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Abstract

Recommender systems filter contents/items valuable to users by inferring prefer-
ences from user features and historical behaviors. Mainstream approaches follow
the learning-to-rank paradigm, which focuses on discovering and modeling item
topics (e.g., categories) and capturing user preferences for these topics based on
historical interactions. However, this paradigm often neglects the modeling of user
characteristics and their social roles, which are logical confounders influencing
the correlated interests and user preference transition. To bridge this gap, we
introduce the user role identification task and the behavioral logic modeling task
that aim to explicitly model user roles and learn the logical relations between item
topics and user social roles. We show that it is possible to explicitly solve these
tasks through an efficient integration framework of Large Language Model (LLM)
and recommendation systems, for which we propose TagCF. On the one hand,
TagCF exploits the (Multi-modal) LLM’s world knowledge and logic inference
ability to extract realistic tag-based virtual logic graphs that reveal dynamic and
expressive knowledge of users, refining our understanding of user behaviors. On
the other hand, TagCF presents empirically effective integration modules that take
advantage of the extracted tag-logic information, augmenting the recommendation
performance. We conduct both online experiments with an industrial environment
and offline experiments on public datasets to verify TagCF’s effectiveness, and
we empirically show that the user role modeling strategy is potentially a better
choice than the modeling of item topics. Additionally, we provide evidence that
the extracted logic graphs are empirically a general and transferable knowledge
that can benefit a wide range of recommendation tasks. Our code is available in
https://github.com/Code2Q/TagCF.

1 Introduction

Recommender systems have become an indispensable tool to mitigate information overload and are
commonly employed on various online platforms, from e-commerce to video streaming, assisting
users in finding personalized content. Traditional recommendation systems [43} 55 24] typically
adhere to the learning-to-rank paradigm, which learns the representation vectors of user and item
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based on the assumption that “similar users exhibit similar behavior”, where these vectors can be
interpreted as latent topic distributions, analogous to those in Latent Dirichlet Allocation (LDA) [3]]
distribution. The cornerstone of this paradigm is the discovery and modeling of the item topics (e.g.,
categories) and how to capture user preferences for these topics based on historical interactions.
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Figure 1: The toy example of the progress from traditional methods to tag-logic modeling.

Although effective, this paradigm neglects the modeling of user roles/characteristics and thus fails
to capture the logical relationships between user roles and item types, which potentially restricts
the expressiveness of the resulting recommendation model. On one hand, existing solutions may
discover item-item correlation candidates that are hard to interpret by item types, but the user’s role
and personal characteristics may serve as the confounders, providing meaningful explanations for
these correlations. A representative real-life example is the famous diaper-beer correlation [46]],
where a decent amount of human effort has been engaged to find that the “dads with newborns” are
the logical explanation for the co-purchase behavior. On the other hand, interest-based modeling
mostly relies on interest relations, while the user-item logic relations (e.g., a certain type of user
likes a certain type of item) can be far more interpretable and expressive. Consider the intuitive
example in Figure[I] we observe a user who purchases a violin after consuming a headphone. While
a statistical model may find the violin-headphone relation insignificant, the user may happen to be a
symphonist, where both the symphonist-headphone edge and the symphonist-instrument edge are
strong and general logical connections. As we will show in section 4.2} knowing the general logic in
the real world and what role a user plays in real life may significantly improve the recommender’s
ability to engage in more accurate interest exploration [35]].

New Problems: To mitigate the aforementioned limitations, we argue that the recommender system
should complement the existing problem formulation with the following two tasks:

* The user role identification task that constantly identifies and models what roles the user plays in
the real world (e.g., “dads with newborns” and “symphonist”), different from pre-defined accessible
user profile features like gender and age;

* The behavioral logic modeling task that models how user roles logically connect to the correspond-
ing item topics. For this task, we further focus on two types of logic to align with the collaborative
filtering paradigm as in Figure[T}b: 1) for a given user role, determine what types of items (also
referred to as “topics”) are suitable or interesting (i.e., the U2I logic); And 2) for a given item topic,
determine what kind of users would benefit from this content (i.e., the 12U logic).

Challenges: 1) Different from item topic modeling [22 4} [31]], for practical and privacy concerns [18]],
user role identification is systematically challenging, for it is irresponsible, inefficient, and likely
to be offensive to directly ask users to provide their social roles in many web services. Even if
the users are willing to provide this information for mutual benefits, there is no guarantee that the
provided features are accurate and comprehensive. 2) In terms of the logic modeling task, there
have been some pioneering works that use user-generated hashtags or causal tag discovery methods
with the help of human experts [47, 149, |50]. However, these methods do not accommodate the scale
of industrial recommender systems. Furthermore, they heavily rely on high-quality but manually
designed variables, which restricts the model’s expressiveness in a large scale. Ideally, we would like
to achieve an automatic modeling framework that can provide an immersive experience where the
user roles and the task-specific logic patterns are modeled without bothering the users.



Solution Framework: Fortunately, Multi-modal Large Language Models (MLLMs) and Large
Language Models (LLMs) have made significant breakthroughs [1} |64} 41, 54]], demonstrating
extensive world knowledge memorization abilities and advanced causal and logical reasoning capa-
bilities [53)165]], which open the opportunities to reexamine the collaborative filtering framework’s
ability to model user roles and user behavioral logic. To this end, we propose a general solution
framework TagCF that simultaneously solves the aforementioned tasks and improves the recommen-
dation performance. Specifically, we first design a task-specific tag identification module utilizing
an MLLM (i.e.,, M3 [8]]) to extract related user (role) tags and item (topic) tags for each given item,
based on the semantic-rich multi-modal features. Then, starting from the identified set of user tags
and item tags, we propose a virtual collaborative logic filtering module that uses another LLM (i.e.,
Qwen2.5-7B [56]) to iteratively infer the U2I and I2U logic. To meet the scalability demand of the
industrial environment, we propose several techniques, including cover set reduction and tag-logic
model distillation. As we will discuss in Section[4.2.3] this logic graph presents general behavioral
logic that can be transferred to other recommendation tasks.

Finally, the generated tag knowledge and the logic graph are integrated as enhancements for standard
recommendation frameworks with three empirically effective designs: 1) For model architecture, we
enhance item representations with a tag-based item encoder and propose a separate tag-based user
encoding design to fulfill the user role identification task; 2) For learning augmentation, we further
show that we can use a contrastive learning (CL) framework to integrate tag semantics into item and
user representations; 3) During inference, we extend the recommendation model with a tag-logic
inference score, which simultaneously boosts the recommendation accuracy and diversity.

Empirical Support: To verify the effectiveness of the tag extraction, the collaborative logic reasoning,
and the recommendation enhancement framework, we conduct extensive experiments in an online
A/B environment, an industrial offline dataset, and two public datasets. We also provide empirical
findings on the different behaviors of user roles and item topics, ablation studies on model variants,
and sensitivity analysis of hyperparameters.

2 Related Work

2.1 Collaborative Filtering

Collaborative filtering (CF), one of the most successful recommendation approaches, continues
to attract interest in both academia and industry. Over time, CF has evolved from traditional
methods [44} 33][7, 15/ 138] to advanced techniques incorporating sequences [25} 29} 48] and graph
structures [S1, 24]. Among the representative methods, matrix factorization (MF) techniques [15, [38]]
are effective in learning latent user and item representations. Sequential CF methods extend this
by modeling the temporal order of user interactions with Recurrent Neural Networks [25] and
Transformers [29} 48}, 134]. Graph-based CF methods like NGCF [51]] and LightGCN [24] have also
gained attention in recent years. Besides, self-supervised learning approaches [58, 19, 160] have been
explored to enhance CF by learning robust representations. However, these methods often ignore
user roles and logical relationships between characteristics.

Meanwhile, some personality-aware filtering methods incorporate user traits through neighborhood
filtering [30l [16} [15]] or matrix factorization extensions [30}[16]]. In the literature of psychology [21],
the majority of the works used the Big-Five personality model to represent the user’s personality,
while the choice of the most suitable personality definition that satisfies the requirements of the rec-
ommendation application still needs further investigation. Recent works [32, |57, 145]] have attempted
to leverage LLMs for personalized recommendations and user interest interpretation. While progress
has been made, existing approaches still overlook explicit modeling of user roles and their logical
relationships. In this work, we aim to address these gaps by bridging topics and social roles via
LLMs-enhanced logical recommendation within the CF framework.

2.2 LLM-based Recommendation

LLM-enhanced Recommender. Many current works have explored how to apply the LLM to
generate auxiliary knowledge for enhancing traditional RS. LLMRG [52] fabricates prompts to
construct chained graph reasoning from LLM to augment the recommendation model. LLMHG [12]
first leverages LLMs to deduce Interest Angles (IAs) and categorize movies into multiple categories
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Figure 2: The main framework of the proposed TagCF.

within each IA to construct a multi-view hypergraph. SAGCN [36] uses a chain-based prompting
strategy to extract semantic interactions from LLM for each review and introduces a semantic aspect-
based graph convolution network to enhance the user and item representations by leveraging these
semantic aspect-aware interactions. LLM-KERec [62]] uses LLM to identify the complementary
relationships of an item knowledge graph. Subsequently, they train an entity-entity-item weight
decision model which is then used to inject knowledge into the ranking model by using the real
exposure and click feedback of complementary items. Nevertheless, current methods of using LLM
for data enhancement primarily focus on the meta-features, neglecting knowledge from the user side
and the logic rationale between user-item interactions. This limitation hinders their ability to facilitate
traditional recommenders to capture semantic and representative collaborative information.

