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Abstract
Although attention-based sequential recommenders have achieved

strong accuracy, they can exhibit a systematic failure mode, i.e., lost-

in-the-middle, where attention disproportionately concentrates on

sequence boundaries to informative middle behaviors. Through

controlled perturbations, we find that this U-shaped bias persists

even when collaborative signals are moved, indicating an architec-

tural effect rather than a positional-encoding artifact. To mitigate

this bias, we propose Disentangling and Calibrating Position Bias

framework, which is a lightweight, plug-and-play calibration pro-

cedure that combines bias-adaptive masking during training with

counterfactual logit calibration at inference to remove residual

position-only effects. Experiments on diverse datasets demonstrate

consistent improvements in ranking quality. Further ablations ver-

ify the contributions of both masking and calibration components.
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1 Introduction
Sequential recommendation aims to predict a user’s next interaction

by modeling the evolution of user interests from historical behav-

ior sequences [8]. Modern sequential recommenders use attention

mechanisms to aggregate historical interactions, where attention
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Figure 1: Left: Hit Ratio of prediction grouped by the position
of the item with the strongest collaborative signal in a se-
quence. Right: Attention weights across sequence positions.
Both exhibit a U-shaped distribution (on MovieLens).

weights determine how different past items contribute to the result-

ing user interest embedding and are often interpreted as indicators

of user preference strength [2]. Consequently, a wide range of ar-

chitectures have been adopted, utilizing diverse formulations such

as self-attention with uni-directional [18, 26] or bi-directional de-

pendency modeling [6, 38]. Despite these advances, the distribution

of attention weights across different positions in a sequence, and

whether they accurately reflect collaborative relevance, remains

insufficiently understood in sequential recommendation.

A closely related phenomenon, commonly referred to as “lost-

in-the-middle,” has been extensively studied in Large Language

Models (LLMs) [11, 25]. Recent research reveals that these models

exhibit an intrinsic positional bias, heavily prioritizing informa-

tion at sequence boundaries while underutilizing content in the

middle [17]. This observation raises a fundamental question: does

this positional bias, where models struggle to retrieve information

unless it appears at the start or end of a context window, also plague

sequential recommendation systems? As illustrated in Figure 1, se-

quential models also suffer from a “lost-in-the-middle” structural

bias. The prediction accuracy (Hit Ratio (HR) (Left) drops signifi-

cantly when the critical item (defined as the historical interaction

with the highest similarity to the target) appears mid-sequence.

This trend aligns with the scarcity of attention weights (Right)

allocated to these middle positions (U-shaped attention). These

results reveal a critical failure mode: despite their high relevance,

mid-sequence interactions are systematically suppressed by the

model’s architectural tendency, thereby undermining the quality

of user embeddings.
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While LLMs and sequential recommenders share architectural

similarities, these insights and solutions, such as repetitive informa-

tion injection [25], modifying positional encodings [37], or padding

with non-informative tokens [10], do not transfer straightforwardly

due to fundamental data discrepancies. First, unlike LLMs, which

process dense semantic tokens, sequential recommenders operate

on sparse item IDs. Second, item sequences exhibit strict chronolog-

ical dependencies, unlike many LLM long-context tasks, in which

the input segments are not strictly chronological. Motivated by

this observation, we perform controlled perturbations, including se-

quence swapping and synthetic signal injection, together with quan-

titative analysis to verify that the boundary-dominant, U-shaped

attention pattern is a robust architectural artifact across datasets

and model variants. Having empirically validated that this pat-

tern persists under these perturbations and across datasets, we

propose Disentangling and Calibrating Position Bias (DCPB), a

model-agnostic framework that disentangles positional bias in at-

tention from collaborative signals. Specifically, DCPB estimates an

architecture-induced positional prior via a constrained projection

that removes target- and context-aligned components, forming a

structurally neutral probe whose attention profile reflects position

bias. It then mitigates this bias through two complementary mecha-

nisms. Firstly, we use a bias-adaptive masking during training that

preferentially regularizes overreliance on boundaries to improve

representation learning. Next, we use counterfactual calibration

of attention logits at inference to subtract the estimated positional

prior and restore attention to collaboratively relevant mid-sequence

interactions, ensuring robust recommendations without disrupting

temporal causality. Our contributions are:

• We identify a lost-in-the-middle failure mode in attention-based

sequential recommendation, where both attention allocation

and prediction accuracy exhibit a U-shaped pattern and perfor-

mance degrades when the critical historical interaction with the

strongest collaborative signal appears mid-sequence.

• We propose Disentangling and Calibrating Position Bias, a model-

agnostic framework that disentangles positional bias in attention

from collaborative signals by estimating an architecture-induced

positional prior via constrained projection, and mitigating the

bias through bias-adaptive masking during training and coun-

terfactual calibration of attention logits at inference, without

disrupting temporal causality.

• We provide a theoretical analysis for DCPB. We formulate a

scale-invariant bias metric for comparing U-shaped effects across

sequence lengths and a closed-form solver for the constrained

projection used to estimate the positional prior.

• Extensive experiments across multiple benchmarks and model

variants demonstrate consistent improvements over strong base-

lines, and ablations confirm the individual contributions of bias-

adaptive masking and counterfactual calibration.

