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Abstract

The integration of large language models
(LLMs) into recommender systems has gar-
nered attention due to their ability to lever-
age rich semantic representations. However,
these models suffer from a limitation, knowl-
edge bias, a systematic tendency to over-
recommend items dominated by pretraining
knowledge, regardless of actual user interests.
Although recent studies have focused on fine-
tuning LLMs to better align with the collabo-
rative data, our investigation reveals that such
fine-tuning fails to fundamentally correct this
deep-seated bias. In this work, we propose Re-
Know, a lightweight and efficient decoding-
time alignment method to mitigate knowledge
bias. Specifically, we quantify LLMs’ knowl-
edge towards biased items, then realign output
probabilities to match the target data distribu-
tion. For validation, we provide both theoreti-
cal justifications and empirical results, includ-
ing evaluation on two datasets, demonstrating
that our ReKnow enhances the quality and di-
versity of LLM-based sequential recommen-
dation. We have released our code' for others
to reproduce the results.

1 Introduction

Recent advancements in Large Language Mod-
els (LLMs) have sparked growing interest in
their integration into recommender systems, ow-
ing to their capacity to encode extensive knowl-
edge bases (Ai et al., 2023; Wu et al., 2024).
Among these efforts, generative LLM-based se-
quential recommendation has demonstrated sig-
nificant potential (Bao et al., 2023a,b; Zhang et al.,
2023; Di Palma et al., 2023; Deldjoo, 2024). In
this framework, the model utilizes user’s histori-
cal interactions as input to predict the next item in
the sequence, as depicted in Figure 1.
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Figure 1: LLM-based sequential recommendation suf-
fers from inherent knowledge bias that distort predic-
tions beyond user interests. ReKnow addresses this
by adjusting item probabilities through decoding-time
alignment, effectively realigning the predicted cumula-
tive frequency curve to closely match the ground truth
user preference distribution.

However, despite their expressive power, LLM-
based recommendation exhibits a systematic limi-
tation: knowledge bias, i.e., the tendency to over-
recommend items dominated by the model’s pre-
training knowledge, often at odds with actual user
interests. As illustrated in Figure 1, even when
a user’s interaction history strongly suggests a
preference for a specific item (e.g., “Shrek™), the
model still assigns a significantly higher predic-
tion probability to “The Sixth Sense” according to
its internal knowledge. On a broader scale, this
discrepancy manifests as a severe shift where the
LLM’s prediction distribution consistently devi-
ates from the user preference curve.

Recent efforts have focused on fine-tuning
LLMs to better align with user interaction
data (Jiang et al., 2024; Bao et al., 2023a). How-
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ever, as shown in Section 2.2, increasing the fine-
tuning data size does little to mitigate the model’s
knowledge bias. In parallel, several recent studies
have explored bias mitigation in LLM-based rec-
ommender systems, such as addressing popular-
ity bias (Di Palma et al., 2023) and provider fair-
ness (Deldjoo, 2024; Kolb, 2024; Spurlock et al.,
2024), yet these approaches do not explicitly tar-
get knowledge bias. Furthermore, these debiasing
strategies fall short in two aspects: they do not ex-
plicitly quantify the model’s bias, nor do they de-
fine an unbiased target to guide correction. For
example, reprompting methods (Spurlock et al.,
2024; Deldjoo, 2024) aim to reduce popularity
bias by manual prompting. However, they lack a
formal quantification of the model’s bias, since the
model’s implicit notion of “popularity” may not
align with the true item frequency. Another ap-
proach adjusts the LLM’s recommendation using
traditional recommendation models (Bao et al.,
2024), but traditional models may introduce their
own biases. These limitations make the debiasing
process difficult to control.

In this work, we make the first systematic inves-
tigation into the characteristics and persistence of
knowledge bias in LLM-based recommender sys-
tems. Our empirical analysis reveals that knowl-
edge bias exhibits distinct model-intrinsic patterns
associated with pre-trained knowledge, and that
these patterns persist even after large-scale fine-
tuning. These limitations raise a critical ques-
tion: How can we systematically detect and cor-
rect knowledge bias in a controllable and cost-
efficient way? Our key contributions are summa-
rized as follows:

* Observations. Through controlled experiments
in Section 2, we identify two critical char-
acteristics of knowledge bias: (1) it exhibits
distinct item-level patterns associated with the
model’s intrinsic pre-trained priors, differing
substantially from traditional data-driven popu-
larity bias; and (2) it persists despite substantial
increases in fine-tuning data. This phenomenon
not only reduces recommendation accuracy by
skewing prediction distributions but also dimin-
ishes diversity by favoring a limited set of items.

* Method. We propose a novel method, Re-
Know (Realignment at decoding-time to alle-
viate Knowledge bias). It guides the model’s
predictions using a target distribution that repre-
sents the unbiased user interests. In practice, we

approximate the target distribution with the ob-
served distribution of items in the training set.
We propose a cost-efficient alignment method
that aligns LLM predictions to a target distribu-
tion without relying on external models, thereby
avoiding additional computational cost and aux-
iliary bias. It consists of three steps: (1) identify-
ing biased items from a small calibration set, (2)
estimating inherent knowledge with a context-
free prompt, and (3) reweighting predictions at
decoding time.

* Validation. We provide both empirical and the-
oretical validation of ReKnow. Our empirical
analysis visualizes how alignment weights cor-
relate with the actual bias patterns, while the-
oretical study justifies our alignment approach.
Extensive experiments on two representative
backbones and datasets further demonstrate that
ReKnow offers a lightweight and generalizable
solution to mitigate knowledge bias while con-
sistently improving both recommendation accu-
racy and diversity.

2 Knowledge Bias in LLM-based
Recommendation

In this section, we investigate the characteristics
of knowledge bias and its persistence under fine-
tuning.

2.1 Bias Characteristics and Universality

Distinct Bias Patterns. We first character-
ize knowledge bias by contrasting it with tra-
ditional popularity bias (Klimashevskaia et al.,
2024; Abdollahpouri et al., 2019). While popu-
larity bias is closely associated with the long-tail
item-frequency distribution in downstream train-
ing data, knowledge bias exhibits substantially dif-
ferent item-level patterns that are more consistent
with the LLM’s intrinsic pre-trained priors.