LLM as Recommender Itself. Recently, LLMs have demonstrated remarkable performance across
a wide range of recommendation tasks. P5 [20] and M6Rec [13] finetune LLM by modeling
recommendation tasks as natural language processing tasks. ChatRec [17] employs LLMs as a
recommender interface for conversational multi-round recommendations. TALLRec [6] designs
a customized parameter-efficient tuning process for recommendation tasks on LLM with a LoRA
architecture. HLLM [[11] uses an item LLM to encode text features, feeding its embeddings to
a user LLM for recommendations. Compared to LLM-enhanced recommender, this paradigm’s
computational cost (both for training and inference) is much higher and the industry-deployable
solution is still an open question [14]. As we will discuss in section [3.3.1] this research direction
focuses on the improvement of sequential models, which is complementary to our proposed knowledge
extraction and augmentation framework.

3 The TagCF Framework

We present the task formulations of the standard top-N recommendation task, the user role (and item
topic) identification task, and the behavioral logic reasoning task in Appendix [A.T} The key notations
in this paper are listed in Appendix[A.2}

3.1 MLLM-based Item-wise Tag Extraction

For a given item ¢ € Z, we first take the original multi-modal information (e.g., audio, image, and title
of videos) and use a multi-modal LLM (MLLM), M3 [8]], to generate a semantic item embedding F;
and initial textual features. Then, we use the textual features to construct corresponding prompts X,
for user role tag extraction and X¢ for item topic tag extraction (with prompt details in Appendix
[A3). Given E; as auxiliary information, the given prompt will guide the generation of tags:

Ti ~M3(X]  E;);C; ~ M3(XE, Ey), (1



where 7; and C; are inferred user tags and item tags, and they are stored as static features of the given
item . In contrast, we assume that both the total user role tag set 7 and the total item topic tag set C
change dynamically, so we apply update rules 7 <— 7 U 7; and C < C U C; on a daily basis.

Unrestricted Tags and Cover Set Reduction: A critical challenge of the application of Eq.(T}) is the
unrestricted open-world generation of tags that may gradually accumulate excessive tag sets, while
the tag frequency could be extremely skewed (see Appendix [C). To circumvent this problem, we
propose a greedy and dynamic version of the min cover set finding algorithm (see Appendix
to automatically find a small subset of expressive tags (i.e., the cover set) that provide sufficient
coverage of items and are mutually different in semantics. We denote the resulting cover sets of
the two tag types as 7 and C*. In practice, we find that the cover set has some nice features in
stability, generality, efficiency, and expressiveness (see Appendix [C.I). All these features add up to
the effectiveness of the extracted knowledge.

Computational Bottleneck and Distillation: In practice, another key challenge is the computational
cost of the MLLMs, especially when there is a large number of newly uploaded items to process
on a daily basis (e.g., videos and news). As a countermeasure, we propose to apply Eq.(I) on a
smaller subset (tens of thousands) of newly uploaded items, train efficient distilled models P (¢7) :
I x T* — [0,1] and Py(c|i) : T x C* — [0, 1] based on the sampled data, then use 6 to predict
user/item tags for all items (in millions). We provide the algorithmic details of this procedure in
Appendix In section we show that 6§ may also participate in the recommendation model
training, providing better alignment with user interactions.

3.2 LLM-based Collaborative Logic Filtering

With the daily update of 7 and C, we use an LLM (i.e., QWen2.5-7B [56]) to update and maintain
the two graphs GU?' and G'?Y. Specifically, we iteratively select the tags that have not been included
in the (source nodes of) logic graphs, construct the two logic reasoning prompts (in Appendix [A.3),
then obtain the 12U logic and U2I logic with:

Te ~ LLM(X,);C; ~ LLM(Xy), @

where X and X; are input prompts foritem tag ¢ € C and usertagt € T, 7. and C; are generated tags,
correspondingly. To keep the tag set update inclusive, we also update the tag sets with 7 < T U 7.
and C < CUC; on a daily basis. Both Eq.(T)) and Eq.(2) use the pretrained model without finetuning in
order to keep the intact world knowledge and reasoning ability, and we find the generation sufficiently
accurate according to human expert justification (Appendix [D.T).

Distill Logic within Cover Sets: As we have mentioned in section 3.1} we can achieve a stable and
general inference using the cover sets 7* and C*. However, Eq.(2) does not guarantee a generation
output within the cover sets. As a countermeasure, we learn distilled models P, (c|t) and Py (t|c) on
the full tag sets with the LLM-inferred data generated by Eq.(2), then predict the logic connections
between the cover sets 7* and C*, where the predicted scores are used to select top-b target tags
for each given input tag. We present the details of this process in Appendix [A.5|and denote the
resulting graph as GU2* and G?Y*. Additionally, as we will verify in Section these graphs
are transfer-friendly as they use tags of general concepts and each logic represents a real-world
task-agnostic user behavioral logic, taking advantage of the LLM.

3.3 Tag-Logic Integration in Recommendation

Note that item tags and user tags emphasize different semantic aspects, one can implement two
corresponding integration alternatives with symmetric design and we denote them as TagCF-it (that
uses item tags to infer) and TagCF-ut (that uses user tags to infer). Without loss of generality, we
introduce TagCF-ut with three effective augmentation methods in the following sections, and provide
detailed specifications in Appendix [A.6]

3.3.1 Tag-based Encoder

Item Encoder: For each item 4, we first obtain user tags 7; and item tags C; through 6 (or Eq.(I)).
Then, the embeddings of all extracted tags T; = {e;|t € T;} (or C; = {e.|c € C;} in TugCF-it) are
aggregated through either Mean pooling or an Attention Mechanism [61] (the latter is adopted in

practice), generating the tag-based item encoding rgt) € R? (or rgc) € R%). These encodings provide



semantic information that may augment the standard ID-based item embedding x; € R¢. We provide
the details of our attention operation in Appendix [A.6]

User Encoder: For each user u, we first obtain the user’s interaction history H,, as input. Then,
we use two sequential models (i.e., SASRec [29])), 1, and 1),., that separately encode the ID-based
item embeddings and the tag-based item embeddings for the history, and denote the resulting user

encodings as x,, and ru) (TagCF-it generates r ( ) instead). Subsequently, we merge these two
embeddings and obtain the enhanced user representatlon:

¢ = MLP,, (x, & 1)), )

where @ is the concatenation operation. Finally, we calculate the predicted score as:
Graw (u, 1) = P(i|u) = Sigmoid(¢, x;). )

During training, each user history is associated with a set of interacted items Z,, as positive targets,
and we randomly sample a negative item i~ for each i € Z,,. For each training sample (u,i",i7),
the learning objective is defined as the combined binary cross-entropy loss:

Eui(u7z’+7i_) = —w;+ log P(it|u) — log(1 — P(i~ |u)), 5)

where w;+ denotes the reward weight of the positive item. Intuitively, the combined user rep-
resentation ensures the tag-aware encoding for both items and users, which improves the model
expressiveness and recommendation accuracy.

3.3.2 Tag-based Learning Augmentation

In addition to the tag-aware encoders, we can also use the tag and logic information to provide
augmented guidance through various training strategies. Similar to Eq.(5), we propose contrastive
learning objectives on the tag space from both the user’s perspective and the item’s perspective:

Lu( Z log P(t*|u) — Z log(1 — P(t™ |u))

t+eTS t—€Ta

(6)
> log P(tF]i) — Y log(1 - P(t]i)),
tteT,t t—eT,”

where P(t|u) = Sigmoid(¢, e;) estimates the probability of a user u identified with a user role ¢,
and P(t|i) = Sigmoid(x; e;) estimates the probability of an item i being related to user role ¢. In
practice, we can reuse ¢ in section [3.1]to realize the latter model P(t|¢). In the user level objective,
T.F are user tags related to ground truth target items in Z,,, and 7, are tags related to sampled
negative items. In the item level objective, ’7;'*' are user tags related to item ¢, and 7,” are tags
sampled from 7\ 7.

Tag-Logic Exploration: For the settings of 7.7, 7,~, and 7;+, we offer two alternatives that either
use the original tag sets 7,,(0) = {t|t € arg, top-k[P(t|u)]} (or 7;(0) = {t|t € arg, top-k[P(t|i)]}
for 7;*) that address the recommendation utility (denoted as TagCF-util) or use the extended tag
sets T, (1) (or 7;(1)) inferred by the logic graphs that address the interest exploration (denoted as
TagCF-expl). For instance, we have a target item that has an initial tag ¢ = “Symphonist” which is
logically related to the topic ¢ = “Music Theory” according to GY?™*. Then using G"?V*, we might
explore and find that there exists a logic of “Music Theory” — “Teacher”, where “Teacher” becomes
the extended tag of the item. We provide a detailed description of the general procedure in Appendix

and the confirmatory case study in Appendix

Augmented Learning: In summary, the augmented learning objective linearly combines the main
objective with the two contrastive losses:

Lu,it,i™) = Lui(u, it )+>\(|I| Lo(u )+cit(¢+)). %

The resulting framework will align the item and user embedding space with the tag embedding space
with A > 0, which guides the model to match users and items according to the user tags.



