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Abstract

Recommender systems aim to predict personalized rankings based on user pref-
erence data. With the rise of Language Models (LMs), LM-based recommenders
have been widely explored due to their extensive world knowledge and powerful
reasoning abilities. Most of the LM-based recommenders convert historical inter-
actions into language prompts, pairing with a positive item as the target response
and fine-tuning LM with a language modeling loss. However, the current objective
fails to fully leverage preference data and is not optimized for personalized rank-
ing tasks, which hinders the performance of LM-based recommenders. Inspired
by the current advancement of Direct Preference Optimization (DPO) in human
preference alignment and the success of softmax loss in recommendations, we
propose Softmax-DPO (S-DPO) to instill ranking information into the LM to
help LM-based recommenders distinguish preferred items from negatives, rather
than solely focusing on positives. Specifically, we incorporate multiple negatives
in user preference data and devise an alternative version of DPO loss tailored
for LM-based recommenders, which is extended from the traditional full-ranking
Plackett-Luce (PL) model to partial rankings and connected to softmax sampling
strategies. Theoretically, we bridge S-DPO with the softmax loss over negative
sampling and find that it has an inherent benefit of mining hard negatives, which
assures its exceptional capabilities in recommendation tasks. Empirically, extensive
experiments conducted on three real-world datasets demonstrate the superiority
of S-DPO to effectively model user preference and further boost recommendation
performance while providing better rewards for preferred items. Our codes are
available at https://github.com/chenyuxin1999/S-DPO.

1 Introduction

Recommender systems aim to predict personalized rankings based on user preference data, i.e.,
historical interactions such as purchases, clicks, and ratings [1, 2]. Recently, leveraging the extensive
world knowledge and powerful reasoning abilities of language models (LMs) [3–6], LM-based recom-
menders have been broadly explored [7–9]. These recommenders convert historical interaction data
into language prompts and either perform in-context learning or fine-tune LMs, demonstrating notable
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advantages, including zero-shot and few-shot reasoning [10–13], enhanced generalization abilities
[14, 15], and rich semantic understanding [16–19]. However, current LM-based recommenders
typically utilize language modeling loss for personalized ranking objectives—predicting the next to-
ken—which significantly differs from the objective of modeling user preferences in recommendation
tasks [20, 21].

We argue that the current objective of LM-based recommenders does not fully utilize preference data
and is not optimized for personalized ranking tasks, thereby hindering recommendation performance.
Most LM-based recommenders address recommendation tasks by leveraging specialized language
prompts [14, 17, 22–24], incorporating collaborative signals as a new modality [18, 19, 25], or
extending the vocabulary of LMs with item tokens [16, 26–30]. Typically, these recommenders pair
each language prompt, including the user’s historical interaction item lists, with a single positive item
and then update LM parameters using language modeling loss [14, 19]. Despite being designed for
recommendation tasks, these LM-based recommenders do not consider negative items and are not
directly optimized for personalized rankings. Such a training paradigm fails to fully leverage user
preference data and overlooks the role of negative items in recommendations, thereby impeding the
alignment of LMs with user preferences.

Inspired by the success of using human-labeled data to align LMs with human preferences [31–33]
and advancements in direct preference optimization (DPO) [34–36], we make progress on aligning
LMs with recommendations by fine-tuning them to predict the next item in accordance with the user’s
preference. This preference alignment stage aims to instill ranking information into the LMs and
help recommenders distinguish preferred items from negatives, rather than solely focus on positives.

Towards this end, we incorporate multiple negatives in user preference data and devise an alternative
version of DPO loss tailored for recommendation, connected to softmax sampling strategies [20, 37–
39], which we call S-DPO. Specifically, we first devise supervised fine-tuning to inject domain
knowledge and improve LM’s ability to follow the instructions before preference alignment phase,
following [14, 33]. In the preference alignment stage, instead of constructing solely positive pairs, we
initially pair each language prompt with both positive and randomly sampled multiple negatives to
build text-based preference data. Building upon these preference data, we extend conventional DPO
with the Bradley-Terry preference model [34, 40] on pairwise data to the Plackett-Luce preference
model [41, 42], which handles relative rankings among multiple samples. Furthermore, we generalize
the traditional Plackett-Luce preference model, which is designed for full relative rankings, to
accommodate partial rankings, a more natural fit for recommendation tasks.

Benefiting from the multiple negatives in preference data, S-DPO offers three appealing properties.
On the one hand, S-DPO serves as the first specialized personalized ranking loss for LM-based rec-
ommenders, effectively utilizing multiple negatives and acknowledging the importance of preference
data. Empirically, we demonstrate that it provides more effective ranking gradients and better rewards
for preferred items compared with DPO (cf. Section 4.2). On the other hand, we theoretically bridge
the DPO loss with the pairwise BPR loss [43] over pairwise data and connect S-DPO with the softmax
loss over negative sampling (also known as contrastive loss in self-supervised recommendations,
which achieves state-of-the-art performance [37, 44, 45]). This connection naturally underscores the
ranking performance of S-DPO and highlights the critical role of multiple negatives. Furthermore,
gradient analysis demonstrates that S-DPO has an inherent benefit of mining hard negative examples
similar to contrastive learning paradigm [38], which not only boosts the performance but also acceler-
ates the training process (cf. Section 3.1), assuring its exceptional capabilities in recommendation
tasks.

Overall, our contributions can be concluded as follows:

• We are among the first to point out that the widely used language modeling loss in LM-based
recommendation is not designed for ranking tasks and fails to fully utilize user preference data,
thereby hindering recommendation performance.

• We propose S-DPO, an alternative version of DPO loss extended from the traditional Plackett-Luce
preference model, incorporating multiple negatives to instill ranking information into LM and
tailoring for LM-based recommenders.

• We theoretically bridge S-DPO with the softmax loss over negative sampling to highlight the
critical role of multiple negatives and find its inherent benefit of mining hard negatives, assuring its
capabilities.
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Figure 1: Framework of S-DPO. Different from existing methods which fine-tune LMs with a
language modeling loss without tailoring for recommendations, S-DPO proposes to explicitly instill
ranking information into LMs. To take one step further, S-DPO incorporates multiple negatives in
user preference data and generalizes pairwise DPO loss to softmax ranking loss.

