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Abstract. We rebuild SASRec [1] from scratch in PyTorch and run it
on MovieLens-1M with a leave-one-out protocol and full-corpus ranking
which are for every held-out target we score it against every other item
the user has not yet interacted with. Our default configuration reaches
NDCG@10 = 0.1008 and Recall@10 = 0.1929 on the test set. A con-
trolled sweep over the four dimensions (number of blocks, hidden size,
number of heads and maximum sequence length) shows that hidden size
is the only direction in which extra capacity still pays off in our setup,
that depth saturates almost immediately and that truncating user his-
tories is by far the most damaging change.

Keywords: Sequential recommendation · Self-attention · Transformer ·
MovieLens.

1 Introduction

Sequential recommendation tries to predict what next item a user will inter-
act with based on their chronology of order history. Early work used first-
order Markov chains (FPMC [9]), which were eventually replaced by recurrent
(GRU4Rec [7]) and convolutional (Caser [8]) architectures. SASRec [1] took a
different route and transplanted the causal self-attention of the Transformer [2]
into the setting, so that every position can attend adaptively to any earlier item;
BERT4Rec [10] later generalised this with bidirectional masking. Our goal is
to reimplement SASRec in PyTorch, run it on MovieLens-1M under the leave-
one-out protocol the assignment specifies and compare the four architectural
dimensions for ablation.

2 Methodology

2.1 Data preprocessing and sequence construction

We treat any MovieLens-1M rating of four or five stars as a positive feedback sig-
nal, after that we order each user’s interactions based on the timestamp (break
ties by movie id), drop users with fewer than five movie interactions and remap
users and items to contiguous ids with 0 reserved everywhere as the padding
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token. A leave-one-out split per user then gives us a training sequence (all but
the last two interactions), a validation target (the penultimate interaction) and
a test target (the final interaction). We also make sure that the split is applied to
positive interactions only. From the data preprocessing and sequence construc-
tion we have a total of 6,034 users, 3,533 items and 575,272 positive interactions,
with the average of sequence length of around 95. Comparing the results to the
paper [1], they report roughly 1.0M interactions on the same raw dataset, this
difference is caused by our stricter rating rules.

2.2 Model

Let d denote the latent dimensionality and n the maximum sequence length. The
model has two embedding tables, an item embedding M ∈ R|I|×d that is shared
between input and output and a learnable positional embedding P ∈ Rn×d.
For a left-padded input the representation at position t is Êt =

√
dMst + Pt.

The sequence then passes through b stacked self-attention blocks, each of which
applies the scaled dot-product attention of Vaswani et al. [2],

Attention(Q,K,V) = softmax
(
QK⊤/

√
dh

)
V, (1)

with dh = d/h per head, followed by a point-wise feed-forward FFN(x) =
W2ReLU(W1x + b1) + b2 with dropout. A single boolean mask combines the
causal lower-triangular constraint with key-padding so that attention can only
flow to past, non-padding tokens. Both sub-layers use a pre-LayerNorm residual,
x ← x + Dropout(g(LayerNorm(x))), and after each one we explicitly zero the
rows for padding positions so their activations cannot leak into the LayerNorm
statistics of the next block. To score candidate items we reuse the same em-
bedding matrix, ri,t = F

(b)
t

⊤Mi. This weight tying halves the item-dependent
parameter count and acts as a strong regulariser.

2.3 Training and evaluation

At every non-padded position we draw one negative item j uniformly from the
items the user has never interacted with and minimise the masked binary cross-
entropy

L = −
∑
(u,t)

[
log σ(rot,t) + log(1− σ(rj,t))

]
, (2)

using Adam [3] with β = (0.9, 0.98), batch size 128, dropout 0.2 and at most 200
epochs. The learning rate follows a linear-warmup-then-cosine-decay schedule
(ramping from 0 to 10−3 over 10 epochs, then decaying smoothly to 0). We
validate every 20 epochs, keep the checkpoint with the best validation NDCG@10
and stop training if that metric fails to improve for 40 consecutive epochs. For
evaluation we follow the assignment specification and use full-corpus ranking,
for each held-out target we score every item in the catalogue against the user’s
encoded sequence in a single matrix multiplication F

(b)
n M⊤, mask out items
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the user has already interacted with (so they cannot outscore the target) and
report the rank of the held-out target among the surviving candidates. This
is harder than the sampled-negative protocol used in the original paper as the
candidate set is now the entire item catalogue of ≈ 3,533 items rather than
101 but the absolute numbers are directly meaningful and comparable across
configurations. We report Recall@K = ⊮[rank < K] and NDCG@K = ⊮[rank <
K]/ log2(rank + 2) for K ∈ {10, 20}, averaged over users.

3 Experiments

3.1 Setup

The default hyperparameters in Table 1 are based on the original paper’s [1]
MovieLens-1M settings.