3.3.3 Tag-logic Inference Extension

Despite the implicit tag modeling through learning augmentation, we also provide an explicit tag-logic
inference strategy to further enhance recommendation performance and explainability. Specifically,
we start from the user encoding ¢,, from Eq.(3) and find the initial user tags of user 7,,(0). Similar to
the logical exploration process in section we derive the extended tag set T,,(1) according to
GY2™* and GVU*. Then, for each candidate item 7, we can use the obtained user tags to calculate the
tag-based matching score:

Gug(u,4,0) = > P(tu)P(ti);  fug(u,i, )= > P(tlu)P(t]i), )
teT,(0) t€Tw(1)\ T (0)

where P(¢|¢) and P(t|u) are the same as those in Eq.(6). Finally, the overall score with explicit
tag-logic inference extension becomes:

?)(Ua Z) = graw(ua Z) + ﬁoytag(uv i7 O) + ﬂlgtag(ua ia 1) (9)

where the Utility-based TagCF-util set 5y > 0, 81 = 0, and the Exploration-based TagCF-expl set
Bo = 0,51 > 0.

4 Experiments

4.1 Online A/B Test
4.1.1 Workflow Specification

We conduct an online A/B test on a real-world
industrial video recommendation platform to eval-
uate the effectiveness of TagCF-ut. The platform
serves videos for over half a billion users daily,
and the item pool contains tens of millions of
videos. Figure 3| provides a detailed overview of
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4.1.2 Evaluation Protocol

For our online experiments, we randomly assign all users into § buckets, each accounting for relatively
1/8 of the total traffic, with each bucket consisting of tens of millions of users. We deploy Tag CF-util
and TagCF-expl in two different buckets and use two other buckets with the baseline model as
comparisons. The baseline method (details omitted) in remaining buckets is a state-of-the-art ranking
system that has been developed for four years from [29]]. To ensure the reliability and validity of
the experimental results, each method is subjected to an online testing phase of at least 14 days. To
evaluate recommendation accuracy, we focus on the key interaction reward that combines positive
user feedback (e.g., effective play, like, follow, comment, collect, and forward). We also include
the novelty-based diversity metric [2] that estimates the likelihood of recommending new video
categories to a user, where the categories are predefined by human experts instead of the item tags in
our framework to ensure fair comparison.



Table 1: Online performances of TaugCF and * denotes the results are statistically significant.

Strategies | #nteraction | Diversity
TagCF-util v.s. baseline | +0.946% * | +0.001%
TagCF-expl v.s. baseline | +0.143% | +0.102%*

4.1.3 Effectiveness of Tag-Logic Augmentation in Practice

We summarize the results in Table[I|which shows that both TagCF-util and TagCF-expl outperform
the baseline but exhibit different behaviors: TagCF-util significantly improves interaction metrics,
which proves that the extracted tags can effectively represent the matching reasons and enhance
recommendation accuracy. On the other hand, TagCF-expl significantly improves the diversity metric
without losing recommendation accuracy, which proves that 7agCF-ut can accurately explore user
preferences through the logic graphs, mitigating the echo chamber effect. Moreover, we conducted
an extended experiment for Tug CF-expl, increasing the traffic to 2 buckets, and observed 40 days to
validate the long-term effect. In addition to the improvement on the short-term diversity metric, we
also observed a quantitatively and statistically significant boost of LT7 (a key metric that indicates
long-term daily active users (DAU) and user retention benefits online in the next week) by 0.037%,
proving the stable and consistent improvement on user satisfaction in the long run.

4.2 Offline Experiments

4.2.1 Experimental Setup

Datasets: To further investigate the design choices of TagCF, we include two public datasets [39],
Books and Movies, as well as an offline dataset from our real-world industrial video sharing platform
(i.e., Industry). More details about the datasets and preprocessing can be seen in Appendix [B.2]

Evaluation Protocol: We include common ranking accuracy indicators such as NDCG@ N and
MRR@N, as well as diversity metrics like ItemCoverage@/N and Ginilndex@ N (denoted as
Cover@N and Gini@ N, respectively). In this paper, we observe N € {10, 20}. For each experiment
across all models, we run training and evaluation for five rounds with different random seeds and
report the average performance.

Baselines: We include BPR [43] as the standard collaborative filtering method, and include several
representative sequential models, namely GRU4Rec [25]], Bert4Rec [48]], SASRec [29], LRURec [59],
Mamba4Rec [34]. We also compare with LLM-enhanced recommender approaches: RLM [42]],
SAID [27]] and GENRE [37]]. See more baseline details in Appendix |Bl We follow RecBole [[63]]
as the implementation backbone and reproduce all baselines with hyper-parameters from either the
original setting provided by authors or fine-tuning using validation.

4.2.2 Effectiveness of Tag-Logic Integration

We present the overall experimental results in Table [2] Compared to BPR and sequential models,
RLMRec and GENRE generally consistently improve the accuracy metric and, in most cases, improve
the diversity, which are the best baseline methods. However, we can see that the improvement of these
methods is not always statistically significant, especially in datasets with large scale (e.g., Industry).
Additionally, the BPR model outperforms other methods in the diversity metric by a large margin, but
this comes with a severe sacrifice in recommendation accuracy. Excluding this exceptional model,
our proposed TagCF-it and TagCF-ut consistently outperform all other baselines in accuracy and
diversity metrics, providing extended verification for the expressiveness of the extracted tags and
logic graphs, as well as the effectiveness of the tag-logic integration framework.

4.2.3 Transferability Test

To validate that the extracted tags (i.e., 7* and C*) and logic graphs (i.e.,GY** and G?V*) in our
industrial solution encapsulate general knowledge, we conduct a cross-task transfer experiment.
Specifically, we use the same tag extraction module in Eq.(I)) to generate the data-specific tags for
Books and Movies data. Then we use the semantic embedding [10] of these tags to find the closest
tags in 7* and C* so that the tag space is completely aligned. This means that the TugCF solutions



Table 2: Overall performance comparison on one offline Industry dataset and two public datasets. |:
lower is better. The best performance is denoted in bold and the second is underlined (excluding the
exceptional trade-off behavior of BPR in Books dataset). *: t-test with p-value < 0.005 and “Improv.”
denotes the improvements over the best baselines.

Dataset Method | NDCG@10 NDCG@20 MRR@I10 MRR@20 | Cover@10 Cover@20 Gini@10) Gini@20]

MF-BPR 0.0145 0.0215 0.0124 0.0147 0.1140 0.1682 0.9814 0.9720
GRU4Rec 0.0177 0.0253 0.0118 0.0137 0.2364 0.3314 0.9656 0.9515
SASRec 0.0182 0.0257 0.0121 0.0140 0.2704 0.3790 0.9617 0.9452
Bert4Rec 0.0165 0.0232 0.0109 0.0125 0.2546 0.3577 0.9700 0.9561
LRURec 0.0179 0.0262 0.0121 0.0143 0.3558 0.4763 0.9532 0.9372
Industry MambadRec | 0.0181 0.0253 0.0121 0.0142 0.3392 0.4489 0.9614 0.9452
RLMRec 0.0180 0.0256 0.0122 0.0141 0.3312 0.4673 0.9575 0.9421
SAID 0.0186 0.0264 0.0126 0.0145 0.3473 0.4723 0.9557 0.9398
GENRE 0.0183 0.0262 0.0123 0.0142 0.3401 0.4602 0.9591 0.9417
TagCF-it 0.0198 0.0270 0.0134*  0.0155* | 0.4013*  0.5440* 09316~  0.9071*
TagCF-ut 0.0201* 0.0276 0.0132 0.0152 0.3832 0.5210 0.9370 0.9129
Improv. +8.06% +4.55% +635%  +690% | +12.18%  +1421%  +2.21%  +321%
MF-BPR 0.0633 0.0777 0.0481 0.0520 0.9636 0.9957 0.5511 0.5025
GRU4Rec 0.1449 0.1644 0.1161 0.1214 0.6570 0.8116 0.7915 0.7558
SASRec 0.1597 0.1800 0.1241 0.1297 0.7968 0.8999 0.7790 0.7536
Bert4Rec 0.1515 0.1749 0.1008 0.1060 0.7326 0.8642 0.7940 0.7612
LRURec 0.1549 0.1745 0.1198 0.1252 0.8236 0.9275 0.7529 0.7276
Books  Mamba4Rec |  0.1641 0.1826 0.1330 0.1381 0.7970 0.9078 0.7767 0.7497
RLM 0.1661 0.1872 0.1331 0.1389 0.7964 0.9071 0.7762 0.7507
SAID 0.1705 0.1920 0.1373 0.1433 0.7992 0.9097 0.7695 0.7434
GENRE 0.1674 0.1903 0.1332 0.1384 0.8213 0.9270 0.7749 0.7402
TagCF-it 0.1819 0.1998 0.1516 0.1565 0.8143 0.9311 0.7532 0.7247
TagCF-ut 0.1881% 02071  0.1560*  0.1613* | 0.8435*  0.9399*  0.7469*  0.7194*
Improv. +10.3% +7.86%  +13.60% +12,56% | -12.40%  -5.60%  -2621%  -30.15%
MF-BPR 0.0574 0.0695 0.0432 0.0465 0.7692 0.8887 0.8170 0.7971
GRU4Rec 0.1181 0.1275 0.1058 0.1083 0.6565 0.7977 0.8319 0.8060
SASRec 0.1171 0.1271 0.1018 0.1045 0.8472 0.9183 0.7960 0.7867
Bert4Rec 0.1118 0.1216 0.0994 0.1020 0.7925 0.9012 0.8331 0.8128
LRURec 0.1201 0.1307 0.1051 0.1080 0.8786 0.9452 0.7746 0.7648
Movies Mamba4Rec | 0.1793 0.1301 0.1047 0.1072 0.8098 0.8924 0.7905 0.7743
RLM 0.1192 0.1304 0.1049 0.1076 0.8381 0.8912 0.7913 0.7738
SAID 0.1210 0.1311 0.1057 0.1082 0.8397 0.8956 0.7975 0.7804
GENRE 0.1206 0.1309 0.1053 0.1079 0.8563 0.9257 0.7715 0.7601
TagCF-it 0.1220 0.1310 0.1105 0.1128 | 0.8956* 09575  07391* 07173
TagCF-ut 0.1255* 0.1346*  0.1134*  0.1159* 0.8813 0.9540 0.7668 0.7490
Improv. +3.72% +2.671% +728%  +7.12% | +459%  +130%  +420%  +5.63%