2 Preliminary

In this section, we first formalize sequential recommendation as the task of aligning language
models (LMs) with user preferences. Then, we discuss the general framework of current LM-based
recommenders that utilizes language modeling loss to fine-tune LMs. Finally, we outline the training
process widely used to align LMs with human preferences, including reinforcement learning from
human feedback (RLHF) and direct preference optimization (DPO).

Task Formulation. Given the historical interactions Hu of one user u in chronological order,
the goal of LM-based sequential recommender Mθ, where θ represents trainable parameters, is to
select the item ip preferred by user u from candidate set C = {ij}Nj=1, where N is the number of
candidates. This task requires that item ip be preferred over the other candidate items, denoted by
Id = C\{ip}. This requirement explicitly defines a multi-negative preference understanding for
LM-based recommenders, which can be formulated as follows:

∀id ∈ Id, ip ≻u id, (1)

wherein ≻u stands for the preference of user u.

Fine-tuning LM-based recommenders. Current LM-based recommenders widely adopt super-
vised fine-tuning (SFT) [33] on recommendation-specific data to enhance their performance [7, 9].
Generally, this involves two steps: structuring recommendation data as text-based pairs and then
fine-tuning LMs based on these pairs. In the first step, for user u, a recommendation task prompt
xu encompasses the user’s historical interactions Hu, the candidate item set C, and a description of
the sequential recommendation task. This prompt xu is paired with the title of the preferred item ip
in the candidate set C, denoted as ep, to form the pair data (xu, ep). In the second step, the (xu, ep)
pairs are utilized to fine-tune the LM-based recommender Mθ through language modeling loss. This
loss, commonly used in SFT in language modeling tasks, implicitly treats the recommendation task
as predicting the next token based on preceding tokens. Formally, the objective of optimizing the
LM-based recommender Mθ with pair data (xu, ep) can be formulated as:

max
θ

∑
(xu,ep)

|ep|∑
t=1

log(Pθ((ep)t|xu, (ep)<t), (2)

where |ep| is the number of tokens in ep, (ep)t is the t-th token of ep and (ep)<t is the tokens
preceding (ep)t.

However, recommendation tasks are essentially user preference alignment tasks, as formalized in
the above task formulation, and differ from language modeling tasks that consider only positive
responses. Such a gap necessitates further exploration into aligning LM-based recommenders with
user preference, an area that has been underexplored.

RLHF pipeline and DPO. Recent studies in natural language processing (NLP) explore the use of
human-labeled pairwise data as a reward signal to align LMs with human preferences, such as RLHF
[33] and DPO [34]. Specifically, the RLHF [33] pipeline adds two additional phases after the SFT
phase: reward model training and reinforcement learning (RL) optimization. After obtaining the SFT
model πSFT, RLHF further optimizes it with pairwise preference data.
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Inspired by the success of RLHF in NLP, we leverage RLHF to inject recommendation-specific user
pairwise preference into LM-based recommenders. Let E = {ej}Nj=1 denote the title set of candidate
items, where ej denotes the title of item ij . Given two items ij , ik ∈ C, the user preference ij >u ik
can be seamlessly transformed into a response preference, stipulating that ej is preferred over ek
when presented with prompt xu, denoted as ej ≻ ek|xu. By sampling one dispreferred item id from
dispreferred candidate set Id, we can curate a preference dataset {(ep, ed, xu)}.

After that, RLHF utilizes a preference model for preference distribution modeling, such as Bradley-
Terry (BT) model [40]. This preference model assumes there is a latent function r(xu, ej) representing
the reward of prompt-response pair (xu, ej). The bigger reward r(xu, ej) means the more user u
prefers item i. From this perspective, reward function r(xu, ej) serves as a scoring function that
quantifies the preference of user u to item i. Besides, the preference model defines a mapping from
the reward function r(xu, ej) to a preference distribution pr(ej ≻ ek|xu). Based on preference
distribution, an optimal reward function is trained by maximizing the likelihood of preference data.
The training objective of this phase is as follows:

LRM = −E(xu,ep,ed)[log pr(ep ≻ ed|xu)]. (3)

Let πθ(e|xu) be the probability that LM-based recommender Mθ output title e given prompt xu.
The final reinforcement learning phase aims to maximize the expected reward of policy while not
deviate too far from the reference model, formulating the following objective for optimal policy:

max
πθ

Exu∼D,e∼πθ(e|xu)[r(xu, e)]− βDKL[πθ(e|xu)||πref(e|xu)], (4)

where D denotes the distribution of xu and πref = πSFT.

A recent study, DPO [34], theoretically proves the optimal policy in a closed form to Eq.(4) is

π∗(e|xu) =
1

Z(xu)
πref(e|xu)exp

(
1

β
r(xu, e)

)
, (5)

which is equivalent to

r(xu, e) = β log
π(e|xu)

πref(e|xu)
+ β logZ(xu), (6)

where Z(xu) =
∑

e πref(e|xu)exp
(

1
β r(xu, e)

)
is the partition function.

By defining pr(ep ≻ ed|xu) as σ(r(xu, ep)− r(xu, ed)) in Eq.(3) according to the BT model used
in RLHF and substituting term r(xu, e) in Eq.(3) with Eq.(6), the last two phases of RLHF pipeline
can be equivalently transformed into optimizing DPO loss below:

LDPO = −E(xu,ep,ed)

[
log σ

(
β log

πθ(ep|xu)

πref(ep|xu)
− β log

πθ(ed|xu)

πref(ed|xu)

)]
, (7)

wherein σ(x) is the sigmoid function.

DPO is able to directly extract the optimal policy from pairwise preference data, making it more
practical for preference alignment than RLHF. Nevertheless, DPO and RLHF are usually designed
for pairwise preference. The oversight of other negative items impedes the performance of the
LM-based recommenders. To bridge the gap, we expand DPO to S-DPO in recommendation tasks, in
consideration of multiple negative items.