2 Related Work
2.1 Positional Influence in Sequential

Recommendation
Sequential recommender systems (SRS) aim to capture dynamic

user preferences from chronological interactions. Early approaches

based on Markov Chains (MCs) and Recurrent Neural Networks

(RNNs) inherently encode order through their recursive structures [16,

34]. The advent of Transformer-based models, such as SASRec [18]

and BERT4Rec [38], introduced self-attention mechanisms that

significantly outperform their predecessors by modeling global

dependencies. Since self-attention is permutation-invariant, these

models rely on absolute or relative positional encodings to incor-

porate sequence order [36, 40]. Research on positional influence

in SRS has predominantly focused on the recency effect, where

users’ most recent interactions are assumed to be most indicative

of their future intent [13, 21, 46]. Consequently, various studies

have designed decay mechanisms or weighted loss functions to

prioritize recent items [5, 29]. However, this focus on sequence

tails often overlooks the structural handling of long-term context.

In the parallel domain of LLMs, recent findings have identified a

"lost-in-the-middle" phenomenon, where models effectively utilize

information at the start and end of a context window but neglect the

middle [25, 41, 47]. While this U-shaped bias has been analyzed in

NLP, its existence and implications in sequential recommendation

remain underexplored. Existing SRS studies typically attribute per-

formance drops in long sequences to noise or drift [24, 42], failing

to diagnose the architectural tendency of attention mechanisms to

systematically suppress mid-sequence signals regardless of their

collaborative relevance.

2.2 Calibration and Debiasing Strategies
Recommender systems frequently suffer from biases introduced

by data collection and model feedback loops, such as popularity

bias [20], exposure bias [4], and selection bias [23]. Mitigation strate-

gies broadly fall into data-centric and model-centric categories.

Data-centric approaches, such as Inverse Propensity Weighting

(IPW) [35] and data augmentation [26], attempt to reconstruct

unbiased training distributions. Model-centric approaches often

leverage causal inference [9] or disentangled representation learn-

ing [28] to separate user interest from confounding factors. Re-

cently, contrastive learning frameworks like CL4SRec [45] and

DuoRec [32] have been employed to enhance representation robust-

ness against noise and sparsity. Calibration techniques, originally

designed to align predicted probabilities with true correctness (e.g.,

Temperature Scaling [12]), have also been adapted for debiasing. For

instance, recent works apply calibration to correct over-confidence

in popular items [1]. However, existing calibration and debiasing

methods primarily target item-level attributes (e.g., popularity) or

global prediction confidence. They do not address the positional

bias inherent in the attention architecture itself [43]. Unlike prior

works that treat position as a static feature or a decay factor, our

framework formulates positional bias as a structural confounder.

3 Setup
We follow the standard formulation of sequential recommendation.

Given a user 𝑢, their historical interaction sequence is denoted as

𝑆𝑢 = (𝑖1, 𝑖2, . . . , 𝑖𝑡 ), where 𝑖𝑘 represents an item interacted with at

step 𝑘 . For attention measurement, we adopt the approach from

prior research [25, 44], averaging attention weights across all lay-

ers and heads. For the prediction, the sequence representation is

summarized into a final user embedding u. Given a candidate item
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Figure 2: Consistently high BAR values across datasets and sequence lengths indicate robust boundary dominance, and the
trend is insensitive to the boundary threshold 𝑟 .

𝑖 with embedding v𝑖 , its interaction probability is computed via a

softmax over dot products:

𝑃 (𝑖 | 𝑆𝑢 ) =
exp(u⊤v𝑖 )∑

𝑗∈I exp(u⊤v𝑗 )
. (1)

We examine both Transformer attention models (e.g., Bert4Rec),

which allow bidirectional interactions among items in the sequence,

and causal Transformer models (e.g., SASRec), which apply a causal

mask to prevent information leakage from future items.

3.1 Diagnosing Positional Bias
We verify this phenomenon in sequential recommendation us-

ing controlled perturbations and quantitative analysis. To verify

whether attention aligns with collaborative signals, we identify a

critical item 𝑖𝑐 in the sequence that is most similar to the target item

𝑖∗. Specifically, we define:𝑖𝑐 = argmax𝑖𝑘 ∈𝑆𝑢 cos

(
v𝑘 , v∗

)
, where v𝑘

and v∗ denote the item embeddings of 𝑖𝑘 and 𝑖∗, respectively. Let
x𝑘 = 𝑣𝑘 +𝑝𝑘 denote the input embedding of models at step 𝑘 , where

𝑝𝑘 represents the position embedding.

3.2 U-shape attention bias in recommendation
We characterize the U-shaped attention bias through a progressive

analysis. We first provide a qualitative visualization to highlight the

phenomenon, and then use controlled sequence perturbations to

test whether the pattern is driven by data characteristics or is indeed

a model-induced artifact. For causal models such as SASRec, we

measure U-shaped attention by the visibility-normalized received

attention of each position, i.e., averaging the attention received by

a position over all query positions that can causally attend to it,

rather than using only the final-query attention row. This avoids the

visibility imbalance introduced by causal masking and separates

global boundary dominance from the recency preference of the

final prediction step. We use ML-1M and fix the sequence length

to 35 for controlled comparison across mechanisms. Inspired by

previous work [25], we select average attention weights across

different segments of the input sequences.