for these two public datasets can skip the collaborative logic reasoning module and directly use GY2'*
and G™Y* for tag exploration. The experimental results are presented in Table and we observe that
TagCF variants consistently demonstrate superior recommendation accuracy and diversity in Books
and Movies, proving its transferability to other tasks. Note that other LLM-based baselines also use
the extracted tag-logic information to enhance recommendation in our experiments, which indicates
that the knowledge is transferable to other methods as well.

4.2.4 Ablation Study

TagCF w/o TE w/o TA w/o TLI
Industry Book Movie
0.0275 0.14
0.20
0.0250
4 0.18
§0.0225 012
0.16
8 0.0200
=z 0.10
0.0175 014
0.0150 0.12
TagCF-it TagCF-ut TagCF-it TagCF-ut TagCF-it TagCF-ut

Figure 4: The ablation results of the three key methods of the tag-logic integration module.

¢ Integration methods: To evaluate the individual impact of the three main components in the
integration framework (section[3.3)), we compare the full TugCF with three alternatives each disables
one component in {tag-based encoder, tag-based learning augmentation, and tag-logic inference},
denoted as w/o TE, w/o TA, and w/o TLI, respectively. We show the results on the Industrial dataset
in Figure 4} which verifies that all three components contribute to the recommendation accuracy.



The same conclusion applies to diversity metrics as well and the results are illustrated in Figure§]
of Appendix[B.2] The performance degradation observed in each ablated variant underscores the
complementary value of each module within the integrated framework.

* Effect of 5y and (51: We also analyses the impact of the inference scores of tags on recommendation
performance. As shown in the figure [5] we varied the values of different weights 3 and j3; to
analyze the effects of the original Utility-based tag score and Exploration-based tag score on the
recommendation results.

* Effect of \: We alter the \ in Eq.(7) and present the results in Figure[§] We can see that there
exists an optimal point in the middle, indicating the effectiveness of the learning augmentation.

» Effect of £: We conduct experiments with a different number of tags extracted for each item
(k € {20, 50,100,200, full}) and present the results in Figure[9)in Appendix[B.2]
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Figure 5: The model performance with different 3y and ;.
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Figure 6: The model performance under different \.
4.2.5 User Tag vs. Item Tag

In Table 2]} we find that TagCF-ut tends to yield greater improvements in accuracy metrics, indicating
that the user tag set is potentially more effective and stable in capturing preferences and personalities
of users, solving the role identification task. This phenomenon might be related to the fact that user
role tags are likely to be stable concepts with better expressiveness, which can be partially explained
by the smaller cover set size compared with item tags shown in Table [6]of Appendix [C.I] In contrast,
item tags may have a shorter lifespan (e.g., a special topic in recent news) and may frequently update
even in the cover set. This may also explain the optimal diversity performance of TugCF-it, since the
more fine-grained item tag set can contribute more diverse options during training and inference.

5 Conclusion

In this work, we emphasize the importance of the modeling of users’ roles and the user-item behavior
logic in the semantic tag space, and propose a new recommendation paradigm, TagCF, that can
effectively extract item/user tags from items with MLLM, infer realistic behavioral logic of users with
LLM, and enhance recommendation performance with the tag-logic knowledge. We provide technical
details of our efficient and effective solution of TagCF, which has been successfully deployed in our
industrial video-sharing platform. We also verify that the extracted knowledge of the logic graph is
a general transferable asset to other recommendation tasks and LLM-based augmentation methods.
Compared to the item tag set, the user role tags are empirically more stable and have more potential in
improving recommendation accuracy, shedding light on an alternative design choice to the traditional
item-tag-based methodology, posing new challenges to recommender systems.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research, addressing
issues of reproducibility, transparency, research ethics, and societal impact. Do not remove the checklist: The
papers not including the checklist will be desk rejected. The checklist should follow the references and follow
the (optional) supplemental material. The checklist does NOT count towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For each
question in the checklist:
¢ You should answer [Yes] , ,or [NA].

* [NA] means either that the question is Not Applicable for that particular paper or the relevant
information is Not Available.

» Please provide a short (1-2 sentence) justification right after your answer (even for NA).
The checklist answers are an integral part of your paper submission. They are visible to the reviewers, area

chairs, senior area chairs, and ethics reviewers. You will be asked to also include it (after eventual revisions)
with the final version of your paper, and its final version will be published with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation. While

"[Yes] " is generally preferable to " ", it is perfectly acceptable to answer " " provided a proper
justification is given (e.g., "error bars are not reported because it would be too computationally expensive" or
"we were unable to find the license for the dataset we used"). In general, answering " "or "[NA] " is not

grounds for rejection. While the questions are phrased in a binary way, we acknowledge that the true answer is
often more nuanced, so please just use your best judgment and write a justification to elaborate. All supporting
evidence can appear either in the main paper or the supplemental material, provided in appendix. If you answer
[Yes] to a question, in the justification please point to the section(s) where related material for the question can
be found.

IMPORTANT, please:

¢ Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.

* Do not modify the questions and only use the provided macros for your answers.

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 claims made in the abstract and introduction accurately reflect the contributions and
scope of our paper. The abstract succinctly summarizes our approach, the tag-based logic filtering
(TagCF) framework. It highlights the importance of user social role modeling and the integration with
tag-based encoder, tag-based learning augmentation, and the tag-logic inference extension, providing
a clear overview of the method’s novelty and effectiveness. The introduction elaborates on the
motivation, background, and significance of our contributions, ensuring that the claims align with the
detailed discussions and results presented in the subsequent sections of the paper.

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 discuss the limitations and future directions in the Appendix[F

15



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 important 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: [NA]

Justification: we provide the full set of assumptions and a complete (and correct) proof in our
methodology part[3] All the theorems, formulas, and proofs in the paper are numbered and cross-
referenced.

Guidelines:

e 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 experimental
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: The paper describes the architecture clearly. We fully disclose all the information
needed in Appendix [A]and Appendix [B] This includes details about the datasets, experimental setups,
hyperparameters, evaluation metrics, and model specification.

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.
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* 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 submissions
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

Question: Does the paper provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results, as described in supplemental material?

Answer: [Yes]

Justification: We have prepared both the dataset and source code, and will release them promptly upon
paper publication.

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 URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specity all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer, etc.) necessary to understand the results?

Answer: [Yes]

Justification: The experimental settings are presented in the core of the paper. And full details are
provided appendix.

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.
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 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 informa-
tion about the statistical significance of the experiments?

Answer: [Yes]
Justification: We have statistical significance in the main experiment.
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, confidence
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).

* 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.

« Itis 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 computer
resources (type of compute workers, memory, time of execution) needed to reproduce the experiments?

Answer: [Yes]

Justification: : We indicate the sufficient information on the type of GPU compute workers, memory
and time of execution.

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 checked and ensured that our paper conforms with the NeurlPS Code of Ethics in
every respect.

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 consideration due
to laws or regulations in their jurisdiction).

10. Broader impacts
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11.

Question: Does the paper discuss both potential positive societal impacts and negative societal impacts
of the work performed?

Answer: [Yes]

Justification: Our paper discusses the potential positive and negative societal impacts of our work in
the "Broader Impacts” section[E} By acknowledging these impacts, we provide a balanced view of our
work and suggest mitigation strategies to address potential negative outcomes.

Guidelines:

¢ 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., deploy-
ment 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 monitor-
ing misuse, mechanisms to monitor how a system learns from feedback over time, improving the
efficiency and accessibility of ML).

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: The paper poses no such risks.
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.

. 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: The creator or original owner of the assets (e.g., code, data, models) used in the paper
is properly credited, and the license and terms of use are explicitly mentioned and appropriately
respected.

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.
» 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.
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13.

14.

15.

16.

* 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.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation provided
alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.
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 sub-
missions 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.
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: We are not involved in these risks as we are only engaged in recommendation tasks. Our
research does not involve 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 contribution 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.
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: The paper 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.

