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Abstract

Hierarchical data arise in countless domains, from biological taxonomies and orga-
nizational charts to legal codes and knowledge graphs. Residual Quantization (RQ)
is widely used to generate discrete, multitoken representations for such data by
iteratively quantizing residuals in a multilevel codebook. However, its reliance on
Euclidean geometry can introduce fundamental mismatches that hinder modeling
of hierarchical branching, necessary for faithful representation of hierarchical data.
In this work, we propose Hyperbolic Residual Quantization (HRQ), which embeds
data natively in a hyperbolic manifold and performs residual quantization using
hyperbolic operations and distance metrics. By adapting the embedding network,
residual computation, and distance metric to hyperbolic geometry, HRQ imparts
an inductive bias that aligns naturally with hierarchical branching. We claim that
HRQ in comparison to RQ can generate more useful for downstream tasks discrete
hierarchical representations for data with latent hierarchies. We evaluate HRQ on
two tasks: supervised hierarchy modeling using WordNet hypernym trees, where
the model is supervised to learn the latent hierarchy - and hierarchy discovery,
where, while latent hierarchy exists in the data, the model is not directly trained or
evaluated on a task related to the hierarchy. Across both scenarios, HRQ hierarchi-
cal tokens yield better performance on downstream tasks compared to Euclidean
RQ with gains of up to 20% for the hierarchy modeling task. Our results demon-
strate that integrating hyperbolic geometry into discrete representation learning
substantially enhances the ability to capture latent hierarchies.

1 Introduction

== RQ
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Hierarchical structures appear throughout human knowl-
edge and information organization, serving as essential 750
frameworks for understanding complex relationships be-  g»s

tween entities. These structures can be found in biological ~ §7°
classifications of living organisms [34], business organi-  °
zational structures [13]], and computer file systems [36].  ~° I

Studies show that when children learn, they organize their
knowledge in hierarchies [26]. This pattern extends to Hidden mensions
numerous other domains as well: from taxonomic catego-
rization in libraries and archives to the nested organization
of legal codes and regulations. Government systems typi-
cally follow hierarchical arrangements, with federal, state,

Figure 1: Recall@10 of the hypernym
generation based on tokens generated by
HRQ vs tokens generated by RQ. HRQ
consistently outperforms RQ.
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and local levels each containing their own internal hierar-

chies. Similarly, academic disciplines are organized into

fields, subfields, and specialized areas. The presence of hierarchical structures across such diverse
domains reflects their importance in how humans conceptualize and organize information.

In the current state of machine learning modeling, most often continuous vectors are used to represent
entities [} 137, [7]. However, it can sometimes be beneficial to use discrete representations rather
than continuous vector embeddings. Discrete tokens function effectively as labels because in the
discrete domain, generation is equivalent to prediction. This equivalence allows models to avoid
complicated generation methods like GANSs [19] or diffusion models [25], and instead rely on more
straightforward prediction tasks. Discrete representations also tend to be more interpretable as each
token can correspond to a specific concept or attribute in the hierarchy [44].

Residual Quantization Variational Autoencoders (RQ-VAE) [31} 58] leverage these benefits by
creating semantic hierarchical discrete representations through a multilevel quantization process [51].
At each step of residual quantization, the model encodes increasingly fine-grained details, with earlier
levels capturing broader structural elements and later levels representing more specific attributes.
The result is a list of tokens that together create an identifier of the entity. We will refer to this
hierarchical discrete representation as Multitoken(MT). By learning discrete tokens at multiple levels
of abstraction, RQ-VAE provides a framework for modeling hierarchical relations directly from dense
embedding.

However, RQ-VAE operates within Euclidean space, which imposes fundamental limitations on its
ability to capture hierarchical relationships. Euclidean geometry struggles to efficiently represent
tree-like structures [22]], as the volume of space grows polynomially with distance from the origin,
while the number of nodes in a hierarchy typically grows exponentially with depth. This geometric
mismatch means that Euclidean-based models like RQ-VAE inevitably lose important hierarchical
information during encoding.