3 Methodology

3.1 Derivation of S-DPO loss

To align LM-based recommender Mθ with multi-negative preference, we first derive the preference
distribution and then propose a new loss function called S-DPO (depicted in Figure 1).
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Multi-negative Preference Distribution. As mentioned in Section 2, for user u, there is a partial
ranking stipulating ip ≻u id,∀ id ∈ Id in sequential recommendation tasks. Let Ed be the titles of
dispreferred items Id. The aforementioned partial ranking is equivalent to ep ≻ ed|xu,∀ed ∈ Ed,
from which a multi-negative preference dataset {xu, ep, Ed} can be curated in an analogous way to
RLHF.

For the dataset pairing one preferred item with multiple dispreferred items, we leverage the Plackett-
Luce (PL) model [41, 42] to build preference distribution. Given prompt xu, K titles e1, e2, · · · , eK
and a permutation τ : [K] → [K] reflecting the user preference, with τ(j) denoting the j-th element
of permutation τ , the PL model estimates that the ranking eτ(1), eτ(2), · · · , eτ(K) turns out true, as:

p(τ |e1, e2, · · · , eK , xu) =

K∏
j=1

exp
(
r(xu, eτ(j))

)
ΣK

l=jexp(r
(
xu, eτ(l))

) . (8)

By enumerating all the permutations starting with p and calculating sum of their probability given by
the PL model, the final multi-negative preference distribution p∗ can be derived as:

p∗(ep ≻ ed,∀ed ∈ Ed|xu) =
exp(r(xu, ep))∑K
j=1 exp(r(xu, ej))

. (9)

For brevity, the complete derivation is delegated to Appendix A.1.

Deriving S-DPO. By substituting reward function r(xu, e) in Eq.(9) with Eq.(6), the multi-negative
preference distribution can be rewritten as:

p∗(ep ≻ ed,∀ ed ∈ Ed|xu) =
1

1 +
∑

ed∈Ed
exp

(
β log π(ed|xu)

πref (ed|xu)
− β log

π(ep|xu)
πref (ep|xu)

) . (10)

Through plugging distribution given by Eq.(10) in the reward learning objective in Eq.(3), our S-DPO
loss can be formulated for policy πθ as:

LS−DPO(πθ;πref) = −E(xu,ep,Ed)∼D

[
log σ

(
−log

∑
ed∈Ed

exp

(
β log

πθ(ed|xu)

πref(ed|xu)
− β log

πθ(ep|xu)

πref(ep|xu)

))]
.

(11)

Notably, when the number of candidates N is 2, which means there is only one dispreferred item,
S-DPO reduces to DPO. The proof is provided in Appendix A.2.

Gradient Analysis. We conduct gradient analysis on S-DPO. The gradient of LS−DPO with respect
to parameters θ takes the following formulation:

∇θLS−DPO(πθ;πref) =

− βE(xu,ep,Ed)

[
σ

(
log

∑
ed∈Ed

exp(g(ed, ep, xu))

)
︸ ︷︷ ︸

higher weight when reward deviates from preference

·
[
∇θ log πθ(ep|xu)−

∑
ed∈Ed

∇θ log πθ(ed|xu)∑
e′d∈Ed

exp(g(e′d, ed, xu))︸ ︷︷ ︸
higher weight when reward is larger

]]
,

wherein g(ej , ek, xu) = rθ(xu, ej)− rθ(xu, ek) and similar to DPO, rθ(xu, e) = βlog πθ(e|xu)
πref (e|xu)

is
the implicit reward function defined by πθ. See Appendix A.3 for a complete derivation.

Recap the DPO gradient below:

∇θLDPO(πθ;πref) = −βE(xu,ep,ed)

[
σ(g(ed, ep, xu))︸ ︷︷ ︸

higher weight when reward is wrong

· [∇θ logπθ(ep|xu)−∇θ logπθ(ed|xu)]

]
.

Similar to DPO, the gradient of S-DPO loss increases the likelihood of the preferred item and
decreases the likelihood of all the dispreferred items. Each example is also weighed by how much the

5

27467 https://doi.org/10.52202/079017-0863



implicit reward r(xu, e) deviates from the preference data. However, compared with DPO, S-DPO
harnesses information of multiple dispreferred items in this weight.

Moreover, S-DPO treats gradients of different negative (dispreferred) items differently by as-
signing the gradient of each negative item with an extra weight 1∑

ϵ′
d
∈Ed

exp(g(e′d,ed,xu))
=

exp(rθ(xu,ed))∑
ϵ′
d
∈Ed

exp(rθ(xu,e′d))
. This term reflects the relative reward of each negative item compared with

other negative items. Similar to [38], we can categorize negative items into two categories: (1) Hard
negative items, whose reward rθ(xu, ed) = β πθ(ed|xu)

πref (ed|xu)
is relatively high, making it more probable

to be chosen by LM-based recommenders; (2) Easy negative items, whose reward rθ(xu, ed) is
relatively low, making it less likely to be output. For hard negative items, the extra weight term

exp(rθ(xu,ed))∑
ϵ′
d
∈Ed

exp(rθ(xu,e′d))
tends to be larger, leading to more decline for likelihood. This mechanism

makes LM-based recommenders more discriminative and endows S-DPO with more effectiveness
and stability than DPO.

3.2 Properties of S-DPO

In this section, we will discuss the structural correlation between DPO and BPR [43], together with
S-DPO and softmax loss [39], which demonstrates the advantage of S-DPO over DPO and language
modeling loss.

For user u, preferred item ip and one dispreferred id ∈ Id, BPR loss takes the form:

LBPR = −E(u,ip,id) [log σ (f(u, ip)− f(u, id))] , (12)

wherein f(u, i) represents preference score of user u for item i.