* 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 applica-
ble), such as the institution conducting the review.

Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or non-standard
component of the core methods in this research? Note that if the LLM is used only for writing,
editing, or formatting purposes and does not impact the core methodology, scientific rigorousness, or
originality of the research, declaration is not required.

Answer: [Yes]

Justification: Our research employs LLMs as an integral and novel component of the core methodology,
specifically, we utilize LLMs to extract interpretable user tags and item tags from user behavior data,
and we employ LLMs to generate the tag-based logic graph through chain-of-thought reasoning. We
have documented the LLM usage details in Section[3.1]and Section[3.2}

Guidelines:

* The answer NA means that the core method development in this research does not involve LLMs
as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for what
should or should not be described.
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A TagCF Specification

A.1 Task Formulation

Top-N Recommendation Task Define the set of users ¢/ and the set of items Z. The observed user-item
interactions are represented as user histories 7{, where each user’s history #,, € Z™ has length n.,. For top-N
recommendation, the objective is to learn a scoring function P(i|u) that suggests top-N items (from Z \ H.,)
that each user u is highly likely to engage with, and the ground truth positive target item set is denoted as Z,,.
Following the collaborative filtering paradigm, we assume a binary interaction label y.,,;, indicating the user u’s
positive feedback on an item ¢, and we also allow an additional reward weight signal w,+ for each positive item
it € Z, to accommodate multi-behavior scenarios. In terms of the model input, we focus on the user history
modeling which is related to the tag-based encoder in our solution. Yet, we remind readers that there may exist
other context features that include but are not limited to user profile features, time features, device, and network
features. How these features may integrate the tag-logic information is out of the scope of this paper, but worth
further investigation.

User/Item Tag Identification Task As we have introduced in Section[3.1] C denotes the set of all possible item
(topic) tags (e.g., headphone) and 7 denotes the set of all possible user (role) tags (e.g., symphonist). We assume
that neither C nor 7 are known in advance, so we need an automatic inference framework to solve them. Recall
that one of our focuses in this work is the user role identification task which formally finds a subset of user tags
To C T that describes a given user u. As discussed in Section[] it is impractical to directly ask users to provide
this information, but we can solve it by first figuring the user tags 7; C 7 related to each item ¢, then learn a
tag-based model to infer 7,,. This complements the conventional viewpoint that first associates the item topic
tags C; C C to each item 4, then predicts the item tag user profile C,, C C.

Behavioral Logic Reasoning Task With the discovered item tag set C and user tag set 7, we then solve
the logical connections between them. Specifically, we aim to find a mapping EY* : T x C — [0, 1] that
estimates the probability P(c|t) of a certain U2I logic (i.e., a symphonist likes a violin), as well as a mapping
E2Y . C x T — [0,1] that estimates the probability P(t|c) of a certain 12U logic (i.e., a headphone is beneficial
to a symphonist). These two mapping functions semantically define the edges of a directed logic gra}gh between
C and 7, and we denote the corresponding sub-graphs as GY = (V, %) and G?° = (V,£2Y), where
VY = T |JC. As a practical assumption, we do NOT assume that the two tag sets are mutually exclusive, i.e.,
T N C # 0, since a user role might be considered as a topic as well (e.g. a video about a symphonist). Same as
the tag identification task, there is no ground truth label in this task, and we will take advantage of the generation
and reasoning ability of LLMs to approximate the actual behavior logic.

A.2 Notations and Terminologies

We summarize the key notations used in this paper in Table[3] Additionally, we find that “topic” and “interest”
are two semantically confusing terms that both express the item type tags. In our paper, we refer to “topic” as the
item type in the view of an item (i.e., P(c|7)) and “interest” as the item type in the view of a user (i.e., P(c|u)).

A.3 Prompt Designs

We provide the prompt design details for the tag extraction task in Section [3.I] and present examples of the
MLLM response in TableE} The input textual features of [Title]/[ASR]/[OCR] are preprocessed text from the
MLLM that describes the contents of the item, and we remind readers that this design might be task specific
(e.g., Books datasets only uses [Title]).

Then, we provide the prompt design details for the collaborative logic filtering module in Section[3.2]and present
examples of the LLM’s output in Figure[7] In practice, we find that including an intuitive example with input
and output significantly improves the interpretability and the recognition rate of tags during post-processing.

A.4 Tag Extraction Algorithm

In section [3.I] we introduce the process of cover set reduction which aims to find a small subset of the full tag
set that can cover a sufficient number of items while ensuring the semantic differences between tags. We present
the algorithm in Alg([T]and the process runs on a daily basis. The process iteratively includes a new tag into the
cover set, and each newly included tag maximizes the coverage on the uncovered items (line 6) until no less than
7 = 99% of the items has at least one tag included in the cover set. Tags that have not been recalled by any item
in the last D days will be removed (line 11), indicating an out-of-date tag. In practice, we observe that the cover
set converges (less than 10 tag removed or added per day) after 30 days of updates. The statistics of the resulting
tag sets and their cover sets are summarized in Table[6]in Appendix[C.1]

As we have discussed in Section[3.1] we assume a computational bottleneck during inference of Eq.(T), which
indicates that the system can only support the MLLM inference on a subset Z' C Z (around 500,000 items per
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Table 3: Key Notations

Symbol \ Description
Uu, 7 set of users and items
U, % specific user and item
Hay interaction history of user u
Ty positive target items of user u
T,C set of user role tags and item topic tags
T*,C* the extracted cover sets in section
Tu, Ti user role tags inferred for user u and item ¢, correspondingly
Cu,C; item topic tags inferred for user v and item ¢, correspondingly
T.(0),C(0) the initial inferred tag sets from user
gy gru the logic graphs extracted on the full tag sets

GUax Gr2ux the logic graphs extracted on the cover sets
gu2 gi2u the edge mappings for logic graphs
Py(t|i), Po(c|?) The distilled model for tag extraction in Sectionﬂ
P,(c|t), Py(t|c) the distilled model for U2I and 12U logic prediction in Section 3.2]
P(ilu), P(i|Hu) the inferred likelihood of engagement for the user-item pair
P(tlu), P(c|u) user role and item interest prediction of user u
P(t]i), P(c|i) user role and item topic prediction of item ¢
e, ec tag embedding of a specific user role and item topic
T;, C; the sets of tag embeddings related to an item
rgt), EC) item embedding inferred by tag-based encoder
X; ID-based item embedding
Ty, Xy user embedding inferred by tag embedding and ID embedding sequence
by final user embedding from the user encoder

Table 4: The prompt templates for item tag identification and user role tag identification

Item Tag Extraction Prompt Template MLLM Response Example

This is the video’s / / [OCR] information. To make the [Pet Videos; Family Warmth; Song Cover Challenge; Pet
video interesting for users, please extract 8-10 independent and detailed ~ Companionship; Music Production; Newborn Puppy; Cute
interest tags based on the multimodal contents. Style; Daily Life]

User Tag Extraction Prompt Template MLLM Response Example

This is the video’s / / |OCR] information. Identify 8-10 [Fashion Enthusiast; Beauty Influencer; Fashion Designer;
distinct target audience segments that would find this video appealing, Personal Image Consultant; Hairstylist; Fashion Critic; Inter-
such as "xx family," "xx professionals," or "xx enthusiasts." net Celebrity; Fashion Photographer]

day), and we learn a distilled model 6 to solve the tag extraction problem for the remaining items in Z \ Z'.
Without textual generation, we find that the multi-modal embedding model [10] is sufficiently efficient to
infer all newly uploaded items each day, and it is reasonable to believe that the output E; contains sufficient
information of the item to accurately infer the corresponding tags. Thus, we adopt Py (t|i) = Py(t|E;) and
Pg (C|Z) = Pg(C‘Ei).

A.5 Logic Reasoning Process

In Section[3:2] we have introduced the collaborative logic filtering task and proposed to infer the logic graph in
the cover set with distilled models. Specifically, when inferring logically related tags for a given source tag using
Eq.(2), the output tags may or may not appear in the cover set due to the unrestricted open world generation. In
practice, we find that the generated tags rarely match those tags in the cover set, but it is likely to find semantically
close alternatives. Thus, we train distilled models P, (c|t) : T x C — [0,1] and P,(¢t|c) : C x T — [0,1]
based on the offline data generated by Eq.(2) each day. The models take the semantic embedding of tags as input
and output the likelihood of logical connection between the two (full) sets C and 7. After the daily training, we
use P, (c|t) to predict scores of ¢ € C* with the given source tag ¢t € 7, and use P, (t|c) to predict scores of
t € T~ with the given source tag ¢ € C*. Empirically, we observe that the top-50 predicted tags are semantically
accurate logical connections in most cases, and the top-20 predicted tags are sufficiently diverse. Thus, we adopt
the top-20 connections as edges in GY* and g12V*,
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U2I Reasoning Instruction 12U Reasoning Instruction

: List Video Viewing Preferences Based on User Type: ¢ List Potential Audience for a Video Type:

i Example: i Example:

: Input: The user is a {parent}. ¢ Input: The video has content about {education}.
¢ Output: ¢ Output:

i 1. Educational videos i 1. Students

¢ 2. Cooking ¢ 2. Educators

3. Health and fitness 3. Tech enthusiasts

8. Self-learners

¢ Now, list potential audience for the following video:
¢ Input: The video has content about {item_tag}.
Output:

i 8. Parent-child reading
¢ Now, list video viewing preferences based on the following user:
i Input: The user is a {user_tag}.

