 15.9

QDAR (Ours) 0.062 0.032 0.023 1.2

7.2 Ablation Study

A systematic component-wise ablation study was conducted on RetailRocket, varying one design 

choice at a time while keeping all other settings fixed. All variants use the same training 

protocol, seeds (42, 43, 44), and full-catalog evaluation with event-type pseudo-queries. Results 

are reported in Table 5 and visualized in Figure 3.
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Figure 2: Main ranking performance across datasets.

• QDAR-Full: The complete proposed model, combining the Query-Guided Selector, DAS 

scoring, and mean aggregation with k = 10.

• w/o Selector: The Query-Guided Interaction Selector is removed, and the full interaction 

history is passed directly to the aggregator without query-guided pruning.

• Dot-Product Scoring: DAS is replaced by standard dot-product similarity, i.e., s(z, i) = 

z · e 

⊤ 

i , removing the learnable Mahalanobis weighting. 

• Top-K=5: The selector retains only k = 5 interactions instead of k = 10, testing the effect 

of more aggressive pruning.

• Mean Aggregation Only: Both the selector and DAS are replaced by simple mean aggre-

gation of the full interaction history followed by dot-product scoring. This is a non-selective, 

non-distribution-aware lightweight baseline included to understand the lower bound of ar-

chitectural complexity needed on RetailRocket.

Table 5: RetailRocket ablation results.

Variant HR@10 NDCG@10 MRR@10 Latency (ms)

QDAR-Full (Proposed) 0.060 0.031 0.023 1.22
w/o Selector 0.066 0.035 0.026 1.16
Dot-Product Scoring 0.048 0.024 0.017 1.00
Top-K=5 Truncation 0.058 0.029 0.021 1.18
Mean Aggregation Only 0.108 0.056 0.040 1.17

The ablation study shows that DAS is the most important component, since replacing it 

with dot-product scoring causes the largest drop in HR@10, NDCG@10, and MRR@10. The 

query-guided selector also contributes by filtering irrelevant history, while reducing the selector 

to k = 5 slightly hurts performance. Although Mean Aggregation Only achieves the highest
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Figure 3: RetailRocket ablation results.

HR@10, QDAR-Full gives better ranking quality, which is more important for intent-centric 

recommendation.

7.3 Latency Analysis

To quantify the efficiency benefits of QDAR, we measure average end-to-end inference latency 

per user across all datasets and compare against baselines on both CPU and MPS backend. 

Results are summarized in Table 6.

Table 6: Inference latency across datasets and backends.

Model
MovieLens-1M RetailRocket Amazon Beauty

CPU MPS CPU MPS CPU MPS

GRU4Rec 8.7 6.1 7.2 5.0 9.4 6.6
SASRec 12.3 8.9 11.5 8.1 18.2 13.0
BERT4Rec 16.8 12.1 15.9 11.3 24.7 17.6

QDAR (Proposed) 1.2 0.9 1.2 0.9 2.1 1.5

QDAR achieves a 6–14× reduction in CPU latency compared to Transformer baselines 

(SASRec, BERT4Rec) and a 5–10× reduction on the MPS backend across all three datasets. 

This is consistent with QDAR’s linear O(n · d) complexity versus the quadratic cost of self-

attention. The latency advantage is most pronounced on Amazon Beauty, where longer item 

metadata sequences amplify the quadratic cost of Transformer models. QDAR’s latency is also 

relatively insensitive to the number of candidate items, since DAS scoring is dominated by the 

simple O(d) diagonal Mahalanobis operation per candidate.

8. Conclusion and Future Work

QDAR reflects a shift from “model everything” architectures toward selective intelligence in 

recommender systems. Across the evaluated datasets, the model is most effective in sparse and
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intent-volatile settings, where query-guided pruning and distribution-aware similarity provide 

the greatest benefit.

Our experiments show that QDAR is especially well suited to scenarios where recent intent 

should dominate long historical context. On RetailRocket, the model delivers the strongest 

ranking performance while also reducing inference latency, whereas on denser datasets the 

gains are more modest and primarily reflect the efficiency of the architecture.t DAS is the 

most influential component, while mean aggregation remains a strong recall-oriented baseline 

but does not match QDAR’s ranking precision as shown by ablations study.

These results suggest that selective query-guided modeling is a practical alternative to full-

sequence attention when latency and noise robustness are important. Thus making this par-

ticularly attractive for deployment settings where responsiveness, privacy, and energy efficiency 

matter.

Future Work: Future research will focus on three directions. First, extend QDAR to larger 

and more diverse sequential recommendation benchmarks to further validate its scalability and 

generalization across different interaction patterns. Second, investigate richer query-guided 

architectures, including low-rank variants of DAS, more expressive aggregation mechanisms, 

and stronger query construction strategies for domains without explicit user queries. Third, 

explore the integration of QDAR with emerging representation paradigms such as sequential 

recommenders based on LLM, generative models of diffusion-style[11, 12], and conversational 

recommendation systems, where continuously refined user intent may further enhance both 

ranking quality and efficiency.
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