Table 1: Default hyperparameters.
max sequence length n 200 peak learning rate 10−3

hidden dim d 50 batch size 128
# blocks b 2 max epochs 200
# heads h 1 early-stop patience 40 epochs
dropout 0.2 evaluation cadence every 20 epochs
optimiser Adam, β = (0.9, 0.98)
LR schedule linear warmup (10 epochs) → cosine decay

3.2 Main results

Our default configuration reaches NDCG@10 = 0.1008 and Recall@10 = 0.1929
on the test set (Table 2). We did not do direct comparison as Kang and McAuley
evaluate against 100 sampled negatives per user, whereas under full-corpus rank-
ing each target is ranked against the entire catalogue, which is a much harder
task. This result to drop of the value substantially at approximately 5× on
NDCG@10 relative to the paper’s 0.5905 but relative comparisons between con-
figurations (Section 3.3) remain reliable because every run scores against exactly
the same candidate set.

Table 2: Main results on MovieLens-1M (test set, full-corpus ranking).
Model NDCG@10 NDCG@20 Recall@10 Recall@20

SASRec (this work, default) 0.1008 0.1251 0.1929 0.2887

3.3 Ablation across the four required dimensions

We vary one architectural dimension (number of blocks b, hidden size d, number
of heads h and maximum sequence length n) at a time and leave everything
else at the default. Since every run ranks against the same full item catalogue
with each user’s own history masked out identically, the gaps in Table 3 reflect
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real architectural effects rather than noise from a different choice of candidates.
Figure 1 plots the resulting NDCG@10 values grouped by ablation dimension.

Table 3: Ablation study on MovieLens-1M (test set, full-corpus ranking). Each
row changes only one hyperparameter relative to the default. Bold marks the
best value per column.

Configuration NDCG@10 NDCG@20 Recall@10 Recall@20

default (b=2, d=50, h=1, n=200) 0.1008 0.1251 0.1929 0.2887
b = 1 0.1026 0.1271 0.1961 0.2938
b = 3 0.1027 0.1286 0.1990 0.3021
d = 32 0.0918 0.1162 0.1777 0.2758
d = 64 0.1047 0.1299 0.2043 0.3046
h = 2 0.0976 0.1218 0.1904 0.2865
n = 50 0.0901 0.1145 0.1770 0.2739

b=1 b=2 (default) b=3 d=32d=50 (default)d=64 h=1 (default) h=2 n=50n=200 (default)
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Fig. 1: Test NDCG@10 across the four required ablation dimensions. For each
group, grey is the default configuration as reference and the dashed line marks
its NDCG@10. The depth and hidden-size sweeps saturate near the default,
h=1↔ h=2 is essentially a tie and changing the history (n=50) is by far the
most worst change.

Interpretation. Depth is essentially flat. NDCG@10 reads 0.1026/0.1008/0.1027
for b=1, 2, 3, all within seed noise, so even a single block captures the relevant
sequential structure. Hidden size still has room to grow. d=32 costs −8.9% on
NDCG@10 and d=64 outperforms the d=50 default by +3.9%, winning every col-
umn of Table 3. Under full-corpus ranking d=50 is no longer a sweet spot, likely
because full ranking exposes finer-grained item distinctions than the sampled-
101 setting the paper tuned d=50 for. Number of heads hurts here. h=2 drops
NDCG@10 by 3.2%; splitting d=50 into two 25-dim subspaces leaves each head
too narrow to learn a distinct attention pattern. Maximum sequence length is
by far the most consequential knob. n=50 costs 10.6% on NDCG@10 and 8.2%
on Recall@10, because the average user history is ≈ 95 items and that trunca-
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tion strips many users of their early interactions. This long-context sensitivity
is exactly what was supposed to separate SASRec from the first-order FPMC.

4 Discussion and Challenges

A few small implementation choices mattered more than we expected. We pad se-
quences on the left so the inference feature is always F(b)

n and the scoring code can
read the final position unconditionally. The causal and key-padding masks are
merged into one tensor handed to F.scaled_dot_product_attention, sidestep-
ping the version-dependent mask semantics of nn.MultiheadAttention. After
each residual we zero the padding rows so they cannot drift into the LayerNorm
statistics of the next block. The item embedding is shared between input and
scoring head (the paper reports > 20% NDCG@10 loss without tying), which
also lets us score every item in a single matmul F(b)

n M⊤ at evaluation time which
are crucial for keeping full-corpus ranking tractable. We mask the user’s training
history from the candidate set so already-seen items cannot outscore the target.

Limitations and future work. Our absolute numbers sit well below Kang and
McAuley’s figures, but this is expected as full-corpus ranking is fundamentally
harder than their 101-candidate sampled protocol. All numbers come from a
single seed and a more accurate study would average over several. The natural
next step is a head-to-head comparison with BERT4Rec [10] under the same
protocol.

5 Conclusion

We rebuilt SASRec in PyTorch and ran it on MovieLens-1M with leave-one-out
splits and full-corpus ranking. The default reaches NDCG@10 = 0.1008 and Re-
call@10 = 0.1929. The ablations show that depth saturates almost immediately,
hidden size still has room to grow (d=64 beats the default on every metric),
a second attention head hurts at this hidden size and truncating histories to
n=50 costs the most by a wide margin which confirms SASRec’s reliance on
long context.
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