Input: The video has content about {cooking tutorial}.
i Output:

1.Cooking enthusiasts

:  2.Homemakers

i 3.Food bloggers

Input: The user is a {young person}.
: Output:

1.Music videos and concerts

¢ 2.Dance and fitness

: 3.Fashion and makeup tutorials

8. Healthy eating advocates

(a) U2I Reasoning Instruction and LLM Output (b) 12U Reasoning Instruction and LLM Output

Figure 7: The instructions for collaborative logic reasoning.

Algorithm 1: Dynamic Cover Set Reduction Algorithm

Input: Most up-to-date cover set S = T* (or S = C* in TagCF-it) (set to {) if not exist); Newly
inferred item-tag mapping M within cover set S; The D day tag-item history H of tags in cover
setS

1: Zeovered < find all items in M that have been covered by & and report tag recall rate;

2: Sgelect < find all tags in S that have covered items in M,

3: Zpew ¢ find all items appeared in M

4: Spew < find all tags appeared in M

5: while |Z overed|/ | Znew| < 7 do

6:  Find the tag t € Spew \ Sselect that covers the most number of items in Znew \ Zcovered;

7: > This ensures semantic differences between selected tags in S
8 Sselect ¢ Sselect N {t} and update Z;oyereq With newly covered items;

9: end while
10: Append a new day history to H with data in M/ and remove the history in the oldest date;
11: Remove tags in Sgee that have no records in H;
12: Store updated cover set T* < Sgeleet (0r C* <— S) and the updated tag-item history H.

Different from cover sets that quickly converge in size, the full tag sets continuously expand themselves and the
same happens to corresponding logic graphs. Although one can assume that the possible tags in the open world
are limited and expect the graphs to converge eventually, we notice that the 30-day inference already generates a
graph too large to be directly used under the latency requirement. Additionally, the majority of the tags in the
full set as well as their corresponding logic connections are usually fine-grained with very strong interpretability,
but only cover a small set of items or user behaviors with undesirable generalizability. In general, we believe that
the cover set tag-logic better suits the statistical models in the recommender systems, while the full set tag-logic
is a better choice for detailed explanation.

A.6 Augmentation Model Specification

Details of Tag-based Encoders: Define the user tag embedding sequence as T; = [e¢,, €¢,,...,€¢,] € R4k
where each tag is associated with a learnable d-dimensional vector. Similarly, define the item tag embedding

sequence as C; = [ec;, €cy, - - -, eck} € R¥¥F, Then, we calculate the tag-based item encoding I‘Z(‘t> € R?% and
rgc) € R? by fusing the tag embeddings using item encoders:

v = f(T3),rl? = ¢(Cy). (10)

The fusion functions f and g can be accomplished through methods such as the Mean Pooling or Attention
Mechanism [61]]. We adopt the latter attention mechanism in practice to model the different importance of each
tag and the mutual influences between tags. Specifically, taking user role tags (in 7agCF-ut) as an example, the
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adopted Attention operation is formulated as:

ri” = a;Ti, e = softmax (WT; + b) a

k3

where W € R?¢ and b € R are learnable parameter weights. cv; is the tag attention score. This formulation
enables the model to prioritize informative tags while suppressing noise, enhancing the discriminative power of
(®)

the resulting tag-based item representation r; .
Then for a given user and the corresponding history H. = {i1,- - ,in}, we first obtain the standard ID-
based item embedding sequence X, = [X;,, * ,Xs,] € R?*™ and the tag-based item embedding sequence

R = [rg?7 - ,rg?] € R**™ each obtained from the tag-based item encoder, i.e., Eq.(T0). We then include
two SASRec-style [29] user encoder networks with identical architecture which first obtain separate hidden
embeddings of the user:

pu = ItemSASRec(X,,),

(12)
r{) — TagSASRec(R{"),

where p, € R? and rl) e R? (TagCF-it outputs r’ e R? instead). Note that one can also try other

user encoding schemes such as item embedding concatenation or addition followed by a single encoder, but
empirically, we find that the separate encoder networks yield the best results.

Tag-Logic Exploration in Learning and Inference Augmentation: Without loss of generality, we explain
the exploration strategy on user role tags in TagCF-ut as the extended description of Section [3.32]and[3.3.3]
and the solution in TaugCF-it is symmetric. We start by considering the initial tag set T (0) that focuses on
improving utility (i.e., TagCF-util), where 7 (0) may represent 7;(0) for a given item (inferred from P(t|3))
or T,(0) for a given user (inferred from P(¢|u)). Then we can use the U2I logic graph to find logically
related item topic tags as C(1) = {c|3t € T(0),s.t. (t,c) € EY*}. Note that we use the distilled model
 to generate graphs, and the corresponding scores could be used as weights of the edges. In this case, it
can also use a soft method that selects the tags with aggregated weights as C(1) = {c|lw. > 4}, where
We = D7 (0),(t,eyceva P (c[t). Finally, we can obtain the final exploration tag set T (1) by applying 12U
logic on C(1) as T(1) = {t|3c € C(1),s.t. (¢,t) € E2U*}. Again, the corresponding soft method gets
T(1) = {tlwe > 6}, where we = - cc(1) (o.1)esrvs We. To better align the scale of weights in 77(0) and
T (1), we normalize the weights so that they sum up to one. For better illustration of this process, we further
provide case studies of the difference between 7'(0) and 7°(1) in Appendix[C.3]

Note that with an average branch factor b, we would observe |7 (1)| = O(b*k), which is several magnitudes
larger than the initial set, so we truncate the top-k tags in 7 (1) according to the frequency or weights to
reduce noise, resulting in |7 (1)| = | 7(0)]. In practice, we can achieve fast computation of these processes by
representing the graphs as sparse adjacency matrices and engaging multiplication with parallel computing.

B Experimental Settings

B.1 Online Experiments

Implementation Details. We conduct an online A/B test on a real-world industrial video recommendation
platform to evaluate the effectiveness of our method. The platform serves videos for over half a billion users
daily, and the item pool contains tens of millions of videos. The number of candidates for each request in this
stage is 120 and the videos with top-6 scores are recommended to users. To ensure that tag encompasses over
90% of user video views, we process 3 million videos daily by tag extraction module deployed on a cluster of 50
NVIDIA 4090 GPUs.

Evaluation Protocol. For our online experiments, we randomly assign all users into 8 buckets, each accounting
for relatively 1/8 of the total traffic, with each bucket consisting of tens of millions of users. We deploy TagCF-
util and TagCF-expl in two distinct buckets, while reserving two additional buckets for the baseline model
comparison. The remaining buckets employ a state-of-the-art ranking system (details omitted for brevity) that
has been iteratively optimized over four years [29]]. To ensure statistical reliability, each experimental condition
undergoes a minimum 14-day online testing phase. To evaluate recommendation accuracy, we focus on the key
interaction reward that combines positive user feedback (e.g., effective play, like, follow, comment, collect, and
forward). We also include the novelty-based diversity metric [2] that estimates the likelihood of recommending
new video categories to a user, where the categories are predefined by human experts instead of the item tags in
our framework to ensure fair comparison.

B.2 Offline Experiments

Datasets. We include two public datasets [39], Books and Movies, as well as an offline dataset from a real-world
industrial video sharing platform (i.e., Industry). For public datasets, we utilize product descriptions as textual
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Table 5: The statistics of the datasets.

Dataset  #Users #ltems #Interactions #Sparsity

Books 9,209 8,299 935,958 98.77%
Movies 39,832 24,050 1,103,918 99.88%
Industrial 89,417 10,396 3,292,898 99.64%

features and filter out products without descriptions. We convert the ratings of 3 or larger as positive interactions.
For the Industrial dataset, we first select around 10k photos and obtain audio, visual, and textual features of
each video. Then we take the user interactions on these photos in one day as the training set and those in the
next day as the test set (excluding unseen users). To ensure the quality of the dataset, we follow the common
practice [48] 23| 129] and keep users with at least ten interactions through n-core filtering. The statistics of the
processed datasets are summarized in Table 5}

Evaluation Protocol. We include common ranking accuracy indicators such as NDCG@N and MRR@N,
as well as diversity metrics like ItemCoverage@ K and Ginilndex@ N (denoted as Cover@N and Gini@N,
respectively). In this paper, we observe N € {10, 20}. For each experiment across all models, we run training
and evaluation for five rounds with different random seeds and report the average performance.

Baselines. We include BPR [43] as the standard collaborative filtering method, and include several representative
sequential models, namely GRU4Rec [25]], Bert4Rec [48], SASRec [29], LRURec [39], Mamba4Rec [34]. We
also compare with competitve LLM-enhanced recommendation methods: RLM [42] integrates representation
learning with LLMs and aligns the semantic space of LLMs with the representation space of collaborative
relational signals. SAID [27] utilizes LLMs to explicitly learn semantically aligned item ID embeddings based
on texts for practical recommendations. GENRE [37/] employs prompting techniques to enrich the training
recommendation data at the token level to boost content-based recommendation.