In contrast, hyperbolic space [22], a Riemannian manifold with constant negative curvature, has
been shown to model hierarchies remarkably well [40} 41]. The hyperbolic space can approximately
isometrically embed any tree already in two dimensions [22], whereas the same cannot be said for
the Euclidean space of any dimension. The volume in the hyperbolic space grows exponentially with
distance from the origin, aligning well with the growth of number of nodes in hierarchy.

The ability to encode trees by hyperbolic geometry has inspired numerous advances in machine
learning. Hyperbolic neural networks have also been extensively leveraged in continuous embedding
models to exploit latent hierarchies in a variety of domains. Poincaré embeddings [40], learn
continuous hierarchies by mapping symbolic data into an n-dimensional Poincaré ball. The authors
showed that these embeddings outperform the Euclidean ones on tree-structured data in terms of
both representation capacity and generalization ability. Hyperbolic embeddings found use in data
domains rich in latent hierarchies, like knowledge-graph representation[3, |12} [32]] and recommender
systems [49 (10,1391, and other [54} [18]].

Despite these advances in continuous embedding models, the application of hyperbolic geometry
to discrete representation learning has remained mostly underexplored. HyperVQ [20] proposes to
perform vector quantization in a hyperbolic space by phrasing it as a hyperbolic multinomial logistic
regression. In this paper, we use hyperbolic distance to find the nearest codebook vector and focus on
the hyperbolic version of Residual Quantization. We introduce Hyperbolic Residual Quantization
(HRQ), which performs residual quantization (RQ) in a hyperbolic space with an adapted process of
residual quantization to accommodate the hyperbolic structure. We claim that for data with latent hi-
erarchies residual quantization benefits from hierarchical inductive bias induced by hyperbolic space.
We implement this approach through several key adaptations: first, we employ hyperbolic neural
networks for the embedding process, ensuring that data representations reside natively in hyperbolic
space. Second, we utilize hyperbolic operations to calculate the residuals between quantization levels,
preserving the geometric properties of the space throughout the quantization process. Finally, we
incorporate hyperbolic distance metrics in the clustering algorithm, allowing the model to properly
capture the hierarchical relationships between data points. These modifications enable HRQ-VAE to
make use of the natural advantages of hyperbolic geometry to represent hierarchical structures while
maintaining the benefits of discrete token-based representations.



We evaluate the quality of the multitokens created by HRQ in two scenarios. First, we test its ability to
model hierarchies with supervision on the hierarchy. (H)RQ creates multitokens of nouns [38] based
on their hypernymy relation. Then, we test which representation is more useful in generating the
hypernym for a given noun. We show that multitokens learned with Hyperbolic Residual Quantization
significantly outperform tokens learned with Residual Quantization. Furthermore, we test the model’s
ability to create meaningful hierarchies without direct supervision on the hierarchy. Specifically, we
evaluate it in a scenario where hierarchy exists, but the model is not supervised on modeling the
hierarchy and is used for a task not directly related to the hierarchy. We show that the multitokens
generated by HRQ outperform the multitokens generated by RQ in this scenario as well.

The paper is organized as follows. In Section 2.1 we introduce necessary concepts from the theory
of hyperbolic spaces for our method and describe the RQ-VAE algorithm. In Section 3] we describe
HRQ-VAE. In Section ] we demonstrate our experimental results. In section 5] Finally, in Section [f]
we summarize our findings and propose future directions.

2 Background

2.1 Hyperbolic Space

Hyperbolic geometry operates on manifolds with constant

negative Gaussian curvature. A fundamental characteristic

of hyperbolic geometry is its exponential spatial expansion

relative to the distance from any reference point, creat- =M I

ing abundant capacity to represent branching structures. ~

This property enables hyperbolic spaces to accommodate

the embedding of complex hierarchical relationships with Ty =ei)

minimal distortion. Research has demonstrated that ar-

bitrary tree structures can be embedded within a hyper- M

bolic space while approximately preserving their metric

properties [22| 23]]. Because of these results, hyperbolic Figure 2: Visualization of the tangent
space can be conceptualized as "a continuous version of & gpace and related operations. Exponen-
tree," making it exceptionally valuable for computational 4] map exp® maps from the tangent
representations of hierarchical data structures, complex  gpace attached at  to the manifold and
networks with inherent branching patterns, and systems logarithmic map logS maps from the

characterized by nested relationships. manifold to the tangent space attached

In this work, we use the Poincaré ball model, which is the atpomnt .
most widely used representation of the hyperbolic space

in the context of neural networks. The definition of the

Poincaré ball we use follows Ganea et al. [[16]].