To empirically characterize this distinction,
we compare the generated item frequencies of
Qwen3-8B (Figure 2, purple bars) with the cor-
responding item occurrences in the downstream
training set (gray bars). The two distributions ex-
hibit markedly different item-level patterns. For
example, the LLM generates “Star Wars: Episode
IV” 676 times despite the item appearing only
9 times in the training data. Such discrepancies
suggest that the observed knowledge bias cannot
be explained by the downstream item-frequency
distribution alone and is associated with model-
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Figure 2: Comparison of item-frequency patterns be-
tween LLM predictions and the downstream training
data.
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Figure 3: The CDF curves show that neither scaling
the model size (Left) nor increasing the SFT data size
(Right) effectively bridges the gap between model pre-
dictions and user preference distributions.

intrinsic priors beyond those learned from rec-
ommendation fine-tuning. Moreover, the two bi-
ases exhibit different responses to recommenda-
tion training: standard recommendation training
tends to exacerbate popularity bias, whereas it
only marginally mitigates knowledge bias.
Universality. Knowledge bias is consistently ob-
served across different LLM backbones. To quan-
tify this, we visualize the cumulative distribution
function (CDF) in Figure 3 and Figure 1. Items are
sorted by frequency in descending order, where
the x-axis denotes the top-r% items and the y-
axis represents cumulative frequency. A larger
deviation from the user preference curve indi-
cates stronger knowledge bias. As shown in Fig-
ure 1, across different backbones (Qwen3-8B and
LLaMA3-8B), the LLM Internal Knowledge curve
rises significantly faster than the User Preference
Distribution. Furthermore, Figure 3 shows that
this pattern remains consistent across model scales
(Qwen3-4B to 14B), with larger models exhibiting
slightly reduced bias.

2.2 Persistence Against Fine-Tuning

A natural question is whether increasing the scale
of Supervised Fine-Tuning (SFT) can effectively
mitigate knowledge bias. To investigate this, we

conduct a controlled experiment by fine-tuning
Qwen3-4B on datasets of varying sizes: 2048,
4096, and 8192 samples. As shown in Figure 3,
the distributional curves across different fine-
tuning data sizes maintain a substantial gap from
the user preference curve. This observation sug-
gests that increasing the amount of downstream
fine-tuning data alone is insufficient to eliminate
the observed model-intrinsic bias patterns. These
results highlight the persistence of knowledge bias
under standard fine-tuning and motivate a dedi-
cated decoding-time alignment strategy for its mit-
igation.

3 Proposed Method: ReKnow

Overview. This section presents our proposed
framework, ReKnow. We first explain how LLMs
act as sequential recommenders, then introduce
our alignment mechanism that adjusts model pre-
dictions during decoding, followed by the ratio-
nale behind its design.

3.1 LLM as Sequential Recommender
System

Here, we introduce the utilization of LLMs as se-
quential recommenders. Following (Bao et al.,
2023a), the primary task for an LLM in this con-
text involves integrating the user’s interaction his-
tory into a prompt to provide personalized pref-
erences (see Figure 7). The LLM recommender
then utilizes this enriched prompt to generate pre-
dictions for the next item in the sequence.

During decoding, an item z is represented by a
sequence of tokens = = (t1,ta,...,t,), where t;
is the ¢-th token. The recommendation task is to
predict the next item x given the user’s interaction
history I = {x1,z2,...,z;} and the context-free
prompt C. The prediction probability of an item x
can be illustrated as:

P(z|I,C) = H?:l P(tj‘t<jﬂlvc)v

where P(z|I,C) and P(t;lt<;,1,C) refers to
the LLM’s output probability of item x and to-
ken t; under the condition of I,C,t.;. Cur-
rently, researchers commonly adopt beam search
to generate multiple items in LLM-based sequen-
tial recommendation (Bao et al., 2023a; Spurlock
et al., 2024; Bao et al., 2024). At each decoding
step, beam search maintains the top m hypotheses
(beam width m), expanding each by the m most
likely next tokens. The process terminates when
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Figure 4: Overview of our ReKnow framework. The top-left figure shows the set of items with significant
knowledge bias, identified by a calibration set. The bottom-left figure illustrates how we estimate the model’s prior
bias towards these biased items using a context-free prompt. The results from both steps are combined and applied
during the final beam search process, where we adjust the sequence score to prevent the model from generating

biased items, thereby ensuring the correct output.

an end-of-sequence token is generated or the max-
imum length is reached. The final output set X
consists of the top m hypotheses at the last step.
Formally, the beam search output is given by:

. 11 log P(t;]t<;,1,0)
T = argmax,cy ] .

3.2 Realignment at Decoding-time to
Mitigate Knowledge Bias

Our framework consists of three steps: i) iden-
tify the biased candidates set; ii) quantify the
model’s inherent knowledge towards these items;
iii) conduct decoding-time realignment during
beam search. The algorithm of ReKnow is sum-
marized in Algorithm 1.

Selecting Biased Items. We first divide a calibra-
tion set from the whole training dataset to iden-
tify biased items, as realigning all items would in-
cur high inference costs, and many items do not
exhibit bias, making them unnecessary for align-
ment. The process is as follows: we perform infer-
ence on the calibration set, compute the frequency
of items in the results, and compare these with the
ground truth frequencies. The top k% items with
the largest frequency differences are then selected
and placed into the biased candidates set X for
the alignment stage.

Quantifying Inherent Knowledge f(x|C). To
achieve precise quantification, ReKnow intro-
duces a model-specific debiasing paradigm.
Rather than relying on auxiliary weak models, Re-
Know directly queries the target LLM to reveal its
inherent bias (backbone-level), rather than user-
level bias. Since such bias is inherently latent, it

cannot be directly observed. Specifically, we use a
context-free prompt to estimate the probability of
each candidate item, which serves as an estimate
of the model’s inherent knowledge. This context-
free prompt is similar to the original prompt’s in-
struction, except that it omits the user interaction
history, as is shown in Figure 9. We further val-
idate that our approach is robust to prompt varia-
tions in Appendix F.

We also introduce a sequence length decay fac-
tor to estimate f(xz|C') for two concerns: (1) the
length of an item x may influence the alignment
scores, as shorter items could lead to a larger
f(z|C), (2) we observe that after the first few to-
kens are set, the probabilities of the subsequent to-
kens are almost always 1, suggesting that the prob-
abilities of the earlier tokens are more indicative
of the model’s knowledge. To address these con-
cerns, we have incorporated a sequence length de-
cay factor in the calculation of f(x|C') for longer
items, ensuring that the effect of item length is
appropriately adjusted. We quantify the inherent
knowledge on z as:

f(2]C) = Xj_y log(P(tj]t<;, €)) - o € (0,1),

where P(t;]t<;,C) is the conditional probability
of t; given all previous tokens ¢, and o/ is a se-
quence decay factor.

Target Distribution g(x). To address knowl-
edge bias, we first establish an unbiased ref-
erence by defining the training set’s item fre-
quency distribution as our target, reflecting gen-
uine empirical user behavior. Unlike manual re-
prompting, approaches (Spurlock et al., 2024),
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this target-driven alignment provides a theoreti-
cally grounded basis for debiasing, where closer
approximation to the target distribution indicates
reduced bias. Through probabilistic adjustment
during beam search, we simultaneously mitigate
bias while preserving recommendation quality.

The target distribution g(z) is the true distribu-
tion of items in the training set. For an item x, the
target distribution is:

g@)=x L Y=z},

where N is the total number of items in the train-
ing set.