Similarly, given dispreferred item set Id, the softmax loss takes the form:

Lsoftmax = −E(u,ip,Id)

[
log σ

(
−log

∑
id∈Id

exp (f(u, id)− f(u, ip))

)]
. (13)

Review the DPO loss in Eq.(7) and S-DPO loss in Eq.(11). Notably, term β log πθ(e|xu)
πref (e|xu)

is the
implicit reward function, denoted by rθ(xu, e) in Section 3.1. According to Section 2, rθ(e, xu)
reflects the preference of user u to item i corresponding to title e. When the reference model has
no knowledge about recommendation, i.e., when πref(e|xu) is approximately a uniform distribution,
term rθ(xu, e) = β log πθ(e|xu)

πref (e|xu)
exactly reveals absolute preference. Hence, rθ(xu, e) possesses a

similar function to f(u, i) .

From this perspective, DPO and S-DPO can be seen as special patterns of BPR and softmax loss,
respectively. Given the effectiveness of BPR and InfoNCE loss in recommendation, we argue that
sampled-based loss which explicitly compares preferred and dispreferred items such as DPO and
S-DPO is more suitable for training LM-based recommenders than only utilizing language modeling
loss. Moreover, as softmax loss works better than BPR loss in multi-negative scenarios [20], it can be
inferred that S-DPO will be more tailored for multi-negative user preference alignment than DPO.

4 Experiments

In this section, we aim to answer the following research questions:

• RQ1: How does S-DPO compare with traditional and LM-based sequential recommendation
models on performance?

• RQ2: How does the LM-based recommender benefit from the multiple negatives in S-DPO?
• RQ3: What are the impacts of the essential parameters (β) on S-DPO?

Baselines. We thoroughly compare S-DPO with three categories of recommenders in sequential
recommendations: traditional recommenders (GRU4Rec [46], Caser [47], SASRec [48]), LM-
enhanced recommenders (MoRec [49]) and LM-based recommenders (LLaMA2 [32], Chat-REC

6
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Table 1: The performance comparison on three real-world datasets. “Rel.Ipv” denotes the relative
improvement of S-DPO compared with baselines.

Goodreads LastFM MovieLens
HR@1 ValidRatio Rel.Ipv HR@1 ValidRatio Rel.Ipv HR@1 ValidRatio Rel.Ipv

Traditional GRU4Rec 0.3867 1.0000 70.91% 0.2616 1.0000 153.36% 0.3750 1.0000 40.35%
Caser 0.4174 1.0000 58.34% 0.2233 1.0000 196.82% 0.3861 1.0000 36.31%

SASRec 0.3581 1.0000 84.56% 0.2233 1.0000 196.82% 0.3444 1.0000 52.82%

LM-based LLaMA2 0.0233 0.3845 2736.48% 0.0246 0.3443 2594.31% 0.0421 0.4421 1150.12%
ChatRec 0.3306 1.0000 99.91% 0.3770 1.0000 75.81% 0.2000 0.9895 163.15%
MoRec 0.2877 1.0000 129.72% 0.1652 1.0000 301.21% 0.2822 1.0000 86.50%

TALLRec 0.4983 0.9573 32.63% 0.4180 0.9836 58.56% 0.3895 0.9263 35.12%
LLaRA 0.5292 0.9950 24.89% 0.4508 0.9918 47.03% 0.4737 0.9684 11.10%

Ours S-DPO 0.6609 0.9900 - 0.6628 0.9992 - 0.5263 0.9895 -

[15], TALLRec [14], LLaRA [19]). See detailed introduction and comparison of baselines in
Appendix B.

Datasets. We conduct extensive experiments on three real-world benchmark datasets which differ
in size and domain (Movielens [50], Goodreads3, and LastFM [51]). Following standard settings of
[15, 19], we employ a commonly used metric Hit Ratio@1 (HR@1) for performance evaluation and
an additional metric Valid Ratio to evaluate the LM-based methods’ ability to generate appropriate
responses. See detailed introductions of datasets and evaluation metrics in Appendix B.

Implementation. We implement all LM-based recommenders on 4 NVIDIA A100 GPUs. For all
LM-based recommenders, we conduct a supervised fine-tuning stage for a maximum of 5 epochs. For
S-DPO and its variants, we conduct a preference alignment stage for a further 3 epochs. Different
from existing methods, we only optimize loss on item titles and find it effective in recommendation
tasks. Refer to Appendix B for more implementation details.

4.1 Overall Performance Comparison (RQ1)

Table 1 presents a comparative analysis of the performance of our proposed S-DPO and baselines.
Bold and underlined indicate the best and the second-best performance, respectively. We observe
that:

• LM-based recommenders have driven impressive performance breakthroughs compared with
traditional recommenders. Our results reveal that traditional recommenders outperform untuned
LM-based recommenders (LLaMA, ChatRec) but fall short compared to LM-based recommenders
fine-tuned on historical interactions (TALLRec and LLaRA). It is noted that untuned LM-based
recommenders are limited by inadequate instruction-following capabilities (indicated by a low
valid ratio) or a lack of domain-specific knowledge (indicated by a suboptimal performance), which
highlights the necessity of the supervised fine-tuning stage to further ground the inherent ability
of language models down to sequential recommendation tasks. Moreover, MoRec also exhibits
suboptimal performance compared to its traditional variant because it leaves the reasoning ability
of LM untouched. The superior performance of recent LM-based recommenders indicates the
significant roles of knowledge and reasoning ability in language models for recommendation tasks
in semantically informative datasets, which highlights the potential of LM-based recommenders.

• Tailoring language models for recommendation task further boosts the performance of LM-
based recommenders. For LM-based recommenders, the substantial performance gap between fine-
tuned and untuned approaches emphasizes the importance of tailoring models for recommendations.
TALLRec adapts LM for recommendation by supervised fine-tuning LM on historical interactions,
surpassing traditional recommenders. Additionally, LLaRA consistently outperformed TALLRec
across all datasets, suggesting that introducing collaborative signals through appropriate item
representations is a viable direction for further adapting LM. However, existing LM-based methods
adapt LM from either item representation methods or corpus construction, leaving the adaptation of
optimization objectives unexplored. Instead, S-DPO aligns the language model with multi-negative

3https://www.goodreads.com
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(a) Ablation study. (b) Study of validation loss. (c) Study of preferred item reward.
Figure 2: Study on S-DPO. (2a) Ablation study of S-DPO compared with SFT and DPO on three
datasets. (2b) Comparison of the trend of validation loss between DPO and S-DPO on LastFM. (2c)
Comparison of the reward of preferred items between DPO and S-DPO on LastFM.

user preference data by extending DPO to include a softmax ranking loss, making it a more
appropriate loss function for recommendation tasks.