The Poincaré Ball Model. The n-dimensional Poincaré Ball P with curvature c is a set {z €
R"™ : c||z||* < 1} with Riemannian metric ¢¢ = A\2g¥, where ¢g¥ is the Euclidean metric tensor
and )\, := T=d[al The gyrovector spaces [S0] allow one to define the operations corresponding to
the standard operations in the euclidean vector spaces. In the Poincaré ball model P7 the Mdobius
addition is a hyperbolic analogue of a standard addition operation, defined as
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Hyperbolic Distance. Distance in the Poincaré ball model of the hyperbolic space is defined as

cf[u — v||? )
(1= efful?)(1 = cfv[[?)

d®e(u,v) = arcosh(1 4 2 (1)

As points get farther from the center, the distance between them grows exponentially, creating
increasingly more space near the boundaries. Conversely, there is limited space near the center,
naturally constraining which points can occupy these central positions - a property that aligns with
hierarchical structures where few elements serve as high-level abstractions. The metric treats distance



differently when moving toward/away from the center versus moving side-to-side, which helps
capture both how deep items are in the hierarchy and how they branch apart. Items that belong to
the same branch end up close to each other but at different depths, while the exponential growth of
distances ensures effective separation between different branches. This makes it easy to preserve
both the local structure (items close to each other in the hierarchy) and the overall organization (how
different branches relate to each other).

The Tangent Space. The tangent space 7, M of the manifold M at point x is an euclidean space
attached to the manifold at point x that intuitively contains all possible velocities the vector attached
to x can have.

In order to translate between manifold and tangent space, two special maps are used. The exponential
map projects vectors from the tangent space 7, M to the manifold M. In contrast, the logarithmic
map is used to project from the manifold M to the tangent space 7, M. For the Poincaré ball model,
the exponential and logarithmic maps are equal to
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Similarly to the addition, scalar multiplication has its own hyperbolic version. These operations
suffice to derive linear layers. Furthermore, with exponential and logarithmic maps, it is possible to
add nonlinearities by translating back and forth from the manifold to the tangent space. Here, we
defined only necessary the concepts that will be explicitly used in the HRQ-VAE algorithm, and
omitted others that are necessary to derive hyperbolic layers (like scalar multiplication). We refer
interested readers to Ganea et al. [16] or Cannon et al. [8]

3 Method

Multitoken(MT) is a list of discrete tokens that together identify an entity in the dataset D. While
the typical flat discrete representation is a single number from 0 to | D| — 1, the multitoken of length k,
is a list of k tokens [to, ..., tx—1], such that jointly they identify a corresponding entity. If multitokens
are structured in a semantic way, they can offer representational benefits over flat tokens. Specfically,
tokens can be shared across different multitokens, leading to information sharing and a more efficient
and robust representation than flat tokens, where each entity is treated independently. For example, a
tiger might be identified by a multitoken [12,24] and a lion might be identified by a token [12,364].
In this case, the first token 12 is shared between the two entities and leads to a shared part of the
representation. The difficulty lies in creating good, structurally semantic multitokens.

3.1 Hyperbolic Residual Quantization.

Hyperbolic Residual Quantization (HRQ) is a method for hierarchical multitoken representation
that performs residual quantization directly in hyperbolic space. The method is inspired by classical
residual quantization (RQ), which approximates vectors by iteratively quantizing their residuals with
respect to multiple codebooks. HRQ generalizes this process to hyperbolic geometry, ensuring that
the hierarchical structure induced by quantization is better aligned with latent hierarchies in the data.