Decoding-time Realignment to Alleviate
Knowledge Bias. To align the model’s knowl-
edge distribution to the target distribution, we
introduce an alignment weight w,, which dy-
namically adjusts the model’s output sequence
probabilities based on the divergence between
these distributions. Our decoding-time alignment
only requires adjustments during the final stage of
the beam search process, making it a training-free
approach to address knowledge bias with minimal
resource overhead. The w, is defined as:

wy = B - {log(g(w)) — v *log(f(z]C))}, (1)

where g(x) denotes the target distribution, rep-
resenting the true underlying item distribution in
real-world scenarios. In contrast, f(z|C) cap-
tures the model’s inherent knowledge. The param-
eter «y indicates a balance between the variance of
g(x) and f(z|C), while 8 governs the alignment
strength toward the target distribution.

The intuition behind this designed alignment
weight is straightforward: when g(z) > f(x|C),
it indicates that item x is underrepresented in
the model’s recommendations relative to its true
prevalence, so we increase its selection proba-
bility. Conversely, when g(z) < f(z|C), it
suggests the model has an inherent bias toward
over-recommending z, requiring downward ad-
justment. During inference, we directly apply this
alignment weight to modulate the model’s output
probability:

log(Patign(z[1, C')) = log(P(z|I,C)) + we. (2)

3.3 Rationale of Proposed Alignment Weight

We justify our alignment weight from two per-
spectives. First, we visualize the discrepancy be-
tween the alignment weight and the actual bias.

+ Knowledge Bias Tl
Alignment Weight

Knowledge Bias
i,
3
Weight

Alignment Weight

Figure 5: The results indicate an positive correlation
between calibration scores and knowledge bias.

Second, we present a theoretical analysis of the es-
timator behind our alignment approach in Eq. (2).
Empirical Analysis. We first provide an intuitive
comparison between knowledge bias and align-
ment weight in Figure 5. Specifically, we ex-
tract the biased items in calibration set of Movie-
Lens and plot their knowledge bias against the
corresponding alignment weight estimated using
LLaMA as backbone model. The actual knowl-
edge bias for each item is quantified as the dis-
crepancy between the item’s true frequency in the
ground truth and the model’s predicted frequency.
The alignment weight are computed with Eq. (1).
Our analysis reveals a positive correlation between
alignment weight and knowledge bias, as shown
in Figure 5. This suggests that the alignment
weight can effectively capture the model’s knowl-
edge bias.

Theoretical Analysis. We provide a theoretical
analysis to substantiate the rationale behind our
approach. The core idea is to obtain an estima-
tor c¢(z|I,C) that adjust the observed prediction
distribution P(x|I, C) to obtain the unbiased dis-
tribution Pyybiased (2|1, C), formulated as:

Punbiased(muvc) = P($|]7 C) '0(37\170)- (3)

Theorem 1. Given that w, is an accurate es-
timate of c(x|l;,p) and g(z) reflects the real-
world distribution of x, the realigned distribution
Phiign(x|1, C) is an unbiased estimator in terms of
the targeted unbiased generator g().

proof. According to our alignment formulation
Eq.(2), we first extend E[Pjign (|1, C)] as:

E[Patin(2|1, 0)] = 1L p(L;, O) - P(a|Li, ©) - exp(uwy).
4)
We can reformulate Eq. (4) through Eq. (3) as:

N

E[Patign(z|I,C)] = ZP(E,C’) - Punbiased ()13, C)
P

= E[Punbiased(l'|la C)] = g(l‘)
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Other detailed proof of Theorem 1 is provided
in the Appendix A.

4 [Experiments

4.1 Experimental Setup

Dataset. MovieLens and Games are chosen to

represent various bias level (strong vs. moderate).

» Movielens?: A movie recommendation dataset
with 10,682 items, 10,000,054 interactions,
and 9, 301, 274 interaction sequences.

« Game>: A video game recommendation dataset
from Amazon (Hou et al., 2024), using its 5-core
subset. It includes 17,408 items, 496, 315 in-
teractions, and 149, 796 interaction sequences.
We reviewed the input fields for direct personal
identifiers and screened the retained text for po-
tentially offensive content. Only fields required
for recommendation were used.

Baselines. We benchmark against recent LLM-

based debiasing methods on the BIGRec back-

bone. We also compare with representative tra-
ditional sequential methods (Appendix E) and

decoding-time alignment methods in Appendix G.

Training details are in Appendix C.

¢ BIGRec (Bao et al., 2023a): An instruction-
tuned LLM employing a Bi-Step grounding
paradigm for direct item generation.

* Rep (Spurlock et al., 2024; Deldjoo, 2024):
A prompt engineering strategy that explicitly
queries the LLM for diverse recommendations
(see Figure 8).

* Re-weighting (RW) (Jiang et al., 2024): Bal-
ances category exposure via training weights.
Note: Applied only to MovieLens as the Games
dataset lacks category features.

* D3 (Bao et al.,, 2024): A decoding strategy
guided by SASRec to enhance generation diver-
sity. We implement D3 on our datasets based on
its original codebase.

Evaluation Metrics. We evaluate recommenda-

tion quality using Hit Ratio (HR) and Normalized

Discounted Cumulative Gain (NDCG) under the

all-ranking protocol (Yang et al., 2023). For di-

versity, we adopt Average Rating-based Popularity

(ARP) (Jannach et al., 2015) and Jensen—Shannon

https://grouplens.org/datasets/
movielens/10m/

*https://jmcauley.ucsd.edu/data/
amazon/

(JS) divergence, which measures the discrepancy
between predicted and ground-truth item distri-
butions. ARP computes the average popularity
of recommended items based on their interaction
counts in the training data, defined as:

ARPQK = ﬁ > uer (‘R—lu‘ D icR, popularity(i)) .

4.2 Main Results

RQ1: Can ReKnow substantially alter the
model’s inherent knowledge? ReKnow funda-
mentally reshapes the model’s inherent knowl-
edge at decoding time, which leads to a substan-
tial knowledge shift: instead of repeatedly rec-
ommending a small set of memorized items, the
model produces recommendations that are sig-
nificantly more diverse. From a quantitive per-
spective, this effect is captured by two key met-
rics—ARP and JS divergence—which consistently
improve across datasets and backbones (see Ta-
ble 2 and Table 1). From a distribution perspec-
tive, ReKnow ( ) transforms the sharply
peaked biased distribution ( ) into a more
uniform one, as is shown in Figure 6. In Figure 1,
from the perspective of the CDF, ReKnow effec-
tively aligns the distributions, bringing the rec-
ommended item distribution significantly closer to
the actual user preference distribution.

RQ2: Can ReKnow correctly realign the
model’s knowledge toward the target distribu-
tion? ReKnow successfully guides the model’s in-
ternal knowledge toward the true item distribution
derived from user interactions. As shown in Ta-
ble 1 and Figure 6, the quality metrics (NDCG
and Hit Rate) consistently improve across both
datasets and backbones, indicating that the cor-
rected knowledge not only diversifies recommen-
dations but also enhances their accuracy and user
alignment. While ReKnow occasionally exhibit
slightly lower diversity than other baselines, our
approach achieves a better balance by maintaining
higher recommendation accuracy.