• S-DPO consistently outperforms all traditional recommenders and the state-of-the-art LM-
based recommenders on all datasets. S-DPO shows an improvement ranging from 11.10% to
47.03% on Hit Ratio@1 compared to the second-best baseline. Building on a supervised fine-
tuning stage, we observe a further improvement to the preference alignment stage, which explicitly
instills ranking information into LM and utilizes preference data with multiple negative samples.
Such superior performance suggests that explicitly tailoring LM for recommendation using user
preference data at the training objective level is more effective than other LM-based recommenders.
By leveraging the inherent abilities of the LM and incorporating ranking information from user
preference data, S-DPO effectively differentiates between preferred and less preferred items.
Notably, the preference alignment stage hardly harms the inherent ability of LM, illustrated by a
high valid ratio.

4.2 Study on S-DPO

Ablation Study. To investigate the effect of explicit ranking optimization and multiple negative
samples of S-DPO, we compare it with the vanilla supervised fine-tuned model (w/o ranking), and
a variant of S-DPO with only a single negative sample (w/o multi-neg), downgrading to pairwise
DPO loss. The experimental results are reported in Figure 2a. We can observe that DPO can achieve
an overall better performance compared to SFT, which underscores the effectiveness of instilling
ranking relationships into existing LM-based recommenders. With a more effective ranking gradient
provided by multiple negative samples, S-DPO can further boost performance and achieve the best
among all baseline methods and variants.

Study on the number of negative samples (RQ2). Benefiting from the utilization of multiple
negative pairs in preference data, our S-DPO offers two empirically appealing properties compared
to DPO: 1) S-DPO has more effective gradients facilitating the optimization; 2) S-DPO provides a
better boost for rewards of preferred items compared to DPO. Figure 2b provides the comparison of
validation loss between S-DPO and DPO, illustrating that the loss of S-DPO decreases faster and
more significantly. This observation demonstrates that multiple negative pairs provide larger and
more meaningful gradients for model optimization, which is attributed to the inherent benefit of
S-DPO to mine negative samples [38] (cf. Section 3.1).

On the other hand, we study the behavior of S-DPO which is illustrated in Figure 2c. We surprisingly
find that S-DPO exhibits continually increasing rewards of preferred items that are more significant
and stable than DPO, which shows better effectiveness in distinguishing preferred items and a
potential of mitigating data likelihood decline issues[52, 53].

To further verify the superiority of the multiple negative samples of S-DPO compared with DPO, we
select the number of negative samples from {1, 3, 5, 8, 10, 15} to conduct experiments to explore the
potential of the number of negative samples, with the results depicted in Figure 3a. It can be observed
that utilizing multiple negative samples allows the model to achieve better performance than with
a single one. Furthermore, as the number of negative samples increases, the model’s performance
exhibits continual improvements. We attribute this success of S-DPO to more effective ranking
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Table 2: Effectiveness comparison between DPO with single negative, a variant of DPO with multiple
negatives and S-DPO with the same number of negatives (we set K as 3 to get the performance in
this table).

.
Datasets LastFM MovieLens Goodreads Complexity
Measure HitRatio@1 ValidRatio HitRatio@1 ValidRatio HitRatio@1 ValidRatio
DPO-1negative 0.6342 0.9972 0.4947 0.9684 0.6381 0.9900 Θ(2CMSt)
DPO-Knegative 0.6413 0.9964 0.4947 0.9474 0.6628 0.9900 Θ(2KCMSt)
S-DPO-Knegative 0.6477 0.9980 0.5263 0.9895 0.6661 0.9950 Θ((K + 1)(CM + 1)St)

(a) Study of negative samples. (b) Study of β on Hit Ratio@1. (c) Study of β on Valid Ratio.

Figure 3: Studies on values of β and negative samples numbers of S-DPO on LastFM. (3a) Perfor-
mance comparisons with varying numbers of negative samples (β = 1). (3b) Performance comparisons
with varying values of β setting negative samples number as 3. (3c) Validity comparisons with varying
values of β setting negative samples number as 3.

gradients provided by multiple negatives which can be connected to the superior performance of
contrastive loss in self-supervised recommendations [38, 39, 54].

To validate the superiority of S-DPO over the DPO variant with multi-negatives, we conduct effec-
tiveness and efficiency comparisons. Table 2 demonstrates that introducing more negative samples
benefits both DPO and S-DPO, and S-DPO achieves comparable performance with fewer training
steps. We further analyze how S-DPO outperforms DPO in terms of computational efficiency. While
the complexity of DPO for K negative samples is Θ(2KCMSt), where CM + 1 denotes the base
LLM’s computational complexity and St represents the size of the training data, S-DPO’s complexity
for the same number of negatives is reduced to Θ((K + 1)(CM + 1)St). This efficiency gain can be
expressed by scaling the complexity of DPO by the factor 1

2 + 1
2K + 1

2CM
+ 1

2KCM
, highlighting

that S-DPO offers significant advantages, especially when working with a larger number of negative
samples.

Study on values of β (RQ3). In S-DPO, β is a hyperparameter controlling the deviation of LM
from the base reference policy [34]. Typically, a smaller value of β implies that the language model is
more heavily influenced by the preference signals and vice versa. In this section, we select the value
of β from {0.1, 0.5, 1, 3, 5} to explore the effect of β on S-DPO. As indicated in Figure 3b through
3c, a higher β can achieve overall better performance in our task, while a lower β may overwhelm
the model’s learned knowledge from the supervised fine-tuning stage, as evidenced by both low valid
ratio and hit ratio. On the other hand, an excessively large β prevents the model from effectively
learning ranking relationships, leading to suboptimal performance. In all our main experiments
and studies, we set β as 1 to achieve a balance between ranking signals and inherent knowledge of
language models.