Let C = [Cy, ..., Ck_1] be a sequence of codebooks, where each C; contains s vectors in IP’CL, the
h-dimensional Poincaré ball of curvature c. For a vector 25< € P?, HRQ produces a sequence of
tokens [t°, ¢, ..., t*71] and corresponding codebook embeddings [€°, ¢!, . .., e¥~1] as follows. The
initial residual is set to 7* = zf<. At each step i, we quantize the current residual using hyperbolic
distance:

et =qg (r'), wheree' € C;, t' €{0,...,s— 1}.

The residual is then updated via Mobius subtraction, 71 = 7t &, e?, and the process repeats until k

tokens are obtained. The multitoken [t°,#!, ... #*~!] uniquely identifies the representation of <.

The reconstruction is given by the Mobius sum of selected embeddings denoted as y£ = @f;ol el
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Figure 3: HRQ-VAE visualized. In the image HRQ-VAE quantizes given vector x into a multitoken
[to,t1, 2] and its corresponding embeddings e, el eZ. Green blocks represent mapping to and
from hyperbolic space. Yellow blocks represent hyperbolic autoencoder. The detailed part in the
middle is responsible for hyperbolic residual quantization. The space expands exponentially the
further we go away from the center. In fact, The circle’s border is at infinite distance from point 0. As
a consequence, most of the points must be distant from the center and only a small number of points
can be at a privileged position close to the center. This leads to natural occurence of hierarchies.
Light gray branches represent the possible HRQ-VAE and

We denote the quantization process by HRQc(x5e) = ([t°, ..., t* 7], y5<). In cases where the

final residual matches the last codebook, i.e. 7*~1 € Cj,_1, the reconstruction is exact, y'c = zfe.
Otherwise, the approximation error dp, (2%<, 3%<) is minimized during training. We optimize the
codebooks with the loss
k
Pey _ ' 12 ' 112
Lurg(@i) = (llsglr'] = €'l + allr’ = sgle’]|1?),
i=1

where sg[-] denotes the stop-gradient operator and « controls whether residuals are pulled toward
the codebook vectors or vice versa. This objective ensures stable training and prevents codebook
collapse.To allow backpropagation through the quantization step, the derivative with respect to %<

PC
is modeled using the straight-through estimator, nymc = I. To solve conflicts between items in the
X

representations generated by RQ, it adds an additional token that extends multitoken to uniquely
identify the item. In practice, this is rarely necessary to uniquely identify an item as the multitokens
from RQ most often suffice for the identification.

By embedding the residual quantization mechanism in hyperbolic space, HRQ directly exploits the
curvature of the geometry to encode latent hierarchies. The resulting multitokens are more structured,
semantically meaningful, and efficient than those produced in Euclidean space.

3.2 Hyperbolic Residual Quantization VAE (HRQ-VAE)

We introduce Hyperbolic Residual Quantization VAE (HRQ-VAE), a generative model that
integrates Hyperbolic Residual Quantization into an autoencoder framework. The method is inspired
by RQ-VAE, which applies residual quantization in Euclidean space, but adapted to hyperbolic space,
ensuring that the learned multitoken representations better align with latent hierarchies.

Formally, let Fy : R? — PP and Dg“' : Ph+ — P" denote the encoder and decoder networks,

parameterized as hyperbolic neural networks [16]. Since the input z € R? lies in Euclidean space,
we map it to the hyperbolic manifold via the exponential map:

e = Bg(exp§(z)).

HRQ quantizes the latent embedding: ([t°,...,t*7!] yP<) = HRQc(2F<),. The decoder recon-
structs the embedding, which is mapped back to Euclidean space with the logarithmic map:

& = logf; (Dy*(y5°)).



The model is trained with two objectives. The reconstruction loss Lg(z) = ||z — 2||? encourages
faithful reconstruction, while the quantization loss L ro (25<) updates the codebooks and controls
the interaction between residuals and code vectors. The total loss is L(x) = Lg(z) + L rg(25e).