4.3 Ablation Study

We examine three key factors: alignment strategy,
strength 3, and bias set size k.

Influence of Alignment. Table 5 quantifies distri-
butional alignment using KL Divergence (|), Co-
sine Similarity (1), and JS Divergence (]). Ap-
plying ReKnow significantly reduces KL and JS
divergence while boosting Cosine similarity com-
pared to the baseline. These improvements con-
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Metric ‘ ARP@1| JS@1| NDCG@17T Hit@l7 ‘ ARP@5| JS@5| NDCG@57| Hit@57 ‘ ARP@10, JS@10| NDCG@101 Hit@10 7
Backbone = LLaMA3-8B
BIGRec 84,794 0.51 0.015 0.015 53,705 0.44 0.020 0.025 46,626 0.39 0.022 0.031
ReP 83,098 0.52 0.015 0.015 52,631 0.43 0.020 0.025 45,693 0.38 0.022 0.030
D3 87,099 0.51 0.015 0.015 55,011 0.44 0.020 0.025 47,771 0.39 0.022 0.031
RW 89,724 0.52 0.014 0.014 57,638 0.45 0.017 0.021 50,501 0.41 0.019 0.028
ReKnow | 81,402 0.49 0.016 0.016 51,557 0.42 0.021 0.026 44,761 0.38 0.023 0.032
Improv. -2.0% -3.9% +6.7% +6.7% -2.0% -2.3% +5.0% +4.0% -2.0% - +4.5% +3.2%
Backbone = Qwen3-8B
BIGRec 100,031 0.52 0.012 0.012 59,530 0.45 0.015 0.018 50,715 0.41 0.016 0.021
ReP 98,191 0.52 0.011 0.011 57,653 0.45 0.015 0.019 48,670 0.41 0.015 0.021
D3 102,375 0.51 0.012 0.012 62,417 0.45 0.016 0.020 53,247 0.41 0.016 0.022
RW 96,503 0.51 0.012 0.012 60,654 0.44 0.018 0.026 50,821 0.40 0.019 0.029
ReKnow | 98,433 0.49 0.013 0.013 54,771 0.42 0.019 0.025 46,237 0.38 0.020 0.028
Improv. - -3.9% +8.3% +8.3% -5.0% -4.5% +5.6% - -5.0% -5.0% +5.3% -

Table 1: Comparison of ReKnow with SOTA sequential recommendation on MovieLens. | higher is better, |
lower is better. Best results per backbone in bold, second-best in ifalics. The Improv. row indicates the relative

improvement of ReKnow over the second-best baseline.

Metric | ARP@1, JS@1, NDCG@17 Hit@11 | ARP@5| JS@5, NDCG@S |

Hit@5 1 ‘ ARP@10| JS@10| NDCG@107 Hit@10 |

Backbone = LLaMA3-8B

BIGRec 61 0.66 0.005 0.005 61 0.60 0.010 0.014 63 0.56 0.012 0.021
ReP 56 0.61 0.007 0.007 58 0.57 0.011 0.015 53 0.53 0.013 0.022
D3 58 0.62 0.005 0.005 59 0.58 0.010 0.015 62 0.54 0.012 0.025
ReKnow 50 0.56 0.006 0.006 52 0.51 0.012 0.017 52 0.48 0.015 0.024
Improv. -10.7% -8.2% - - -103%  -10.5% +9.1% +13.3% -1.9% -9.4% +15.4% -
Backbone = Qwen3-8B
BIGRec 57 0.69 0.007 0.007 57 0.63 0.010 0.014 59 0.59 0.012 0.021
ReP 53 0.68 0.004 0.004 54 0.62 0.009 0.013 60 0.58 0.011 0.021
D3 46 0.65 0.005 0.005 54 0.60 0.010 0.015 56 0.56 0.013 0.022
ReKnow 45 0.59 0.006 0.006 49 0.54 0.011 0.014 51 0.50 0.014 0.022
Improv. -2.2% -9.2% - - -9.3% -10.0% +10.0% - -8.9% -10.7% +7.7% -

Table 2: Comparison of ReKnow with SOTA sequential recommendation on Amazon Games.

Backbone : Qwen2-7B

. . Interview with the Vampire: The Vampire Chronicles 87->11
.- Star Wars: Episode VI - Return of the Jedi 43->10

Ocean's Eleven 59->7

40 Year OId Virgin, The 76->3

Star Wars: Episode IV - A New Hope 72->17

Items

Predicted Item Frequency with ReKnow
Predicted Item Frequency w/o ReKnow
Groundtruth Item Frequency

0 20 40 60 80
Item Frequency

Figure 6: Item frequency distribution in ground truth
(green) vs. model outputs without ReKnow ( )
and with ReKnow ( ). Annotations in the figure
highlight item frequency shifts.

firm that ReKnow effectively minimizes distribu-
tional discrepancy and enhances directional align-
ment, successfully mitigating knowledge bias.

Influence of k. Table 4 shows that small & (e.g.,
0.005) significantly improve accuracy. However,
increasing k enhances diversity (lower ARP/JS) at
the cost of NDCG. We attribute this to the distri-
bution of knowledge signals: items with strong
bias generate distinct high f(x) values, whereas
broadening the scope includes items with indistin-

‘ wio ReKnow ‘ w ReKnow (for different 3 values)

0.001  0.005 0.01 0.05 0.1 0.5
NDCG@1 7 0.0150 0.0157 0.0154 0.0152 0.0159 0.016  0.0159
Hit@1 7 0.0150 0.0156 0.0154 0.0151 0.0162 0.016 0.0159
ARP@1 | 84,794 99,247 97,970 96,500 82,901 81,402 81,598
JSe1 | 0.51 0.52 0.51 0.51 0.49 0.49 0.49
NDCG@5 1 0.0200 0.0208 0.0202 0.0200 0.0208 0.021  0.0212
Hit@5 1 0.0250 0.0259 0.0258 0.0252 0.0260 0.026  0.0260
ARP@5 | 53,705 60,051 58,150 57,435 52,415 51,557 51,621
Js@s | 0.44 0.46 0.46 0.45 0.41 0.42 0.41
NDCG@10 1 0.0220 0.0220 0.0219 0.0221 0.0229 0.023  0.0232
Hit@10 1 0.0310 0.0310 0.0311 0.0300 0.0322 0.032 0.0323
ARP@10 | 46,626 49,411 48,438 48,510 45,338 44,761 45,016
JS@10 | 0.39 0.41 0.40 0.41 0.37 0.38 0.38

Table 3: Ablation study on influence of alignment
strength 5. 7 indicates higher is better, | indicates
lower is better.

guishable signals, introducing noise during align-
ment. Consequently, a moderate % yields the opti-
mal accuracy-diversity trade-off.