Sequence Swapping. We perform a controlled sequence pertur-

bation to test whether the observed U-shaped attention pattern

is driven by data characteristics or induced by the model. Given

an original sequence 𝑆𝑢 , we generate a permuted sequence 𝑆 ′𝑢 by

swapping its two halves while preserving the internal order within

each half. Specifically, let 𝑆𝑢,first = (𝑖1, . . . , 𝑖 ⌊𝑡/2⌋ ) and 𝑆𝑢,second =

(𝑖 ⌊𝑡/2⌋+1, . . . , 𝑖𝑡 ), and construct

𝑆 ′𝑢 = (𝑆𝑢,second, 𝑆𝑢,first) . (2)

If attention primarily follows collaborative signal, relocating items

to new positions should shift attention mass accordingly; otherwise,

a persistent boundary-heavy pattern indicates an architectural po-

sitional bias. Figure 3 shows that even after this swap, the U-shaped

distribution of attention weights remains evident, suggesting that

the pattern is not explained by boundary items being inherently

more informative.

Synthetic Signal Injection. While sequence swapping relocates

content, it is still limited by the intrinsic quality of items already

present in the sequence. To decouple positional bias from signal

strength, we design a Signal Injection experiment. Specifically, we

replace the middle item with a synthetic embedding 𝑖syn, optimized

to maximize similarity to the target while preserving the exact

similarity (Sequential Dependency) between the original middle

item and its context (see Section 4.3). This construction yields a

controlled input that is contextually consistent yet highly predictive.

As Figure 3 shows, the model still fails to attend to 𝑖syn, indicating

that positional bias can suppress collaborative signals even when

the middle position contains an intentionally strengthened signal.

3.3 Quantitative Analysis of U-shape Bias
Boundary-based metric (BAR). To quantify the extent to which

attention concentrates at sequence extremities, we design a metric

Boundary Attention Ratio (BAR). Let the model have 𝐿 layers and 𝐻

attention heads, and let 𝛼𝑙,ℎ,𝑡 denote the attention weight assigned

to position 𝑡 by head ℎ in layer 𝑙 .1 We treat an attention weight as

significant if it exceeds the uniform baseline 1/𝑇 , where 𝑇 is the

sequence length. Let B denote the boundary set (defined below).

We define:

BAR =
1

𝐿𝐻 |B|

𝐿∑︁
𝑙=1

𝐻∑︁
ℎ=1

∑︁
𝑡 ∈B

I
(
𝛼𝑙,ℎ,𝑡 >

1

𝑇

)
, (3)

1
We use the same attention aggregation protocol as in Section 3 (averaging across

layers and heads).
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Figure 3: Attention weight distributions under controlled perturbations. Left: sequence swapping. Right: synthetic signal
insertion.

where I(·) is the indicator function and |B| is the size of the bound-
ary set. A higher BAR indicates that themodel consistently allocates

above-average attention to boundary positions.

Boundary choice. Based on the scale-invariance and variance-

stabilization properties, we define the boundary set B using a

boundary ratio 𝑟 , taking the first and last ⌈𝑟𝑇 ⌉ positions of a se-
quence (i.e., B = {1, . . . , ⌈𝑟𝑇 ⌉} ∪ {𝑇 − ⌈𝑟𝑇 ⌉ + 1, . . . ,𝑇 }). Since the
choice of 𝑟 is heuristic, we evaluate BAR across 𝑟 ∈ {5%, 10%, 20%, 30%}
in Figure 2. Boundary dominance is consistent across all settings.

Quantitative verification across datasets and perturbations. To
generalize beyond the controlled visualization, we compute BAR

(with 𝑟 = 5%) on three benchmarks under theOriginal, Swapped, and
Signal Injection protocols. Table 1 summarizes the results. Across all

datasets, BAR is consistently well above the random baseline of 0.5,

indicating systematic boundary dominance. Crucially, this effect

remains statistically significant (𝑝 < 0.001) even under Swapped
and Signal Injection, where collaborative signals are displaced or

intentionally strengthened. These results provide quantitative evi-

dence that the U-shaped attention pattern is a robust architectural

artifact, rather than a consequence of item content or ordering.

This motivates the next section, where we explicitly estimate a

position-only bias component and calibrate attention to recover

collaborative signals in the middle of the sequence.

Table 1: Quantitative verification of U-shape attention
weights.

Setting
ML-1M Steam Amazon

BAR(%) 𝑡-val BAR(%) 𝑡-val BAR(%) 𝑡-val

Original 93.52 158.36
∗

73.39 612.85
∗

81.81 163.66
∗

Swapped 74.71 118.39
∗

62.90 490.17
∗

67.25 78.92
∗

Injection 76.37 119.22
∗

68.51 569.04
∗

75.46 132.75
∗

Note. ∗ indicates statistical significance at 𝑝 < 0.001 (one-sample 𝑡 -test against

BAR = 0.5).

4 Disentangling and Calibrating Position Bias
We established in Section 3.1 that boundary-dominant attention per-

sists under both sequence swapping and synthetic signal injection,

indicating a systematic positional bias that suppresses collabora-

tive signals in the middle of the sequence. We mitigate this bias

with a two-stage causal intervention framework (Figure 4). The

remainder of this section is organized as follows: We first formalize

attention as a confounded outcome of collaborative, sequential, and

positional factors in Section 4.1. Then we empirically verify the

separability of these factors in Section 4.2, providing the necessary

premise for our approach. In Section 4.3, we construct a neutral

probe for isolating pure positional effects. Finally, Section 4.4 details

our mitigation strategy, combining bias-adaptive masking during

training with counterfactual calibration at inference.