5 Related Work

5.1 LM for Recommendation

Recent advancements in recommendation systems have increasingly incorporated Language Models
(LMs) due to their extensive knowledge and robust reasoning abilities. This integration occurs
primarily in two forms: LM-enhanced recommenders and LM-based recommenders. LM-enhanced
recommenders utilize LM embedding as semantic representations to provide contrastive signals
[55–58] or utilize LM as advanced feature extractors improving the representation of user and
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item features [59–61]. However, these systems still rely on traditional recommenders for the final
recommendation task, which leaves the reasoning ability of LM largely untouched.

On the other hand, LM-based recommenders directly employ LMs for making recommendations.
Early works leverage LMs’ in-context learning capabilities for zero-shot or few-shot recommenda-
tions, demonstrating significant potential [10–12, 15]. However, untuned LM-based recommenders
are limited by inadequate instruction-following capabilities and a lack of domain-specific knowledge.
To bridge this gap, recent efforts in this category include supervised fine-tuning of LMs on the histori-
cal interactions to enhance their performance in recommendation tasks [14, 17, 23, 24, 27]. More
recently, researchers have discovered that exploring item representation methods in the finetuning
phase may further boost LM’s ability for recommendation [30]. This branch of works includes
integrating collaborative signals [18, 19, 25, 62–64], adjusting numeric representations [22, 65, 66]
or introducing additional item tokens [16, 26, 28, 29].

However, existing finetuned methods follow the training objective of language generation without
any specific adjustments for personalized ranking. Different from them, S-DPO proposes to explicitly
optimize item ranking information on preference data.

5.2 Preference Alignment of Language Models

Reinforcement Learning from Human Feedback (RLHF) [31–33] is a prevalent method of LMs
to learn from human preferences. The RLHF pipeline comprises reward model training and rein-
forcement learning (RL) optimization, the latter of which suffers instability and inefficiency. Direct
Preference Optimization (DPO) [34] bypasses the brittle RL phase via a particular reward model
parameterization and is thus simpler to implement while still keeping the performance of RLHF.

DPO proves to be effective in many scopes, like NLP [34, 67] and multimodal LMs [35, 68–70].
Besides, several variants have been proposed for further improvement of DPO. ΨPO [71] is a
generalization of DPO loss and its representative IPO can better overcome the problem of overfitting.
ODPO [36] treats preference pairs differently by stipulating that the likelihood gap of two responses
should be greater than a corresponding offset value. KTO [72] utilizes prospect theory for preference
alignment tasks. Other variants including GPO [73], f -DPO [74], RSO [75] also enhance or expand
DPO in various aspects. Despite these contributions, the possibilities for leveraging and further
adapting DPO for recommendation are still largely unexplored and few studies discuss extending
DPO to handle multi-negative scenarios.

6 Limitation

Despite effectiveness, there are several limitations not addressed in this paper. On the one hand, the
number of negative samples is capped at 15 in our experiments. The potential of multiple negative
samples hasn’t been fully explored due to the limited time and computation resources. On the
other hand, increasing the number of negative examples inevitably results in higher training costs,
a phenomenon that becomes more pronounced as the number of negative examples grows in the
context of language models.

7 Conclusion

In this work, we devised a principled Softmax-DPO (S-DPO) loss specially tailored for LM-based
recommenders, utilizing multiple negatives in preference data to explicitly instill ranking information
into LM. Empirically, S-DPO surpasses all baseline models including traditional and LM-based
methods on three datasets in sequential recommendation tasks while successfully providing better
rewards for preferred items compared to DPO. Grounded by theoretical proof, we bridge S-DPO
with the softmax loss in self-supervised recommendations, underscoring the ranking performance
of S-DPO and highlighting the critical roles of multiple negatives. Also, we theoretically find that
S-DPO has an inherent benefit to mine hard negatives which provide larger and more effective
gradients to model optimization, assuring its exceptional capabilities in recommendation tasks. We
believe that S-DPO, as a generalization of DPO, provides valuable insights for future LM-based
recommenders and has the potential to benefit research fields other than recommender systems4.

4Thc extension to broader impact will be detailed in Appendix D
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A Mathematical Derivations

A.1 Deriving Preference Distribution

The PL model takes the form:

p∗(τ |ee, i2, · · · , eK , xu) =

K∏
j=1

exp
(
r(xu, eτ(j))

)
ΣK

l=jexp(r
(
xu, eτ(l))

) . (14)

.

The ranking in multi-negative preference data is ep ≻ ed|xu,∀ed ∈ Ed. Our new preference
distribution that estimates the probability of the ranking can be derived:

p∗(ep ≻ ed,∀ ed ∈ Id|xu, ep, Ed) =
∑

τ∈{τ ′|τ ′(1)=p}

p∗(τ |xu, ep, Ed)

=
∑

τ∈{τ ′|τ ′(1)=p}

K∏
j=1

exp
(
r(xu, eτ(j))

)∑K
l=j exp

(
r(xu, eτ(l))

)
=

exp(r(xu, ep))∑K
j=1 exp(r(xu, ej))

×
∑

τ ′∈Per(ind(Id))

K−1∏
j=1

exp
(
r(xu, eτ ′(j))

)∑K−1
l=j exp(r(xu, eτ ′(l)))

=
exp(r(xu, ep))∑K
j=1 exp(r(xu, ej))

×
∑

τ ′∈Per(ind(Id))

p∗(τ ′|xu, Ed)

=
exp(r(xu, ep))∑K
j=1 exp (r(xu, ej))

,

wherein ind(Ed) denotes the indices of titles in Ed and Per(ind(Ed)) denotes the set of permutations
of index set ind(Ed). The third equation is because a permutation of {1, 2 · · · ,K} starting with p
can be divided into the prefix p and a subsequent permutation of the rest indices, which is exactly
Per(ind(Ed)).