Influence of alignment strength 5. Table 3
shows that ReKnow consistently outperforms the
baseline (w/o ReKnow) in both recommendation
quality and diversity. Notably, increasing 3 fur-
ther amplifies diversity while preserving or even
improving ranking performance.
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w ReKnow (for different & values)

‘WlOReK“"w 0001 0005 001 002 005 01

NDCG@1 1 0.0150 0.0158 0.0160 0.0142 0.0130 0.0125 0.0124

Hit@1 1 0.0150 0.0157 0.0160 0.0140 0.0131 0.0125 0.0125
ARP@1 | 84,794 92,196 81,402 78304 77,007 73,158 73,113
Jse1 | 0.51 0.50 0.49 0.49 0.48 0.49 0.49
NDCG@5 1 0.0200 0.0202 0.0210 0.0192 0.0167 0.0168 0.0168

Hit@5 1 0.0250 0.0261 0.0260 0.0241 0.0215 0.0216 0.0213

ARP@S | 53,705 58,827 51,557 51,840 53,665 49,994 50,010
Js@s | 0.44 0.45 0.42 0.42 0.39 0.41 0.41
NDCG@10 | 0.0220 0.0228 0.0230 0.0213 0.0186 0.0189 0.0187
Hit@10 1 0.0310 0.0312  0.0320 0.0310 0.0276 0.0267 0.0265
ARP@10 | 46,626 50,931 44,761 46,721 48,007 43,846 43,588

Js@10 | 0.39 0.38 0.38 0.37 0.36 0.35 0.36

Table 4: Ablation study on the influence of k. 1 indi-
cates higher is better, | indicates lower is better.

4.4 Case Study

Table 6 illustrates the dual capabilities of ReKnow.
First, when the beam search space includes the
ground truth item but assigns higher ranks to bi-
ased items, ReKnow realigns the sequence proba-
bilities, enabling accurate selection of the ground
truth item and thereby improving both accuracy
and diversity. Second, when the beam search
space does not contain the ground truth item, Re-
Know increases the likelihood that the language
model generates an unbiased item, resulting in en-
hanced diversity among the outputs.

5 Related Work

5.1 LLMs for Recommender Systems

The integration of LLMs into recommender sys-
tems generally follows two paradigms. The first
utilizes LLMs for representation learning, where
user or item features are transformed into em-
beddings or semantic IDs for downstream recom-
mendation models (Rajput et al., 2023; Liu et al.,
2024, 2026). However, decoder-only architec-
tures, optimized for next-token prediction, may
face limitations in effectively encoding such repre-
sentations. The second paradigm leverages LLMs
as generative recommenders, typically fine-tuning
them to enhance instruction-following capabili-
ties for direct recommendation (Bao et al., 2024,
2023a,b). Despite their promise, these generative
approaches rely heavily on pretrained knowledge,
making them susceptible to inherent biases. While
prior work has examined biases in conversational
systems (Shen et al., 2023; Dong et al., 2024; Chen
et al., 2024), the specific impact of pretraining
knowledge bias on recommendation outcomes re-
mains underexplored.

5.2 Knowledge Bias in Language Models

In this work, we define “bias” as systematic errors
within LLMs, distinct from the social or cultural
biases (e.g., gender or race) common in safety re-
search (Sakib and Das, 2024; Duan, 2024; Duan
et al., 2024). Bias in LLMs is a long-standing
concern closely linked to robustness (Zheng et al.,
2024). Previous studies have primarily inves-
tigated foken-level biases, such as sensitivity to
instructions or in-context examples in multiple-
choice tasks (Chen et al., 2022; Pan, 2023). While
recent work by Gao et al. (2025) analyzed se-
quential bias introduced by Direct Preference Op-
timization (DPO), sequence-level knowledge bi-
ases—such as inherent preferences for specific
items like movies or games—remain largely unad-
dressed. Our study bridges this gap by proposing
a method for sequence-level debiasing, extending
the understanding of bias beyond the token level.

5.3 Decoding-time Alignment for LLMs

Decoding-time alignment methods steer model be-
havior without retraining. They can be categorized
by architectural dependency. Auxiliary Model-
Guided approaches (Ji et al., 2024; Bai et al.,
2022; Lietal.,2023; Lin et al., 2023) rely on exter-
nal models, incurring high memory overhead and
risking auxiliary biases. Even recommendation-
specific debiasing methods like D3 (Bao et al.,
2024) inherently require an external SASRec as-
sistant. In contrast, Self-Guided methods elim-
inate external dependencies. However, while re-
cent efficient approaches like LA (Gao et al.,
2024) adjust logits internally, they are not de-
signed for the LLM’s knowledge biases. Our ap-
proach falls into the self-guided category. This
zero-dependency architecture entirely avoids the
computational burden and unquantifiable biases of
external models.

6 Conclusion and Discussion

LLMs provide strong semantic representations
for recommendation but suffer from knowledge
bias that degrades performance and diversity.
Our investigations reveal that this bias exhibits
distinct model-intrinsic patterns across different
backbones and persists despite downstream fine-
tuning. ReKnow addresses this bias by using a
context-free prompt to estimate the model’s in-
trinsic knowledge and aligning its outputs with a
target distribution. Both empirical and theoreti-
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Backbone |  Setting | KL@1| CS@I7 JS@I| KL@5| CS@5| JS@5| KL@I0| CS@l07 JS@I0 |
LLaMa | WoReKnow | 1039 021 047 7.46 0.26 0.41 5.75 031 037
wReKnow | 9.67 030 042 6.62 0.37 0.36 5.20 0.41 0.32
Owenz | Vo ReKnow | 800 044 035 4.94 0.50 0.29 341 053 025
wen wReKnow | 7.69 0.49 0.33 4.68 0.52 0.28 3.37 0.53 0.25

Table 5: Comparision of Distribution Metrics with and without ReKnow on the MovieLens Dataset.

cal analyses validate ReKnow, and experiments on
two datasets demonstrate that ReKnow improves
recommendation accuracy and diversity, offering
a practical solution for mitigating knowledge bias.

Limitations

Despite its effectiveness, this work focuses on
sequence-level alignment. Token-level methods
could offer finer control but are often unstable
and may distort the model’s inherent knowledge.
Future work will explore token-level strategies
that better balance diversity and accuracy. Accu-
rately estimating LL.Ms’ knowledge also remains
challenging, as alternatives like validation-set fre-
quency estimation still underperform the context-
free prompt approach, highlighting the need for
more principled estimation techniques. Further-
more, ReKnow is evaluated on offline recommen-
dation benchmarks. Its improvements in aggregate
accuracy and diversity do not necessarily translate
into better experiences for every user, as prefer-
ences may vary across users and contexts.