4.1 Factorized Attention Modeling
We encode sequential order using Multi-scale Rotary Position Em-

beddings (M-RoPE), which rotate query and key representations

with multiple frequency scales across attention heads. This provides

a relative-position-aware backbone for capturing both short-term

transitions and longer-range dependencies without introducing

additional item-specific signals.

We view attention generation through a causal lens and treat the

raw attention logit 𝐴𝑡𝑡 (x𝑘 , 𝑘) as a confounded outcome of three

latent factors: the Collaborative Signal C(x𝑘 , v∗) (item–target

relevance), the Sequential Dependency D(𝑆ctx) ((consistency
with the surrounding context 𝑆ctx = 𝑆𝑢 \ {𝑖𝑘 })), and the Positional
Bias P(𝑘) (structural prior). Concretely,

𝐴𝑡𝑡 (x𝑘 , 𝑘) = F
(
C(x𝑘 , v∗), D(𝑆ctx), P(𝑘)

)
. (4)

Standard attention mechanisms entangle these factors in the ob-

served logits. Our goal is to recover a position-only component

associated with P(𝑘) and use it to calibrate attention for ranking.

4.2 Empirical Justification: Bias Separability
A projection-based estimator is meaningful if positional effects are

approximately separable from collaborative signal and sequential

dependency. If P is strongly entangled with either factor, then

the projected “bias” term may inadvertently absorb content- or

context-driven information.

We therefore test two independence hypotheses about P using

invariance-style conditions:
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Figure 4: Overview of the proposed framework. We (i) construct controlled embeddings via constrained projection to either
inject signal or isolate position-only bias, (ii) apply bias-adaptive masking during training to reduce boundary over-reliance,
and (iii) perform counterfactual calibration at inference by subtracting an estimated positional bias term.

Hypothesis 1: Independence of Collaborative Signal (C ⊥ P). We

verify that user preference is invariant to item position:

• Condition 1 (Preference Invariance): The relative preference in-
duced by target similarity is position-independent. Given posi-

tions𝑛,𝑚, if Att(𝑥𝑖 , 𝑛) > Att(𝑥𝑔, 𝑛), thenAtt(𝑥𝑖 ,𝑚) > Att(𝑥𝑔,𝑚).
• Condition 2 (Bias Consistency): Positional attenuation holds re-

gardless of item relevance. Specifically, if Att(𝑥𝑖 , 𝑛) > Att(𝑥𝑖 ,𝑚),
then Att(𝑥𝑔, 𝑛) > Att(𝑥𝑔,𝑚).

Hypothesis 2: Independence of Sequential Dependency (D ⊥ P).
Similarly, we test if positional bias is orthogonal to context:

• Condition 3 (Bias Stability): Positional bias remains stable inde-

pendent of contextual dependency: if Att(𝑥𝑖 , 𝑛) > Att(𝑥𝑖 ,𝑚),
then Att(𝑥𝑟 , 𝑛) > Att(𝑥𝑟 ,𝑚).
• Condition 4 (Ranking Invariance): The ranking driven by context is
invariant to position: if Att(𝑥𝑖 , 𝑛) > Att(𝑥𝑟 , 𝑛), then Att(𝑥𝑖 ,𝑚) >
Att(𝑥𝑟 ,𝑚).

Empirical results confirm all four conditions hold (𝑝 < 0.01), sup-

porting the use of a projection-based estimator for positional bias.

4.3 Generalized Constraint-Based Projection
We next introduce a constrained projection framework that con-

structs controlled embeddings. This tool serves two purposes: it

enables synthetic embeddings used in our diagnostic analysis (Sec-

tion 3.2), and it produces a neutral probe embedding that isolates

position-only effects for bias estimation.

4.3.1 Formulation. Let 𝑀 = |𝑆ctx | and define a context matrix

A ∈ R(𝑀+1)×𝑑 by stacking the target embedding v∗ and the 𝑀

context embeddings in 𝑆ctx. We synthesize a control vector 𝑥∗ that
matches a desired signal configuration b ∈ R𝑀+1

while remaining

close to an anchor vanc:

𝑥∗ = argmin

𝑥

(
∥A𝑥 − b∥2

2
+ 𝜇∥𝑥 − vanc∥22

)
, (5)

where vanc is an anchor vector (e.g., a random initialization) and

𝜇 > 0 controls the projection strength (trading off alignment against

deviation from the anchor).

Definition 1 (Configurable Signal Control). The configura-
tion vector b = [𝛼, 𝛽, . . . , 𝛽]⊤ specifies the desired alignment, where
𝛼, 𝛽 ∈ {0, 1} govern whether to preserve Collaborative Signal (C)
and Sequential Dependency (D), respectively.

Lemma 1 (Closed-FormEqivalent Representation). LetL(𝑥)
denote the objective above. The unique minimizer 𝑥∗ admits the equiv-
alent dual form:

𝑥∗ = vanc − A⊤ (AA⊤ + 𝜇I)−1 (Avanc − b), (6)

which is algebraically equivalent to the primal ridge solution (A⊤A+
𝜇I)−1 (A⊤b + 𝜇vanc).