A.2 Connection Between DPO and S-DPO

When N = 2, the following equations hold:

LS−DPO(πθ;πref) (Eq.(11))

= −E(xu,ep,Ed)

[
log σ

(
−log

∑
ed∈Ed

exp

(
β log

πθ(ed|xu)

πref(ed|xu)
− β log

πθ(ep|xu)

πref(ep|xu)

))]

= −E(xu,ep,ed)

[
log σ

(
−log exp

(
β log

πθ(ed|xu)

πref(ed|xu)
− β log

πθ(ep|xu)

πref(ep|xu)

))]
(N = 2)

= −E(xu,ep,ed)

[
log σ

(
β log

πθ(ep|xu)

πref(ep|xu)
− β log

πθ(ed|xu)

πref(ed|xu)

)]
= LDPO(πθ;πref).

Therefore, DPO is a special case of S-DPO.

A.3 Deriving the Gradient of S-DPO Loss

Let V (θ; ed) = g(ed, ep, xu) = β log πθ(ed|xu)
πref (ed|xu)

− β log
πθ(ep|xu)
πref (ep|xu)

and the S-DPO loss takes the
following form:

LS−DPO(πθ;πref)

= −E(xu,ep,Ed)

[
log σ

(
−log

∑
ed∈Ed

exp(V (θ; ed))

)]
(15)
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The gradient of V (θ; ed) can be formulated as:

∇θ V (θ; ed) = β(∇θ log πθ(ed|xu)−∇θ log πθ(ep|xu)) (16)

Using properties of the sigmoid function that σ′(x) = σ(x)(1 − σ(x)) = σ(x)σ(−x) and thus
((log σ(x))

′
= 1

σ(x) × σ(x)σ(−x) = σ(−x), we have:

∇θ LS−DPO(πθ;πref)

= −E(xu,ep,Ed)

[
∇θ log σ

(
−log

∑
ed∈Ed

exp(V (θ; ed))

)]

= E(xu,ep,Ed)

[
σ

(
log

∑
ed∈Ed

exp(V (θ; ed))

)
· ∇θ log

∑
ed∈Ed

exp(V (θ; ed))

]
((logσ(x))′ = σ(−x))

= E(xu,ep,Ed)

[
σ

(
log

∑
ed∈Ed

exp(V (θ; ed))

)
·
∑

ed∈Ed
exp(V (θ; ed)) · ∇θ V (θ; ed)∑
e′d∈Ed

exp(V (θ; e′d))

]

= −βE(xu,ep,Ed)

[
σ

(
log

∑
ed∈Ed

exp(V (θ; ed))

)
·
∑

ed∈Ed

∇θ log πθ(ep|xu)−∇θ log πθ(ed|xu)∑
e′d∈Ed

exp(V (θ; e′d)− V (θ; ed))

]
(Eq. (16))

= −βE(xu,ep,Ed)

[
σ

(
log

∑
ed∈Ed

exp(g(ed, ep, xu))

)
·
∑

ed∈Ed

∇θ log πθ(ep|xu)−∇θ log πθ(ed|xu)∑
e′d∈Ed

exp(g(e′d, ed, xu))

]
(Definition of V (θ; ed))

= −βE(xu,ep,Ed)

[
σ

(
log

∑
ed∈Ed

exp(g(ed, ep, xu))

)
·

[
∇θ log πθ(ep|xu)−

∑
ed∈Ed

∇θ log πθ(ed|xu)∑
e′d∈Ed

exp(g(e′d, ed, xu))

]]
The last equation is because:∑

ed∈Ed

1∑
e′d∈Ed

exp(g(e′d, ed, xu))
=

∑
ed∈Ed

exp(V (θ; ed))∑
e′d∈Ed

exp(V (θ; e′d))
= 1

B Experimental Settings

B.1 Baselines

We compare the performance of S-DPO, against both traditional and LM-based baselines to showcase
the effectiveness of our method. Specifically, for traditional methods, we have:

• GRU4Rec [46] utilizes the GRU (Gated Recurrent Unit) architecture to model sequences, enabling
effective prediction in recommendation tasks.

• Caser [47] employs both horizontal and vertical convolutional operations to enhance the capture of
high-order interactions within item sequences, improving recommendation accuracy.

• SASRec [48] incorporates a multi-head self-attention mechanism in its self-attentive sequential
recommendation model, facilitating the modeling of intricate sequential data patterns.

For LM-enhanced method, we have:

• MoRec [49] advances traditional recommendation systems by incorporating the modality features
of items instead of the id feature. we employ BERT for the text encoder and SASRec for the
recommendation architecture.

For LM-based methods, we have:

• LLaMA2 [32] utilized vanilla LLaMA2-7B to directly generate recommendation results through
direct prompting.
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Table 3: Statistics of datasets.

Dataset MovieLens Goodreads LastFM

#Sequence 943 6,031 1,220
#Items 1,682 4,500 4,606

#Interactions 100,000 220,100 73,510

• Chat-REC [15] is implemented based on the framework discussed in [15], we retain user interaction
sequences consisting of item titles as use profiles for a fair comparison. We use GPT4 [76] as its
primary large language model.

• TallRec [14] first propose to transform interaction sequences into textual prompts and then fine-
tunes large language models using domain-specific corpus.

• LLaRA [19] combines collaborative signals from traditional recommendation systems into the
fine-tuning of large language models for improved recommendation performance.

B.2 Datasets

To evaluate the effectiveness of S-DPO, we conduct experiments on three widely used real-world
datasets: Movielens [50], Goodreads5, and LastFM [51]. The statistics of datasets are illustrated
in Table 3. The MovieLens dataset is widely used for movie recommendation tasks and includes
user ratings and movie titles, we select the MovieLens100K dataset in our experiment. Similarly,
Goodreads is sourced from a social book cataloging website, where users can explore, rate, and
review a variety of books. LastFM dataset comprises users’ listening history and artists’ names from
the Last.fm online music platform. Following [19], we maintain their titles as textual descriptions for
each dataset. For Goodreads, we remove users and books with less than 20 interactions, which keeps
the same as the processing of MovieLens. For all datasets, we organize sequences chronologically
before dividing the data into training, validation, and testing sets in an 8:1:1 ratio to prevent any
potential information leakage.