Use of AI Assistants

Al assistants were used during manuscript prepa-
ration for language polishing, grammar correction,
and limited programming assistance, such as de-
bugging and improving code readability.
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A Proof of Theorem 1

We discuss the formulation of ¢(z|I, C') and how
it aligns with w,. We assume that both P(x|I,C)
and Pyypiased (2|1, C) are proportional to f(x) and
g(x), respectively. This stems from two common-
sense considerations: (1) the model’s recommen-
dation probability reflects its inherent knowledge
bias, where stronger bias toward item x leads to
higher generation frequency, and (2)the ideal un-
biased distribution matches the target distribution
g(z), as training and test sets share the same un-
derlying data distribution. Naturally, we have
P(z|I,C) x f(z), Punbiased(z|l,C) x g(x).
Building on these proportionalities, we examine
how the alignment term c(x|I,C) depends on
f(z) and g(z). Specifically, if f(x) > g(z), then
P(z|I,C) will far exceed Pyppiased(z|I;, C), and
thus ¢(z|I,C') must be relatively small to satisfy
Eq. (3). Conversely, if f(z) < ¢g(z), a larger
c(z|I,C) is required to maintain the same equal-
ity. Natually, we have:

c(z|I,C) fc((i%

This matches the form of our proposed method
Eq. (1), ensuring the validity of Theorem 1.

B Description of Prompt Templates

We provide the prompt templates used for sequen-
tial recommendation in our experiments in Fig-
ure 7, Figure 8 and Figure 9.

Below is an instruction that describes a task, paired
with an input that provides further context. Write a
response that appropriately completes the request.

Instruction: “Given a list of video games the user has
played before, please recommend a new video game
that the user likes to the user.”

Input:  “The user has played the following
video games before: “Doom: Collector’s Edi-
tion - PlayStation 47, “Xbox One Stereo Headset
Adapter”, “NieR: Automata - Playstation 47, ...”

Response: “”

- S

Figure 7: Prompt template for sequential recommenda-
tion.
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Below is an instruction that describes a task, paired
with an input that provides further context. Write a
response that appropriately completes the request.

Instruction: “Given a list of video games the user
has played before, please recommend a new video
game that the user likes to the user. Focus on fair rec-
ommendations, balancing popular and lesser-known
movies.”

Input:  “The wuser has played the following
video games before: “Doom: Collector’s Edi-
tion - PlayStation 4”7, “Xbox One Stereo Head-
set Adapter”, “DODONPACHI SAIDAIOUJOU
(PLATINUM COLLECTION)”, “Samurai Warriors
4-1II - PlayStation 4, “NieR: Automata - Playstation
47, “Zombie Army Trilogy - PlayStation 4", “Rise of
the Tomb Raider: 20 Year Celebration - PlayStation
Response: “”

| J

Figure 8: Re-prompting template for sequential recom-
mendation. The instruction section includes a diversity
requirement.

Below is an instruction that describes a task, paired
with an input that provides further context. Write a
response that appropriately completes the request.

Instruction: “Given a list of video games the user has
played before, please recommend a new video game
that the user likes to the user.”

Input: “None”

@9

Response:
| J

Figure 9: Context-free prompt template for sequential
Recommendation.

C Implementation Details.

We construct input sequences using the 10 most
recent interactions (by timestamp) per user, fol-
lowing (Bao et al., 2023a, 2024; Jiang et al., 2024),
ensuring chronological alignment between train-
ing and testing to prevent data leakage. Such
chronological alignment better simulates real-
world recommendation scenarios (Ji et al., 2023).
Data is split 8 : 1 : 1 for training, validation, and
testing. For the settings of model training, all base-
line models and ReKnow employ few-shot fine-
tuning (FS-FT) on 2048 samples from the train-
ing set, consistent with BigRec’s paradigm. This
design serves two key purposes: (1) It maintains

consistency with current baselines that similarly
employ few-shot fine-tuning (Bao et al., 2023a,
2024; Jiang et al., 2024); (2) FS-FT facilitates
task-specific instruction tuning without incurring
the impractical computational overhead of com-
plete dataset tuning for text-based LLM-based rec-
ommendation; (3) Using the same sample size
for all methods guarantees fair comparison under
identical conditions. Moreover, FS-FT is criti-
cal for LLM-based recommendation’s instruction-
following capability. Any deviation in the model’s
output from the required format can severely im-
pact evaluation. Therefore, FS-FT is essential to
ensure the model adheres to the expected output
format.

The training details are set up as follows: For
traditional recommendation models, we optimize
them using binary cross-entropy loss, Adam as the
optimizer and the learning rate searched within the
range of [le — 3, le — 4, 1e — 5], the weight decay
within the range of [le — 3, 1le — 4, 1le — 5]. Re-
garding the hyperparameters of the conventional
model architectures, we set their embedding size
to 64 and the dropout ratio to 0.1. As suggested
by the original papers, we only use one GRU layer
for GRU4Rec. For SASRec, we set the number
of self-attention heads and blocks to 1. For LLM-
based methods, we adopt Qwen3-8B (Yang et al.,
2025) and LLaMA3-8B (Grattafiori et al., 2024)
as the backbone models. All LLM-based mod-
els are trained for a total of 50 epochs. We apply
LoRA (Hu et al., 2021) with rank » = 8, scaling
factor « = 16, and dropout rate of 0.05. Train-
ing employs the AdamW optimizer with a learn-
ing rate selected from the range of [le — 3, 1le —
4,1e — 5]. The maximum sequence length is set
to 512 tokens. Across all ReKnow experiments,
we set the hyperparameters as follows: v = 3,
6 = 0.1, k = 0.005, a = 0.2, and beam search
width m = 4.

D Experimental Details for Knowledge
Bias Analysis

To quantitatively analyze the knowledge bias dis-
cussed in Section 2, we conducted a controlled
experiment focusing on the distributional shift be-
tween model predictions and user real preferences.
The detailed setup is as follows: We constructed a
specific validation set comprising 5,000 user in-
teraction sequences, randomly sampled from the
test set of MovieLens. Then we fine-tuned all
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backbones using a small dataset of 2,048 sam-
ples (from training dataset). During inference, we
utilized a standardized prompt template 7 across
all models. To visualize the bias, we counted the
occurrence frequency of each unique item in the
model’s generated outputs and the ground truth la-
bels to perform Figure 2. We then plotted the Cu-
mulative Distribution Function (CDF) curves (as
seen in Figure 3) to compare how probability mass
is distributed across the top-r% items.

E Traditional Sequential
Recommendation Baselines

To demonstrate our method’s superiority, we com-
pare it with traditional approaches and LLM-
based models, specifically Llama2-7b and Qwen2-
7b. All baselines are re-implemented from open-
source code. The performance results are detailed
in Tables 7 and 8, while distribution plots are pro-
vided in Figures 10 and 11.

¢ GRU4Rec (Hidasi et al., 2015). An RNN-
based model that uses Gated Recurrent Units
to encode user’s past interactions and gen-
erate recommendations based on the learned
patterns.

* SASRec (Kang and McAuley, 2018): A self-
attention-based model that uses a causal at-
tention mechanism to learn sequential pat-
terns.

* BERT4Rec (Sun et al., 2019). It applies
a transformer-based approach for sequential
recommendation tasks.

e FEARec (Du et al., 2023): A feature-based
neural network model for session-based rec-
ommendation, using multi-task learning to
optimize multiple recommendation objec-
tives.

e BIGRec (Bao et al., 2023a). It uses
instruction-tuning to let LLMs directly gen-
erate items, following a Bi-Step grounding
paradigm.