Remark 1. Equation (6) replaces the inversion of the 𝑑 ×𝑑 matrix
(A⊤A+ 𝜇I) with the inversion of the (𝑀+1) × (𝑀+1) matrix (AA⊤ +
𝜇I). Hence, when𝑀 ≤ 𝑑 , evaluating the dual form is typically cheaper.
Using the primal form for 𝑀 > 𝑑 and the dual form for 𝑀 ≤ 𝑑

ensures the per-step computation is dominated by an inversion of size
min(𝑑, 𝑀+1), leading to time complexity O(min(𝑑, 𝑀+1)3).

Dimension-adaptive computation. Using Lemma 1, we compute

𝑥∗ by solving the smaller of the primal and dual linear systems:

𝑥∗ =

{
(A⊤A + 𝜇I)−1 (A⊤b + 𝜇vanc), if𝑀 > 𝑑 (primal),

vanc − A⊤ (AA⊤ + 𝜇I)−1 (Avanc − b), if𝑀 ≤ 𝑑 (dual).

(7)

Although 𝑆ctx scales with sequence length, optimization remains

efficient. By switching between the primal and dual forms in Equa-

tion (7), complexity is strictly bounded by O(min(𝑑, 𝑀+1)3). It is
more efficient than the quadratic complexity O(𝑀2𝑑) of standard
self-attention layers, particularly for long sequences where𝑀 ≫ 𝑑 .

Since the probe operates solely during inference and bypasses gra-

dient backpropagation, the associated overhead is negligible.
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4.3.2 Instantiation: Double-Orthogonal Probe. For bias estimation,

we design a probe that removes both target- and context-aligned

components. We instantiate the framework with 𝛼 = 0 and 𝛽 = 0

(i.e., b = 0) and draw 𝑣𝑎𝑛𝑐 ∼ N(0, I):

𝑥⊥ = 𝜇 (A⊤A + 𝜇I)−1𝑣𝑎𝑛𝑐 . (8)

This suppresses the principal components associated with the span

of 𝐴 while preserving near-null-space information, so that the

resulting logit captures positional effects associated with P(𝑘).

4.4 Mitigation: Bias-Adaptive Augmentation
and Counterfactual Calibration

With a position-only probe available, we apply complementary

interventions at training and inference. Training reduces boundary

over-reliance in representation learning, while inference removes

residual positional effects in logits.

Bias-Adaptive Masking for Model Training. Standard masking

assumes uniform information density. In contrast, boundary domi-

nance implies that boundary positions can dominate learning sig-

nals. We therefore upweight masking at high-bias positions using

a stationary bias profile grounded in Primacy and Recency effects:

P(𝑘) = 1

𝑘
+ 1

𝑇 − 𝑘 + 1 , (9)

where 𝑇 is the sequence length. The position-specific masking

probability is defined as

𝑝𝑚𝑎𝑠𝑘 (𝑘) ∝
(
P(𝑘)

max𝑗 P( 𝑗)

)𝛾
, (10)

where 𝛾 controls how sharply masking concentrates on boundary

positions. Larger 𝛾 increases masking pressure near the boundaries,

encouraging the encoder to leverage mid-sequence signals. During

training, we minimize the standard Cross-Entropy Loss for fair

comparison [19, 30].

v∗ x𝑘 𝑆𝑐𝑡𝑥 𝑘

C D P

𝑌

Intervention:
𝑑𝑜 (x𝑘 → 𝑥⊥ )

Figure 5: Causal Graph of Attention Generation. We inter-
vene on x𝑘 by replacing it with an orthogonal probe 𝑥⊥. This
suppresses content pathways via C andD, isolating the struc-
tural path 𝑘 → P → 𝑌 for bias estimation.

Counterfactual Attention Calibration for Inference. We calibrate

attention at logit level using a probabilistic factorization of posi-

tional bias. Under separability assumptions validated in Section 4.2,

the attention distribution over position 𝑘 can be written as:

𝑃 (𝑘 | x𝑘 , 𝑆ctx) ∝ exp

(
𝐴𝑡𝑡

cd
(x𝑘 , 𝑆ctx)

)
· P(𝑘)𝜆, (11)

where𝐴𝑡𝑡
cd

captures collaborative and sequential effects, and P(𝑘)
denotes the architecture-induced positional prior.

Positional Prior Estimation. We estimate P(𝑘) using the neutral

probe 𝑥⊥ ( Section 4.3), which removes both target- and context-

aligned components. The resulting attention pattern reflects position-

only structural bias:

P(𝑘) = Softmax

(
𝐴𝑡𝑡 (𝑥⊥, 𝑘)

)
. (12)

Logit-Level Calibration. Taking logs yields an additive decompo-

sition in the logit space. We compute calibrated attention logits:

𝐴𝑡𝑡
calib
(x𝑘 , 𝑘) = 𝐴𝑡𝑡 (x𝑘 , 𝑘) − 𝜆 · log

(
P(𝑘) + 𝜖

)
, (13)

where 𝜆 controls calibration strength and 𝜖 ensures numerical sta-

bility. Final attention weights are obtained via Softmax(𝐴𝑡𝑡
calib
),

which suppresses boundary-dominant structural bias while pre-

serving content-driven ranking.