B.3 Implementation Details

We implement all approaches with Python 3.9.7, PyTorch 2.2.2, and transformers 4.38.2 on 4 NVIDIA
A100s. We select Llama2-7B [32] as the LM backbone for S-DPO. Following [19], we randomly
select prompts from several prompt formats during training and evaluation to ensure flexibility
and generality. For optimization of all the traditional methods, the Adam optimizer is employed
with a learning rate adjusted to 0.001, and a batch size configured at 256. All models undergo L2
regularization, with coefficients experimentally determined from [1e-3, 1e-4, 1e-5, 1e-6, 1e-7]. In
all experiments involving large language models, we train each method for a maximum of 5 epochs
using a batch size of 128 and select the checkpoint with the lowest loss on the validation set as the
final checkpoint. A warm-up strategy is applied to the learning rate, starting at 5% of its maximum
value, and gradually adjusting it through a cosine scheduler throughout the training process. For
S-DPO and all of its ablation studies, we further conduct preference training for further 3 epochs with
a batch size of 128 and a learning rate of 1e-5. Setting the value of β as 1, we search the number of
negative samples in [3,5] for the main results. The effects of both factors are further explored in 4.2.

B.4 Evaluation Metrics

Given that LMs primarily produce textual responses rather than comprehensive item rankings, we
utilize a re-ranking metric in line with previous research [19] to assess recommendation performance.
For each sequence, a candidate set is constructed by randomly selecting 20 non-interacted items
and always includes the correct item. We assess all models based on their ability to pinpoint the
correct item within this candidate set, employing the HitRatio@1 (HR@1) metric for performance
evaluation. Following [19], we also introduce an additional metric called the Valid Ratio to evaluate
the LM-based methods’ adherence to instructions and their ability to generate appropriate responses.
Due to the difficulty LMs face in producing ranked results for candidate items, position-aware metrics
like NDCG are deemed unsuitable for this evaluation.

5https://www.goodreads.com
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Table 4: The performance comparison among three different backbone language models on LastFM
and MovieLens.

LLaMA1-7B Mistral-7B Pythia-2.8B
HR@1 ValidRatio HR@1 ValidRatio HR@1 ValidRatio

LastFM Vanilla 0.0465 0.5872 0.0633 0.3648 0.0265 0.3648
Language Modeling 0.5980 0.9980 0.7828 0.9992 0.1611 0.4281

DPO 0.6084 0.9976 0.7415 0.9964 0.1896 0.4220
S-DPO (3 negatives) 0.6285 0.9976 0.7679 0.9972 0.1948 0.4689
S-DPO (8 negatives) 0.6365 0.9988 0.7820 0.9972 0.2200 0.4685

MovieLens Vanilla 0.0316 0.5158 0.0842 0.6737 0.0421 0.4421
Language Modeling 0.3895 0.9684 0.4211 0.9895 0.1053 0.5684

DPO 0.3789 0.9684 0.4421 0.9684 0.1271 0.8449
S-DPO (3 negatives) 0.4526 0.9474 0.4421 0.9895 0.1271 0.8737
S-DPO (8 negatives) 0.4526 0.9579 0.4947 0.9895 0.1474 0.8737

C Study on Backbone Language Models

In order to examine whether the superiority of S-DPO loss over traditional language modeling loss
can be generalized across different backbone language models, we conducted experiments using
models with varying architectures and sizes, including LLAMA1-7b [77], Pythia-2.8b [78], and
Mistral-7b [79]. These models were tested on two distinct datasets: LastFM and MovieLens. We
evaluated three training approaches: language models fine-tuned with standard language modeling
loss, and models further trained using DPO and S-DPO losses. Due to limitations in computational
resources and time, we experimented with two variants of S-DPO: S-DPO (3 negatives) and S-DPO
(8 negatives). As shown in Table 4, S-DPO consistently outperformed the language modeling loss,
enhancing model performance while maintaining or even improving the validity of the generated
outputs. Additionally, the performance continued to improve as the number of negative samples
increased from 3 to 8.

D Broader Impact

We left further exploration of softmax ranking loss in LM including more negative samples and
validation on various settings as future works. We believe that S-DPO, a generalization of DPO loss
has the potential to benefit other research areas other than recommender systems. This paper presents
work whose goal is to advance the field of Machine Learning. There are many potential societal
consequences of our work, none of which we feel must be specifically highlighted here.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and introduction clearly state the claim including both empirical
results and theoretical findings. Refer to Section 1 for more details.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We explicitly discuss the limitations of our work in Section 6.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
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Justification: We provide the full set of assumptions, together with complete and correct
proofs of our theory in Section 2, Section ?? and Appendix A.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide extensive implementation details in Section B.3 including package
version, device, datasets and hyperparameter setting.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

22

27484https://doi.org/10.52202/079017-0863



Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: We provide our anonymized versions of data and codes with the link in the
abstract.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental Setting/Details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: All the details about the experimental setting and datasets can be found in
Section 4.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: We validate the p-value of experiment in Table 1.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: We provide the details of computation resource needed to reproduce the
experiment and also the number of epochs we conduct in Section B.3.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: We strictly follow the NeurIPS Code of Ethics to conduct our research.
Specifically, we have taken steps to ensure that our data collection methods are ethical,
our experiments are conducted with responsibility, and all potential biases are thoroughly
addressed.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [NA]
Justification: The work presented in our paper aims to instill ranking information into LMs
to improve the performance of LM-based recommenders. We do not foresee any negative
societal impacts stemming from the outcomes of our research. We further claim our broader
impact in Appendix D.
Guidelines:
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• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: This paper poses no such risks. Our language model only serves as a recom-
mender from a given item list, which makes it impossible to be misused or dual-use.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We incorporate three datasets in our experiments including MovieLens [50],
Goodreads6 and LastFM [51], all of which are open-source. Also, the backend language
model used in our research is LLAMA2-7B [32], which is also an open-source model. The
details of our used assets can be found in Appendix B.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.

6https://www.goodreads.com
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• The authors should state which version of the asset is used and, if possible, include a
URL.

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: We won’t release any assets in our research except necessary checkpoint and
processed data in order to reproduce our experiments.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: This work does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: This paper does not involve crowdsourcing or research with human subjects.
Guidelines:
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• The answer NA means that the paper does not involve crowdsourcing or research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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