Implementation Details. All experiments for recommender systems in this paper are conducted on the Tesla
V100 GPUs. In the experiment, the MLLM used for item-wise tag extraction is M3 [§] and the LLM used for
tag logic inference is Qwen2.5-7B-Instruct [S6]. The LLM semantic embedding models used for the LLM-based
baselines is text-embedding-3-small [40] from OpenAl. For TagCF training, we use the Adam optimizer with a
learning rate of le-3 and weight decay of le-5. We follow RecBole [63] as the implementation backbone and
reproduce all baselines with hyper-parameters from either the original setting provided by authors or fine-tuning
using validation. For our user encoder and tag-based item encoder, we use two layers SASRec with hidden size
of 256 and head size of 2.

Ablations. To assess the individual contributions of the three key components in our integration framework,
we conduct an ablation study comparing the complete TagCF system with three variants, each excluding one
component: tag-based encoder, tag-based learning augmentation, tag-logic inference, denoted as w/o TE, w/o
TA, and w/o TLI, respectively. As demonstrated in Figure[8] the experimental results confirm that all three
components significantly enhance both recommendation accuracy and diversity metrics. The performance
degradation observed in each ablated variant underscores the complementary value of each module within the
integrated framework.

TagCF w/o TE w/o TA w/o TLI
Industry Book Movie
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Figure 8: The ablation results of the three key methods of the tag-logic integration module.

26



TagCF-it TagCF-ut

Top 20 Top 20
MRR@10 NDCG@20 e MRR@10 NDCG@20 e

— Full — Full

—— Top 100 —— Top 100
—— Top 200 — Top 200

MRR@20 CG@10 MRR@20 CG@10

Coverage@10 Coverage@20 Coverage@10 Coverage@20

Figure 9: The impact of the number of top-% during inference.

We also conduct experiments with a different number of tags extracted for each item (k €
{20, 50, 100,200, full}) and present the results in Figure [J} Though it might be impractical for industrial
solutions, we find that the full tag set achieves the best results, where Tag CF-it tends to focus on diversity metrics
and TagCF-ut addresses the accuracy metrics.

C Observations and Analysis

C.1 Statistics of Tag Sets

Table|§| summarizes the statistics of the full tag set of 7 and C, as well as the reduced cover set 7~ and C*.
Based on the statistics provided in Table 6, we find that item tags generally have a shorter lifespan compared
to user tags. While the full tag sets for both users and items continuously expand without removal, the daily
expansions reveal key distinctions. Item tags exhibit a significantly higher daily expansion, indicating more
frequent updates. In contrast, user tags have a much smaller daily expansion and have nearly converged in the
cover set. This smaller set size with less frequent expansion suggests that user tags are more stable and have
a longer lifespan, whereas the high update frequency of item tags points to a shorter lifespan. In practice, we
also find that tags follow an extremely skewed frequency distribution (Figure[TT), indicating that not all tags
are identically useful and expressive. While a few general tags may be retrieved by a large number of items,
there also exists a large number of precise but unique tags that cannot cover a sufficient number of items. As
illustrated in section@ this motivates our design of the cover set reduction module. In practice, the open full
set size tends to expand at a considerable rate even after the 30-day observation period, while the reduced cover
set quickly converges in the first few days.

Table 6: Tag set statistics in our industrial platform

type | fullsize | daily expansion | cover setsize | cover set daily expansion
user tag 2,976,845 200-300K 7,633 converged
item tag | 50,208,782 | 3.5-4.0 million 20,956 hundreds

Tag Case Study: Figure[I0]presents a case study comparing the original video content with its corresponding
generated tags. The figure demonstrates that both the user tags and item tags produced by the MLLMs are highly
expressive and of superior quality, effectively capturing the video’s key attributes.

To validate the reasonableness of the tag set distribution extracted by the MLLMs, we analyze the frequency
distribution of tags, as illustrated in Figure[TT]

Tag Frequency Distribution (Left Plot): The left plot shows the tag frequency distribution, where the z-axis
represents individual tags ordered by their IDs, and the y-axis corresponds to the log-scaled frequency of
occurrence. From the tag frequency plot, we observe the distribution follows a pattern consistent with real-world
tag systems (e.g., a power-law distribution), as both UserTag and ItemTag curves exhibit a steep decline in
frequency as Tag ID increases. This indicates that: A small subset of tags dominates (e.g., common tags like
"elegant" or "cheap"). Long-tail tags (high Tag ID) are rare but exist, indicating diversity in generated tags.

Tags per Item Distribution (Right Plot): The right plot displays the distribution of tags per item, with the
z-axis showing the number of tags per item and the y-axis representing the log-scaled frequency of items
associated with each tag count. The peak observed at 1.0-1.5 (log scale) suggests that most items are assigned
3-5 tags (since 10'% ~ 3,10%® ~ 5). This balanced tagging behavior, neither overly sparse nor excessive,
enhances the usability of the generated tags for downstream recommendation tasks.
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Video User Tag Generation Example Item Tag Generation Example

1. Nature Scenery Enthusiasts: The video features a beautiful beach and mountain landscape, 1. Beaches and Coastlines: The video showcases a stunning beach and coastline,
appealing to those who enjoy natural beauty. attracting viewers interested in such natural landscapes.

2. Travel Lovers: The video a pi vacation attracting people 2. Beauty: The mountains, bay, and crystal-clear waters create a breathtaking natural
interested in travel and holidays. scenery, appealing to nature lovers.

3. Beach and Ocean Activity Enthusiasts: The sandy shore and clear waters suggest the video 3. Vacation and Travel: The resort and beach setting suggest the video may relate to
may include beach-related activities like swimming, sunbathing, and water sports. holidays and travel, attracting those planning or enjoying a getaway.

4. Resort and Hotel Enthusiasts: The resort architecture in the image hints that the video might 4. Visual Effects: The video incorporates digital art effects, enhancing its visual appeal
cover resorts or luxury hotels, attracting those interested in such accommodations. for audiences interested in visual arts and CG.

5. Relaxation and Stress-Relief Video Viewers: The stunning natural scenery and serene 5. Relaxation and Meditation: The serene beach and mountain views provide a calming
atmosphere provide a visually soothing experience, appealing to audiences seeking relaxation atmosphere, ideal for viewers seeking soothing visual content.

content.

1. Natural Scenery: The video showcases blooming flowers and lush greenery, creating
beautiful natural landscapes that appeal to nature lovers.

2. Floral Photography: High-definition footage captures intricate details of pink
blossoms, perfect for flower photography enthusiasts to study and enjoy.

1. Flower Enthusiasts: The video showcases abundant blooming pink flowers, appealing to
viewers with a strong interest in floral beauty.

2. Gardening Enthusiasts: The lush plants and well-pruned shrubs demonstrate excellent
gardening skills, attracting those passionate about horticulture.

° ° 0 i ’ 3. Gardening T The video Il-pruned shrubs and
3. Plant Photography Lovers: The high-definition footage and naturally fit floral shots make this professional plant cars methods, atracting both gardering hobbyists and home
video ideal for plant photography admirers to enjoy and learn from. gardeners

4. Nature Landscape Explorers: The video features flowers and greenery in a natural setting,
perfect for audiences who love exploring scenic landscapes

5. Outdoor Activity Lovers: The open-air scenery and natural environment cater to viewers who
enjoy outdoor adventures and nature exploration.

4. Garden Design: Thoughtful floral arrangements and plant combinations offer valuable
inspiration for landscape design enthusiasts.

5. Environmental Beautification: The content illustrates how flowers and plants can
enhance outdoor spaces, appealing to viewers interested in landscape improvement.

1. Parents and Expecting Parents: The video's collection of lovely dresses appeals to those 1. Kids Fashion: Clearly indicates that the video features children's clothing.

seeking perfect outfs for their daughters 2. Princess Dress: Highlights the princess-style dresses for little girls showcased in the
2. Maternity and Baby Product Enthusiasts: Users with a strong interest in parenting and video.

baby products will be drawn to the high-quality children's clothing featured in the video. 3. Early Spring Outfits: Features children's outfits stitable for early spring wear.

3. Children’s Day Gift Shoppers: These users are looking for special gifts for their daughters 4. Fashion Parenting: Combines fashion and parenting themes to attract users

on occasions like Children's Day. interested in kids' style.

4. Stay-at-Home Moms: These users will pay special attention to the comfortable and 5. Family And Parenting: Relates to family life and parent-child relationships, appealing
everyday-friendly children's clothing recommended in the video. to users who follow parenting and family content.

5. High-Quality Kids' Fashion Seekers: The video highlights the intricate details and premium
feel of the clothing, appealing to those who prioritize high-end children's fashion.

Figure 10: The example of tags generated by the MLLMs.
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Figure 11: Item tag and user tag frequency distribution.

C.2 Statistics of Logic Graph

We also investigate the quality of the logic graph by analyzing the edge degree of the U2I and 12U logic graph in
Figure[T2} The left is a scatter plot with marginal distributions of the U2I graph. Since the U2I graph represents
a directed graph of user tags to item tags conversion relationships, the x-axis indicates the out-degree of use
tags, and the y-axis indicates the in-degree of item tags. The right is a scatter plot with marginal distributions
of the 12U graph, with the x-axis indicates the out-degree of item tags and the y-axis indicates the in-degree
of user tags. We observe that in the U2I graph, the out-degree distribution of user tags is highly dispersed,
indicating that user-generated tags reflect personalized social roles rather than conforming to homogeneous
labeling patterns. This suggests that the divergent logic of the U2I graph can cover a broader range of item
tags, mitigating the “clustering effect” and thereby breaking through information filter bubbles to enhance the
diversity of recommendation results.