Prediction. Based on calibrated attentionweights Softmax(𝐴𝑡𝑡
calib
),

we obtain the final user embedding u. This representation aggre-

gates the sequence context with mitigated positional bias.

Prediction and Optimization. After stacking 𝐿 calibrated Trans-

former layers, we obtain the final hidden statesH(𝐿) = [h1, . . . , h𝑇 ].
We take the representation at the last position𝑇 as the user embed-

ding u = h𝑇 , which aggregates sequence informationwith corrected

attention distributions. To predict the probability of candidate item

𝑖 being the next interaction, we compute the dot product between

the user embedding u and item embedding v𝑖 in Equation (1).

Algorithm 1 DCPB: Disentangling and Calibrating Position Bias

Framework

1: Input: Context sequence 𝑆ctx, Candidate set I, Anchor 𝑣𝑎𝑛𝑐 ∼
N(0, I), Hyperparameters 𝜇,𝛾, 𝜆.

2: Output: Recommendation probabilities 𝑃 (𝑖 |𝑆𝑢 ) for 𝑖 ∈ I.
3: // Phase 1: Bias-Adaptive Training

4: for each training step do
5: Compute bias profile← Equation (9).

6: Set U-shape masking probability← Equation (10).

7: Minimizing Cross-Entropy loss.

8: end for
9: // Phase 2: Calibrated Inference

10: Step 1: Constrained Probe Construction
11: Construct context matrix A from 𝑆ctx.

12: Compute probe 𝑥⊥ ← Equation (7).

13: Step 2: Attention Calibration & Prediction
14: Estimate position bias P(𝑘) ← Equation (12)

15: Compute raw attention logits.

16: Compute final weights by removing P(𝑘) ← Equation (13)

17: Return ranked items← Equation (1)
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5 Experiments
We evaluate our framework on three benchmark datasets to answer

three research questions:

• RQ1 (Overall Effectiveness): Does the proposed full-cycle de-

biasing framework outperform state-of-the-art sequential recom-

menders?

• RQ2 (Ablation Analysis): How do the bias-adaptive augmenta-

tion (training) and counterfactual calibration (inference) individ-

ually contribute to the model’s performance?

• RQ3 (Mechanism Verification): Does the method effectively

mitigate the U-shaped attention bias and recover the representa-

tion of middle items?

• RQ4 (Robustness & Efficiency): How does the framework per-

form under varying hyperparameter settings, and is the compu-

tational overhead acceptable for real-world deployment?

5.1 Experimental Setup
We conduct experiments on three widely used public datasets: ML-

1M [14], Amazon [15], and Steam introduced in [18]. These datasets

vary in domain and sparsity, providing a robust evaluation environ-

ment. For the Amazon dataset, we use the last 2 million interactions

across all categories. Following standard protocols, we adopt the

leave-one-out strategy for data splitting [18, 22]. The dataset statis-

tics are summarized in Table 2. Furthermore, we compare our pro-

posed method against a comprehensive set of baselines drawn from

four families of sequential recommenders. For RNN/CNN-based

methods, we include GRU4Rec [16], DSSRec [27], and Caser [39],

and we report BPR [33] as a static reference. For transformer-

based models, we consider SASRec [18], Bert4Rec [38], and Mi-

aSRec [6]. For graph-based approaches, we include SURGE [3],

which constructs an item–item interest graph to capture dynamic

user preferences. Finally, we compare against contrastive learn-

ing and augmentation-based methods, including CL4SRec [45],

DuoRec [32], CoSeRec [26], ICSRec [31], and BASRec [7]. The imple-

mentation details and metrics are further elaborated in Appendix.

Table 2: Statistics of the datasets.

Dataset # Users # Items # Interacts Avg. Len Density

Amazon 65,262 106,427 1,540,690 23.61 0.02%

ML-1M 6,040 3,416 999,611 165.50 4.84%

Steam 39,795 10,587 1,790,393 44.99 0.42%

5.2 Overall Performance Comparison (RQ1)
We answer RQ1 by examining the performance from two comple-

mentary perspectives: (1) Comparative Superiority, where we
benchmark against state-of-the-art methods; and (2) Backbone
Compatibility, where we validate the framework’s efficacy as a

model-agnostic enhancement.

5.2.1 Comparison with State-of-the-Arts. Table 3 summarizes the

performance of our framework compared to the baselines. The

results reveal three key observations of the proposed method:

• Superiority over State-of-the-Art Baselines: As reported

in Table 3, DCPB consistently surpasses all baselines across

datasets. Notably, on ML-1M, our approach achieves a substantial

34.38% improvement in MRR@5 compared to the most competi-

tive baseline (BASRec). While existing methods effectively model

sequential dependencies, they remain constrained by inherent

positional biases. These results validate that explicitly calibrating

positional logits mitigates the "lost-in-the-middle" phenomenon,

effectively recovering informative interactions in the middle that

are suppressed by structural bias.

• Advantage over Contrastive Baselines: Compared to con-

trastive learning methods (e.g., CL4SRec, DuoRec) that rely on

stochastic data augmentation (e.g., cropping or masking) to en-

hance representations, DCPB offers a more deterministic and

stable solution. On the Amazon dataset, we surpass the BASRec

by 23.37% in MRR@10. This indicates that our counterfactual cal-

ibration provides a more targeted supervisory signal than generic

augmentation, effectively guiding the decoder to rectify atten-

tion patterns rather than merely expanding the view through

constructing negative samples.