Optimization is performed with Riemannian SGD [4], ensuring that both codebook vectors and
network parameters remain consistent within hyperbolic space. We denote the full process as

HRQ-VAE(z) = ([*,...,t""1],2).
By embedding HRQ within a hyperbolic autoencoder, HRQ-VAE learns multitoken representations

that are discrete and natively hierarchical due to hyperbolic structure. The visualization of HRQ-VAE
is shown in the Figure[3] The pseudocode for HRQ-VAE is in the Algorithm 1]

ICs| k  Token type Hidden dimensions
4 8 16 32
3 RQ 71.2% 73.7% 69.8% 67.1%
64 HRQ 79.0%(+10.9%) 79.6%(+8.0%) 79.1%(+13.3%) 78.3%(+16.7%)
4 RQ 71.2% 70.9% 70.3% 64.6%
HRQ 78.8% (+10.7%) 79.2%(+11.8%) 79.2%(+12.6%) 78.9%(+22.1%)
3 RQ 71.3% 72.5% 72.4% 66.3%
128 HRQ 79.5% (+11.4%) 79.5%(+9.7%) 79.5%(+9.8%) 79.1%(+19.3%)
4 RQ 72.2% 72.7% 70.9% 64.6%
HRQ 791%(+9.6%) 79.4%(+9.2%) 79.6%(+12.3%) 78.7%(+21.8%)
3 RQ 72.4% 73.2% 71.2% 66.2%
256 HRQ 78.9%(+9.0%) 80.0%(+9.3%) 80.3%(+12.9%) 79.9% (+20.7%)
4 RQ 73.5% 72.2% 70.9% 67.3%
HRQ 79.3%(+7.9%) 79.5%(+10.1%) 80.0% (+12.9%) 79.2% (+17.7%)

Table 1: Top 10 Recall of hypernymy prediction models trained on multitokens generated by RQ and
HRQ. Despite operating on the same model and differing only in the structure of the multitokens,
model that operated on HRQ multitokens produced significantly higher recall than model operating on
RQ multitokens. The value (+x.2:%) represents a percentage gain of HRQ w.r.t. RQ: (HRQ-RQ)/RQ.
These results demonstrate that HRQ multitokens capture significantly more semantic information.

4 Experiments

In this section, we empirically evaluate the quality of multitokens produced by RQ and HRQ. We
evaluate the quality of tokens in a two-step pipeline. First, we learn the tokens for all entities. Then,
we fix the tokens and investigate how well they perform in a downstream task.

We focus on data with latent hierarchies and our claim is that hyperbolic residual quantization
produces better multitokens for data that contain latent hierarchies. Therefore, all our experiments
are characterized by the clear existence of hierarchies in datasets. We evaluate HRQ in two distinct
scenarios. First, we look at Hierarchy Modeling(Section {.1}), in which the multitokens are explicitly
trained on the hierarchy and the downstream task is related to the hierarchy multitokens are modeling.
The second scenario, which we call Hierarchy Discovery(Section [4.2), operates a dataset which
contains latent hierarchies, but the model that learns multitokens is not supervised on these hierarchies.
Furthermore, the downstream task is not directly related to the latent hierarchy as well.

Additionally, in Appendix [D]we inspect the structure of the space hypothesize on what causes benefits
of HRQ multitokens. The implementation details for all methods are in Appendix [C]

4.1 Hierarchy Modeling

In this section, we investigate how effectively HRQ tokens capture hierarchical relationships compared
to RQ. To do that, (H)RQ creates tokens by learning directly to predict hierarchical relation. Our



experimental setup is similar to the main experiments from Nickel and Kiela [40] that is adapted to
discrete setting to compare the quality of discrete multitokens. Specficially, we use the transitive
closure of the WordNet [38]] noun taxonomy. The WordNet taoxnomy contains 82,115 nouns and
743,241 hypernymy relations. A hypernymy is a semantic “is-a” link where a general word(the
hypernym) covers a group of more specific words (its hyponyms). We first learn the multitokens by
simultaneously training an embedding and learning (H)RQ.