C.3 Case Study of Tag-Logic Exploration

Intuitively, the initial tags ’7;(0) represent the most obvious type of users that the item would match, while 7;(1)
diverges from the initial user roles which tend to explore outside the echo chamber [19] in the recommendation
process. We provide a real case example in Figure [[3]to illustrate the differences. We consider both sets as
effective tags of the corresponding item and we define positive/negative tags for the positive/negative items as:

T =TO TV, Tm =T uTY, (13)
where the weights of the same tag are summed and normalized.

We further present a case study in Figure [[3] that illustrates the transformation from users’ original tags to
exploratory tags during the inference process. Specifically, we compare: (1) the original user tags predicted
by the model for the target user, and (2) the logically explored user tags from the initial user tags. The results
demonstrate that the purple-highlighted tags in the exploration tag set (Wedding Preparers, Parent-child Activity
Participants and Skiing Enthusiast) successfully break through the information cocoon of the original tag
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Degree Analysis in U2| Graph Degree Analysis in 12U Graph
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Figure 12: The degree analysis in U2I and I2U graph.

collection, introducing three novel semantic dimensions. Correspondingly, the expanded recommendation list
incorporates fresh short videos aligned with these novel tags, ultimately delivering an innovative user experience
through logic discovery.

70 7O
l Dynamic Dance Enthusiast l l Choreographer l
: Wedding P
l Romance Story Enthusiast l Explore outside l G ElE el Outside the
1 the Echo Chamber [ Parent-child Activity Participants Echo Chamber
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§ - Outfit Inspo Video - Wedding Tips Video

g - Fitness sharing Video - Cycling Scenery Video

Figure 13: Case study on a user’s original (user)tags and exploration (user)tags during inference.

D Additional Evaluation Results

D.1 (M)LLM Evaluation with Human Experts

Table 7: Generated tag comparison results against GPT-4o.
Test Set (G+S)/(B+S) (G+S)/(B+S)95% CI  Win-Tie Rate = G/S/B Details

359 videos 0.92 [0.993,1.35] 59.88% 125/90/144

Although multimodal large models have demonstrated strong capabilities in content understanding and reasoning
for short videos, they may still suffer from hallucination issues at this stage. To validate the quality of the tags
extracted by the MLLMs, we conducted a manual GSB Evaluation (Good Same Bad) [26] and a a fine-grained
evaluation to assess the quality of the tags generated by the MLLMs. This manual evaluation was performed
by trained professionals who systematically scored each output tag against predefined criteria. Specifically, we
selected a test set of 359 short videos and compared the fine-grained scores of tags generated by our method
with those generated by GPT-40 [28]. The human evaluation consists of two parts: a GSB assessment on the full
set of 359 test samples (shown in Table[7) and a fine-grained evaluation on a subset of 191 samples (shown in
Table @) The fine-grained criteria include four dimensions: Accuracy, Completeness, Reasonableness, and
Interpretability.
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Accuracy: Evaluates whether the model’s output contains errors—for example, extracting tags from the
video title or image OCR that are completely unrelated to the video content (ignoring weak relevance; only
considering obviously incorrect labels).

¢ Completeness: Assesses whether the model’s tags cover all key aspects of the video content—i.e., whether
any important dimension is missing.

Reasonableness: Refers to cases where tags are not outright wrong but are only weakly related to the video’s
main theme (e.g., mentioning incidental or background elements).

Interpretability: Measures whether the tags are easy to understand, using clear and concise language while
avoiding vague or obscure expressions.

Table 8: Fine-grained tag quality comparison

Test Set Model Accuracy Completeness Reasonableness Interpretability
191 videos \4! 0.88 0.65 0.93 0.99
191 videos  GPT-40 0.85 0.75 0.92 0.99

The human evaluation results demonstrate that in terms of overall effectiveness, our method achieves a GSB
score of 0.92 compared to GPT-40. At the fine-grained level, our approach outperforms GPT-4o0 in accuracy,
shows slightly lower performance in completeness, and performs marginally better in reasonableness. These
results substantiate the superior quality of the tags extracted by our method.

Note: Compared with tag extraction, we keep a higher tolerance for the factual accuracy of the generated logic
graphs, as their primary objective is to facilitate user interest exploration. This goal prioritizes diversity and the
stimulation of potential user interests over strict factual precision. Nevertheless, to objectively assess the quality
of these graphs, we conducted a corresponding human evaluation study. The results on a test set of 3,220 videos
are summarized in the table[0]

Table 9: Tag logic graph comparison results against GPT-4o.
Test Set (G+S)/(B+S) (G+S)/(B+S)95% CI  Win-Tie Rate = G/S/B Details
3,220 videos 0.875 [0.955, 1.19] 52.3% 1237/500/1483

D.2 Different LLM Size & Complexity

Different LLM Size: To determine the optimal LLM size for our TagCF framework in an industrial setting,
we conducted extensive experiments with LLMs of various parameter scales, including 0.5B, 1B, 7B, and 9B
versions. The key findings from our scaling study are summarized in the table Our parameter scaling
experiments found that while smaller models (0.5B/1B) handle 93% of cases, the 7B model is crucial for the
hardest 7%. The 9B model offered only a marginal +3% accuracy gain but with significantly higher latency.
Thus, we employ a cost-effective cascade of smaller models for easy cases and the 7B model for hard samples,
achieving an optimal balance.

Complexity: To optimize computational efficiency, our system performs tag extraction in a threshold-based
manner, processing only new videos that exceed a predefined interaction count (e.g., 500 interactions). This
selective approach ensures that resources are allocated to higher-impact content while maintaining tagging
quality. Furthermore, model distillation is employed to enhance inference efficiency, enabling the distilled model
to extend coverage to all videos cost-effectively. For online integration, we leverage a highly efficient key-value
(KV) database, which allows for the retrieval of a video’s associated tag set in constant O(1) time complexity.
Our online workflow is designed to facilitate parallel reading of tags and subsequent modeling computations.
Crucially, once extracted, the tags are stored as immutable metadata permanently linked to the video. This
persistent tag set serves all downstream recommendation tasks throughout the video’s lifecycle, significantly
enhancing the overall performance and reusability within the system.

Table 10: Different LLM Size Results (7B as Baseline)

Model Accuracy Coverage Hard Case Relative Cost
0.5B/1B -1% -1% X -69%

7B - - v -

9B +3% +0% v +37%
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E Broader Impacts

Our work on enhancing recommender systems through LLM-enhanced user role identification and logical
Recommendation has significant societal implications, both positive and negative. By incorporating user roles
and behavioral logic, our framework enables more nuanced recommendations, better aligning with individual
preferences and social contexts. This can enhance user engagement and satisfaction in applications such as
e-commerce, content platforms, and educational tools. On the other hand, the framework may potentially provide
new methodologies to social science by providing automatic and systematic solutions to discover user behavioral
logic in the big data era.

However, despite the advancements offered by our method, it is essential to acknowledge potential drawbacks. If
the system misinterprets user roles or behavioral logic, it could lead to irrelevant or harmful recommendations.
Additionally, concerns regarding privacy and fairness arise due to the collection and analysis of user data for
recommendations, necessitating careful consideration of ethical implications in its deployment. To this end,
further complementary research on the solutions to mitigate these issues is necessary to achieve a benign and
protective recommender system for users.

F Limitations and Future Work

Deal with cold start users: In this work, we focus on a standard top-N recommendation task that assumes the
presence of user histories. The proposed TagCF also involves a tag-based user encoder that uses a sequential
model backbone. Thus, in cold-start user scenarios, where the users provide little information about their
preferences, it would be difficult to solve the user role identification task or to investigate which logic the user
follows.

Improving expressiveness of the tag set: 7ugCF can obtain a sufficiently expressive and general tag-logic
knowledge that can transfer to other tasks or augmentation models. Yet, we are skeptical about the optimality of
the extracted knowledge, mainly due to the greedy cover set update algorithm.

Computational cost: All three modules in our proposed framework brings extra computational overheads to the
system. The tag extraction module and the logic reasoning module involves the inference cost of MLLMs and
LLMs. However, due to the generalizability of this tag-logic knowledge, they can benefit many other task across
the platform. This is also one of the key reason the augmentation paradigm of LLM-based recommender system
are most favored in recent days. On the other hand, the tag-logic integration module requires extra efforts to
model the tag-based encoder, learn additional objective, and explore the tag-logic during inference. These are all
inevitable computational costs that the designer have to consider when constructing cost-effective solutions.

Full tag set vs. cover set: For efficiency and generalizability concerns, 7agCF adopt the cover sets for tag-logic
representation and augmentation of recommender systems. However, the cover set only takes a small portion of
the full set, which leaves the majority of the full set knowledge unused. Intuitively, it is reasonable to believe
that the more fine-grained full tag set may potentially have better interpretability for specific cases, and it may
work investigation on better ways to exploit this full set.
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