• Robustness in Sparse Scenarios: The performance gap is most

pronounced on the sparse Amazon dataset, where we observe

a 30.25% leap in MRR@5. In sparse settings, standard models

tend to overfit to sequence boundaries due to limited collabora-

tive signals. Our counterfactual calibration effectively removes

this position-only bias during inference, demonstrating superior

robustness when interaction data is scarce.

5.2.2 Model Agnostic Analysis. Beyond direct competition, a core

advantage of our framework is its flexibility. We treat the proposed

training-inference as a model-agnostic plugin that can be inte-

grated into existing architectures. Specifically, prior graph-based or

augmentation-based methods could integrate into optional module

(in Figure 4). Synergy results in Table 4 verify our method as a

versatile, plug-and-play solution,

• Enhancing Augmentation Frameworks: We integrate our

method with CoSeRec, a state-of-the-art model relying on data

augmentation and contrastive learning. On ML-1M dataset, this

combination yields a boost. It indicates that while CoSeRec’s aug-

mentation addresses data sparsity and noise, it does not correct

structural positional biases. Our method shows the structural

debiasing is complementary to data augmentation.

• Enhancing Graph-based Models: We further validate compat-

ibility with SURGE, which models user interests via dynamic

graph neural networks. The integration results in an improve-

ment in Recall@10 on ML-1M. It could attributed to the com-

plementary nature of the two approaches: while SURGE excels

at capturing item transitions via graph topology, its node ag-

gregation mechanism inherently dilutes strict sequential signals.

Our framework compensates for this by explicitly calibrating

positional importance, ensuring that the temporal evolution of

interests is preserved alongside structural relationships.

5.3 Ablation Study (RQ2)
To disentangle the contributions of our approach, we conduct an

ablation study by removing or replacing components in the pro-

posed framework. The results, summarized in Table 5, yield the

following observations:
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Table 3: Performance comparison on three datasets. We report the mean results with standard deviation. Best results are bolded,
and second-best are underlined. Improvement is calculated relative to the best baseline.

Dataset Metric GRU4Rec Caser DSSRec Bert4Rec SASRec MiaSRec CL4SRec DuoRec ICSRec BASRec DCPB Improv.

ML-1M

Recall@5 2.44 6.89 7.21 9.96 10.19 11.80 9.95 11.58 10.70 15.75±0.14 18.89±0.15 +19.94%

Recall@10 3.29 11.27 14.35 18.55 16.63 19.75 16.30 17.41 17.25 24.75±0.19 27.52±0.21 +11.19%

MRR@5 1.44 3.59 3.11 4.18 4.92 5.50 5.08 5.71 5.33 8.26±0.08 11.10±0.11 +34.38%

MRR@10 1.56 4.55 3.97 5.33 5.75 6.50 5.92 5.94 6.19 9.44±0.10 12.23±0.13 +29.56%

Amazon

Recall@5 1.95 2.29 2.23 1.20 2.76 2.20 2.89±0.11 1.51 2.80 2.75 3.37±0.05 +16.61%

Recall@10 2.85 3.17 3.68 2.27 4.23 3.41 4.15 2.52 4.32±0.06 4.27 4.62±0.07 +6.94%

MRR@5 1.15 1.48 0.62 0.51 1.41 1.15 1.62±0.05 0.77 1.47 1.44 2.11±0.03 +30.25%

MRR@10 1.35 1.59 0.72 0.64 1.61 1.31 1.84±0.09 0.91 1.67 1.64 2.27±0.05 +23.37%

Steam

Recall@5 7.48 8.89 8.20 9.58 9.82 9.71 9.37 7.31 9.70 9.93±0.11 10.35±0.10 +4.23%

Recall@10 10.23 11.74 12.50 12.74 13.05 12.81 12.71 10.66 13.28 13.41±0.13 13.80±0.15 +2.91%

MRR@5 5.19 6.64 6.88 7.08 7.13 7.16 6.74 4.55 7.12 7.21 ±0.09 7.60±0.06 +5.41%

MRR@10 5.50 7.01 7.39 7.49 7.59 7.57 7.17 5.00 7.60 7.64±0.07 8.05±0.08 +5.37%

Figure 6: Hyper-parameter sensitivity analysis of 𝜆 and 𝛾 on ML, Amazon, and Steam datasets.

Table 4: Plug-and-Play comparison. We observe significant
improvements over both backbones.

Method ML-1M Steam

Recall@10 MRR@10 Recall@10 MRR@10

CoSeRec 20.99 9.66 12.88 7.65

+ Ours 26.75 11.65 13.73 7.96
Improv. +27.44% +20.60% +6.60% +4.05%

SURGE 23.69 10.40 12.92 7.19

+ Ours 27.11 12.10 13.51 7.75
Improv. +14.44% +16.35% +4.57% +7.79%

• Impact of Training Structure (w/o U-Mask): Removing U-

shapedmasking strategy results in a consistent performance drop

(e.g., Recall@10 declines from 27.52 to 26.98 on ML-1M). This

indicates standard causal masking is insufficient for alleviating

position bias. Our U-shaped design effectively augments the train-

ing signal, forcing the model to attend to informative historical

interactions rather than over-relying on recent positions.