After we learn and create multitokens for all nouns, we fix multitokens, and we train a sequence-
to-sequence transfomer model that translates noun to its hypernym, both represented with their
corresponding multitokens. We evaluate the model by measuring recall@10 in the test dataset, which
was not visible neither for the multitoken creation nor for the training of the sequence-to-sequence
model. The test dataset is a randomly selected 15% of all hypernymy relations. We learn the
multitoken of the noun by embedding it in a continuous space, then contrastively pushing away
nouns that are not in the hypernymy relation and pulling closer nouns that are. At the same time,
the embedding is being quantized into multitokens by RQ or HRQ. Both embedding and codebook
vectors are trained joinlty at the same time.

Formally, let N be the set of nouns, and H = {(u,v) : w € N,v € N : v is a hypernym of v} be the
set defining the hypernymy relation. Let Ey be the h-dimensional embedding network, that embeds
either in Euclidean or hyperbolic space depending on the model. Let H'(u) = {v : (u,v) ¢ H}U{u}.
We also have a (H)RQ algorithm with a codebook of length &, each codebook having s vectors. Then
the total loss for (u,v) € H is given by:

e—d(Eg(u),Eq(v))
iy Lra(Ee(w)) + Lrg(Ee(v))

L(u,v) = log 5 »
v'€H'(u

In practice, we limit H'(u) to 50 sample nouns from N that are not hypernyms of u and v.

L(u,v) is minimized for §, C' with d being either the euclidean distance for RQ or hyperbolic distance
for HRQ. As a result, it produces multitokens for all nouns T'(u) = [to, ..., tx—1]. In the next step,
a transformer sequence-to-sequence model is trained to predict a hypernym for a given noun, both
represented as their learned multitokens. The idea is that multitokens that better capture the structure
of the space will serve as a more useful representation for the hypernymy generation.

To evaluate the representation quality of multitokens generated by RQ and HRQ, we investigate
different combinations of parameters. We investigate the results for token lengths k& € {3,4}. We vary
the size of codebooks s € {64, 128,256} and the dimensions of dense embeddings h € {4, 8,16, 32}.
We focus on small dimensionalities of the dense embedding because usually before the residual
quantization occurs, the embedding is mapped to a low-dimensional space.

The results for k = 4 and |C;| = 256 are shown in the Figure The complete results are shown in
Table[I] Although the final sequence-to-sequence models differ only in the representations of the
nouns and otherwise have the same architecture, the tokens generated by HRQ sometimes lead to
an improvement of up to 20% over the tokens generated by RQ. It clearly demonstrates the quality
difference in favor of HRQ. The significant improvement is consistent across all dimensions tested.
This demonstrates that HRQ is able to create significantly more semantic multitokens than the RQ,
when it is trained to predict hierarchical relations.

4.2 Hierarchy Discovery

In real-world applications, the data often contains inherent hierarchical structures that are not explicitly
labeled or available during model training. Although approaches directly supervised on the hierarchy
can effectively learn to mimic known hierarchies, discovering latent hierarchical relationships without
direct supervision presents a more challenging task. We call it the "Hierarchy Discovery", where the
(H)RQ model creates hierarchical structures based solely on patterns present in the embeddings.

In this setting, we evaluate whether the hierarchical inductive bias of HRQ-VAE leads to multitokens
that capture more semantic information compared to the standard RQ-VAE, when neither model has
access to hierarchical supervision during training. Both approaches must rely entirely on patterns
within the embeddings themselves, but in HRQ-VAE there is an additional inductive bias towards
the formation of hierarchical structures. Our evaluation focuses on downstream task performance
as the primary measure of representation quality, reflecting the practical perspective that better
representations should yield improved results on real-world problems.



We use the Amazon Reviews 2014 [35] dataset, which contains a product catalog with detailed
descriptions. We will generate multitokens of the products and then use them in a recommender
system. We first generate dense embeddings with the MPNet [48]] from product descriptions, which
serve as input for both our RQ-VAE and HRQ-VAE models.

RQ-VAE and HRQ-VAE are trained to produce multitokens without explicit hierarchical supervision.
The quality of these discrete representations is subsequently measured by using them to train a
sequence-to-sequence recommender system, where performance differences directly reflect the
semantic richness captured by each quantization approach. The recommender system is a transformer
encoder-decoder that predicts the next bought item based on all the previous history. Following the
protocol of Rajput et al. [44] we limit the user histories to those that have at least five items and
truncate the histories to 20 items.