* Rep (Spurlock et al., 2024; Deldjoo, 2024).
Rep refers to re-prompting LLM to generate
diverse items using prompts like “Focus on
fair recommendations, balancing popular and
lesser-known movies.”, as is shown in Fig-
ure 8.

* Re-weighting (RW) (Jiang et al., 2024). RW
improves fairness in BIGRec by balancing
recommendations across categories through
dataset-based training weights. Note that RW
requires re-weighting of item categories, but
the Game dataset lacks item category fea-
tures, therefore we only performed the repli-
cation on the MovieLens dataset.

* Debiasing-Diversifying Decoding (D3) (Bao
et al., 2024). D3 enhances diversity in BI-
GRec using a decoding strategy guided by
SASRec.

F Stability Analysis: Prompt and
Tokenizer Variations

F.1 Robustness to Prompt Variations

Knowledge bias is a parametric phenomenon
rooted in pre-training, and is therefore expected to
be robust to prompt variations. To empirically val-
idate this, we evaluate our method under seman-
tically distinct prompt templates while preserving
the same instruction-tuning format.

Base Prompt. “Given a list of video games the
user has played before, recommend a new video
game that the user may like.”

Template A (Detailed). “You are an expert
gaming recommendation assistant. Based on the
user’s historical preferences, analyze their inter-
ests and suggest exactly one new video game they
are highly likely to enjoy.”

Template B (Colloquial). “Hey! Think of a
cool new video game for someone based on what
they’ve played before, and give them a recommen-
dation.”

All templates share the same standard instruc-
tion format (i.e., identical prefix and suffix with
Input=None).

Table 9 reports the results on LLaMA3-8B. We
observe only negligible variations across differ-
ent prompts, indicating that the model’s intrinsic
knowledge bias is largely insensitive to prompt
phrasing.

F.2 Dependency on Tokenizer

Tokenizers are inherently tied to specific LLM
backbones and their pre-trained vocabularies.
Since knowledge bias originates from pre-trained
model parameters, it is intrinsically coupled with
the corresponding tokenizer and cannot be inde-
pendently altered.
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Figure 10: Item Frequency Distributions in Ground Truth (green) and Model Outputs (

) under Varying

Fine-Tuning Data Sizes. As training data increases, the model’s item-level bias—reflected by horizontal frequency
divergence—slightly decreases, but at a high cost. This highlights decoding-time alignment as a more efficient

debiasing alternative.

Inpu

t

Beam Search w/o ReKnow

Beam Search w ReKnow

Groundtruth

Given a list of movies the user has watched before, please recommend a new movie that the user|

likes to the user. The user has watched the following movies before:"Alien (1979)", "Fight Club

(1999)", "Broken Arrow (1996)", "Home Alone (1990)", "Lord of the Rings: The Fellowship of
the Ring, The (2001)", "Blade Runner (1982)", "Shrek (2001)", "Natural Born Killers (1994)

"Star Wars: Episode IV - A New Hope
(a.k.a. Star Wars) (1977)", "Lord of the
Rings: The Two Towers, The (2002)",
"Sixth Sense, The (1999)", "Saving Private
Ryan (1998)"

"Lord of the Rings: The Two Towers,
The (2002)", "Saving Private Ryan
(1998)", "Star Wars: Episode IV - A
New Hope (a.k.a. Star Wars) (1977)",
"Sixth Sense, The (1999)"

Lord of the Rings: The
Two Towers, The (2002)

Given a list of movies the user has watched before, please recommend a new movie that the user|
likes to the user. The user has watched the following movies before:"Princess Bride, The
(1987)", "Sleepless in Seattle (1993)", "Willy Wonka & the Chocolate Factory (1971)", "Star
‘Wars: Episode I - The Phantom Menace (1999)", "Groundhog Day (1993)", "Waterworld
(1995)", "Indiana Jones and the Last Crusade (1989)", "Alien (1979)", "Ghostbusters (a.k.a.

Ghost Busters) (1984)", "Home Alone (1990)"

"Star Wars: Episode IV - A New Hope
(a.k.a. Star Wars) (1977)", "Home Alone 2:
Lost in New York (1992)", "Star Wars:
Episode VI - Return of the Jedi (1983)",
"Aliens (1986)"

"Home Alone 2: Lost in New York

(1992)", "Star Wars: Episode VI -

Return of the Jedi (1983)", "Aliens
(1986)". "Star Wars: Episode IV - A
New Hope (a.k.a. Star Wars) (1977)"

Shrek (2001)

Table 6: Case Study Demonstrating the Effectiveness of ReKnow.
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Figure 11: Comparison of item frequency distributions
between the ground truth (green) and model predic-
tions ( ) across two backbones. The results reveal
strong item-level biases in LLM predictions, consis-
tent across backbones, with distinct bias patterns likely
originating from pretraining (knowledge bias) rather
than fine-tuning.

When switching across model architectures
(e.g., LLaMA to Qwen), both the tokenizer and
model parameters change accordingly. As shown
in Section 2, our method consistently captures and
mitigates the distinct bias patterns across differ-
ent backbones, demonstrating its robustness to to-
kenizer variations.

G Comparison with Representative
Traditional Sequential Methods and
Decoding-time Alignment Methods

In this section, we provide additional comparisons
with traditional debiasing strategies to further val-
idate the effectiveness of our approach in LLM-
based sequential recommendation.

Due to the fundamental architectural differ-
ences between traditional ID-based recommenders
and generative LLMs, most existing debiasing
methods cannot be directly applied without dis-
rupting the autoregressive generation process.
Specifically, traditional methods typically oper-
ate on static representations or explicit interaction
matrices, while LLM-based recommenders gener-
ate items token-by-token conditioned on context,
making direct adaptation non-trivial.

To provide a fair comparison, we focus on two
representative approaches that can be reasonably
adapted to the LLM setting, including both data-
level and inference-time debiasing strategies:

EquiRate (Gulsoy et al., 2025) is a data-level
debiasing method that mitigates popularity bias by
injecting synthetic ratings to balance the training
distribution.