• Necessity of Inference Correction (w/o Calib.): Eliminat-

ing inference-time calibration leads to a substantial degradation

(Recall@10 drops to 24.81 on ML-1M). This validates our core

hypothesis: structural bias inherent in Transformers heavily dis-

torts attention scores. The counterfactual calibration helps in

rectifying these shifted logits to reflect genuine user intent.

• Effectiveness of Position Encoding (w/o M-Ro): Replacing
our Multi-scale RoPE with a standard solution (‘w/o M-Ro‘)

causes the most severe drop among structural variants. This

underscores that fine-grained, multi-frequency position model-

ing is essential for capturing long-term dependencies in user

behavior sequences, which fixed-scale encodings fail to preserve.
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Table 5: We evaluate the contribution of each component
(top), the impact of probe strategies (middle), and calibration
operations (bottom).

Variant ML-1M Steam

Recall@10 MRR@10 Recall@10 MRR@10

DCPB (Full) 27.52 12.23 13.80 8.05

(1) w/o U-Mask 26.98 11.91 13.48 7.84

(2) w/o Calib. 24.81 10.14 12.74 7.15

(3) w/o M-Ro 23.81 9.98 10.25 6.66

(4) w/ Zero Probe 25.15 10.28 12.92 7.28

(5) w/ Avg. Probe 25.76 10.27 12.94 7.41

(6) w/ Rand. Probe 24.02 9.20 12.22 6.59

(7) w/ Div. Calib. (/) 3.75 1.29 3.48 1.19

(8) w/ Mul. Calib. (×) 4.42 1.46 4.71 1.70

Table 6: Efficiency comparison across three datasets. We re-
port the total wall-clock time (in seconds) for the training
phase and the closed-form calibration phase.

Dataset Model Training (s) Calibration (s)

ML-1M

SASRec
+

64 15

BERT
+

241 17

Amazon

SASRec
+

2587 221

BERT
+

16135 289

Steam

SASRec
+

332 74

BERT
+

1944 83

• Probe Strategy Analysis ((4)-(6)): We evaluate various probes

for bias estimation. The random probe (w/ Rand. Probe) intro-

duces noise, degrading performance below the uncalibrated base-

line. In contrast, static heuristics, specifically the Zero Probe and

history Average Probe, yield moderate improvements by pro-

viding stable reference points. However, both lag significantly

behind our learnable anchor strategy (DCPB Full).

• Validity of Logit Operations ((7) and (8)):We further verify

the mathematical basis of our calibration. Applying multiplica-

tive (‘×‘) or divisive (‘/‘) operations leads to catastrophic failure

(single-digit Recall). Since bias acts multiplicatively in the proba-

bility space, it corresponds to an additive term in the logit space.

5.4 Analysis of De-biasing Efficacy (RQ3)
Visualizing Attention Distribution. To verify the effectiveness of

our method, we visualize the attention distribution for sequences

where the critical item (i.e., the one with the strongest collabora-

tive signal) is located in the middle 60% of the sequence. As shown

in Figure 7, the uncalibrated model exhibits a distinct U-shaped bias:

even though the middle items are highly informative, the atten-

tion mechanism fails to focus on them, instead disproportionately

allocating weights to the sequence boundaries.

In contrast, our calibrated model successfully rectifies this distor-

tion. The attention peak shifts significantly towards the true signal

Figure 7: Attention weights for sequences where the item
with the strongest collaborative signal appears in the middle
60% of the relative position on ML-1M. The x-axis denotes
the relative item position in the sequence (percentage).

in the middle, demonstrating the model’s recovered ability to cap-

ture key information. While the bias towards the initial positions is

suppressed, the model retains a moderate attention weight on the

most recent items (approaching the 100% relative position). This

residual weight is acceptable and even desirable, as it reflects the

short-term interest of users in recommendation systems.

5.5 Robustness and Efficiency Analysis (RQ4)
Hyperparameter Sensitivity. We analyze the sensitivity of two

key hyperparameters: calibration strength 𝜆 ( Equation (13)) and

augmentation focus 𝛾 ( Equation (10)). As illustrated in Figure 6:

• Calibration Strength (𝜆): We observe a positive correlation be-

tween the optimal 𝜆 and the average sequence length of the

dataset. Longer sequences tend to suffer from more severe struc-

tural U-shaped bias, necessitating a stronger calibration (𝜆 → 1)

to suppress these artifacts.

• Augmentation Intensity (𝛾 ): Increasing𝛾 encourages model to rely

on mid-sequence patterns. However, excessively high 𝛾 yields

a steeper masking curve, causing the masking probability to

converge almost exclusively on the head and tail items. This

over-suppression leads to a slight degradation in performance.

Computational Efficiency. We report the computational effi-

ciency in Table 6. The calibration step is lightweight and incurs

significantly lower time cost than backbone model training.

6 Conclusion
This work identifies a lost-in-the-middle failure mode in attention-

based sequential recommendation and shows that it is robust to

boundary-dominant positional bias via controlled perturbations

and quantitative analysis. We propose DCPB, which estimates

architecture-induced positional prior via constrained projection,

mitigates bias via bias-adaptive masking and counterfactual logit

calibration, and preserves temporal causality. Moreover, our ap-

proach is plug-and-play, and can be integrated into existing attention-

based recommendation models without significant overhead.
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