Logit Adjustment (Menon et al., 2021) is a
widely used inference-stage technique that adjusts
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Model | GRU4Rec SASRec BERT4Rec FEARec BIGRec  ReP D3 RW  ReKnow | BIGRec ReP D3 RW  ReKnow

(Backbone = LLaMA2-7B) (Backbone = Qwen2-7B)

NDCGe@1 1 0.002 0.001 0.003 0.001 0.019 0.018  0.019 0.019 0.020 0.012 0.012  0.006  0.003 0.012
Hit@1 7 0.002 0.001 0.003 0.001 0.019 0.018  0.019 0.019 0.020 0.012 0.012  0.006  0.003 0.012
ARP@1 | | 166,916 138,399 230,757 128,392 69,544 70,970 69,543 76,449 64,630 56,861 56,862 59,068 61,558 55,011

JS@1 | 0.68 0.65 0.69 0.68 0.47 0.48 0.47 0.46 043 0.35 0.36 0.45 0.65 0.35
NDCG@5 1 0.004 0.004 0.009 0.003 0.023 0.023  0.023  0.024 0.025 0.015 0.015  0.008  0.005 0.015
Hit@5 7 0.007 0.007 0.014 0.005 0.028 0.028  0.028  0.029 0.029 0.018 0.018 0.009 0.008 0.017
ARP@S5 | 139,379 131,426 224,786 135,696 | 44,601 46,243 44,604 46,644 43,290 37,196 37350 39,256 42,709 37,093

JS@s | 0.67 0.63 0.68 0.66 0.41 0.42 041 0.41 0.37 0.29 0.29 0.37 0.61 0.28
NDCG@10 0.007 0.006 0.011 0.006 0.025 0.024  0.025 0.026 0.027 0.017 0.016  0.009  0.006 0.016
Hit@10 1 0.016 0.012 0.023 0.014 0.033 0.033  0.033 0.034 0.036 0.023 0.022 0.014 0.011 0.022
ARP@10 | 132,275 123,159 191,375 141,196 | 37,246 39,298 37,300 37,987 37,018 31,761 31,921 34931 35907 32,033

JS@10 | 0.67 0.61 0.68 0.65 0.37 0.38 0.37 0.37 0.34 0.25 0.26 0.33 0.59 0.25

Table 7: Comparision of ReKnow with SOTA sequential recommendation on Movielens. 7 indicates higher is
better, | indicates lower is better. Best results for each backbone model are shown in bold, and the second best
results are shown in italics.

BIGRec ReP D3  ReKnow | BIGRec ReP D3  ReKnow
Model | GRU4Rec SASRec BERT4Rec FEARec (Backbone = LLaMA2-7B) (Backbone = Qwen2-7B)

NDCG@1 1 0.0030 0.0008 0.0002 0.0008 0.012 0.008 0.012 0.014 0.012 0.012  0.002 0.013
Hit@1 1 0.003 0.001 0.000 0.001 0.012 0.008 0.012 0.014 0.012 0.012  0.002 0.013

ARP@1 | 299 3903 3367 3852 53 69 50 47 50 52 45 44
JS@1 | 0.69 0.52 0.69 0.53 0.70 057 0.73 0.63 0.74 0.73  0.65 0.64
NDCG@5 1 0.0031 0.0012 0.0004 0.0008 0.014 0.009 0.015 0.017 0.015 0.015 0.004 0.014
Hit@5 1 0.003 0.002 0.001 0.001 0.017 0.009 0.017 0.019 0.018 0.017 0.007 0.016

ARP@5 | 16,903 4287 1480 4150 59 50 59 58 55 55 54 54
JS@5 | 0.69 0.52 0.69 0.51 0.65 0.72  0.66 0.56 0.68 0.68  0.59 0.57
NDCG@10 1 0.0034 0.0013 0.0005 0.0008 0.017 0.009 0.017 0.018 0.016 0.016 0.005 0.016
Hit@10 1 0.004 0.002 0.001 0.001 0.025 0.012 0.024 0.024 0.022 0.020 0.009 0.020

ARP@10 | 16,062 4,519 1,169 4,184 61 57 64 61 61 61 61 62
JS@10 | 0.69 0.52 0.69 0.50 0.65 0.70  0.65 0.53 0.66 0.66  0.55 0.53

Table 8: Comparison of ReKnow with SOTA sequential recommendation on Amazon Games. T indicates higher is
better, | indicates lower is better. Best results for each backbone model are shown in bold, and second best results
are shown in italics.

logits based on global label frequencies to allevi-
ate long-tail bias.

Table 10 reports the results on LLaMA3-8B. We
observe that both methods are less effective in the
LLM-based recommendation setting. EquiRate
yields limited improvements, as its data balancing
strategy is not tailored to generative models. In
contrast, Logit Adjustment significantly degrades
performance, since applying static global penalties
to logits disrupts the contextual dependencies in
autoregressive decoding.

In comparison, our method achieves bet-
ter trade-offs between accuracy and diversity,
demonstrating the importance of modeling model-
intrinsic bias rather than relying on traditional
data-level or global reweighting strategies.
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Algorithm 1: ReKnow (Realignment at Decoding-time to Alleviate Knowledge Bias)

User interaction history I, items X, context-free prompt C', alignment scale (3, the number of
biased items k, the number of tokens per item 7.

// Step 1: Identify Biased Items
Detect biased items set X} using validation data ;

// Step 2: Quantify Model’s Inherent Knowledge
for each item x = (t1,...,t,) in X; do

Compute f(z|C) = % log(P(tjlt<;, C)) - o ;
end

// Step 3: Compute Target Distribution
for each item x do

Compute g(z) = + SN Hzi=a});
end
// Step 4: Realignment for Model Output
for each item x = (t1,...,t,) do

Compute w, = 3 - {log(g(x)) — v *log(f(z]C))} ;
Apply Paiign(z|1,C) = P(z|1,C) - exp(wy)
end

Aligned probability distribution Pajign (|1, C).

Table 9: Performance under different prompt templates (LLaMA3-8B).

Method ARP@1 JS@1 NDCG@! Hit@l ARP@5 JS@5 NDCG@5 Hit@5 ARP@10 JS@10 NDCG@10 Hit@10

ReKnow (Base) 81402  0.49 0.016 0.016 51557 0.42 0.021 0.026 44761 0.38 0.023 0.032
ReKnow (Temp A) 81320  0.49 0.016 0.016 51480 0.42 0.022 0.027 44690 0.38 0.024 0.033
ReKnow (Temp B) 81615  0.50 0.015 0.015 51712 0.42 0.021 0.026 44850 0.39 0.022 0.031

Table 10: Comparison with traditional debiasing methods on LLaMA3-8B.

Method ARP@1 JS@1 NDCG@1 Hit@l ARP@5 JS@5 NDCG@5 Hit@5 ARP@10 JS@10 NDCG@10 Hit@10

BIGRec 84794  0.51 0.015 0.015 53705  0.44 0.020 0.025 46626 0.39 0.022 0.031

ReP 83098  0.52 0.015 0.015 52631 043 0.020 0.025 45693 0.38 0.022 0.030
D3 87099  0.51 0.015 0.015 55011  0.44 0.020 0.025 47777 0.39 0.022 0.031
RW 89724  0.52 0.014 0.014 57638  0.45 0.017 0.021 50501 0.41 0.019 0.028

EquiRate 88510  0.51 0.014 0.014 56211  0.44 0.018 0.022 49150 0.40 0.020 0.029
LogitAdj 92105  0.53 0.012 0.012 60530 0.46 0.015 0.019 53420 0.42 0.017 0.025

ReKnow 81402  0.49 0.016 0.016 51557 042 0.021 0.026 44761 0.38 0.023 0.032
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