In order to test the model beyond the Amazon Reviews 2014 dataset, we also include the evaluation
on the MovieLens 10M [24]] dataset. Note that both product and movies can be structured in latent
taxonomical hierarchies, making them suitable for our case. As the MovieLens dataset does not
contain the movie description, we first generate the descriptions with the LLM Claude [1l]. The
prompt used to generate the description is included in the Appendix

Dataset Metric Random RQ-VAE HRQ-VAE
NDCG@5 1.66%+0.07  2.29%%0.03  2.41%=+0.04 (+5.2%)
AR Beaury | Recall @5 2.06%+0.09  3.68%+0.03  3.74%=+0.04 (+1.6%)
WY NDCG@10  2.35%+0.09  2.83%=0.05 2.89%+0.05(+2.1%)
Recall@10  3.87%+0.17  4.83%=0.06 5.01%+0.06(-+3.7%)
NDCG@5 1.51%+0.07 1.91%+0.02 1.94%+0.02(+1.6%)
AR TaG Recall@5 1.97%+0.09  2.82%=+0.03 2.93%+0.03(+3.9%)
NDCG@10  1.94%+0.09  2.45%+0.03 2.47%+0.03(+-0.8%)
Recall@10  2.76%+0.16  4.22%=+0.08 4.53%+0.09(+7.3%)
NDCG@5 0.95%+0.07  1.03%+0.02  1.03%=0.02 (+0.0%)
AR S40 Recall@5 1.34%+0.08 1.58%+0.02 1.62%+0.02(+2.5%)
NDCG@10  1.29%+0.09  1.50%=+0.03 1.48%=+0.02(—1.4%)
Recall@10  2.41%+0.14  2.78%=0.04 2.85%+0.04(+4.0%)
NDCG@5 11.42%+0.32  11.45%+020  11.76%+0.24(-2.7%)
MovieLens  Recall @3 17.43%+0.54  17.62%+021  17.90%= 0.25(+1.6%)
NDCG@10  13.21%+0.58  13.89%+0.28  14.27%=+ 0.40(+2.7%)
Recall@10  23.52%+0.73  25.11%+0.37  25.49%= 0.33(+1.5%)

Table 2: Results of recommender systems for different multitokens (Random, RQ-VAE and
HRQ-VAE) across four datasets. The table reports average metric over 8 runs. The observed
standard deviation is written on the right of the results. For the HRQ-VAE, percentage improvement
over RQ-VAE is in the parantheses.

Apart from the RQ-VAE and HRQ-VAE we also include a baseline that consists of randomly sampled
tokens with additional token that distinguishes conflicts, similarly to (H)RQ. The main results are
shown in Table 2] The multitokens generated by HRQ-VAE consistently outperform RQ-VAE and
the random baseline. The reported results are on the test set with each model type selected with the
highest performance on the validation set.

5 Related Work

Quantized representations. Quantized discrete representations are an alternative to dense em-
beddings, which recently gained popularity. The aim of a quantized representation is to create
coarse information representations that focus on qualitative properties [21]. Van Den Oord et al. [52]
proposes VQ-VAE that learns the vector codebook simultaneously together with the embeddings.



This was further enhanced by RQ-VAE [31 58] that calculates the sequence of discrete tokens
by iteratively quantizing the residuals. Discrete representations are beneficial to use as labels, as
they avoid issues of high-dimensional continuous generation. VQ-GANSs [15} I57] utilize vector
quantization for adversarial [19,47] image generation. Zeghidour et al. [S8], Yang et al. [55]] uses
VQ-VAE for audio generation. RQ-VAE has been introduced both in audio [58] and image processing
(31

Hyperbolic Neural Networks. Neural networks operating in hyperbolic space have been demon-
strated to perform well in tasks and modalities with hierarchical structures. Sala et al. [46], Nickel
and Kiela [40], Ganea et al. [[17] demonstrate benefits of hyperbolic embeddings for data with latent
hierarchies. Ganea et al. [16] derives multi-layer fully connected hyperbolic neural network. The
benefits of utilizing hyperbolic neural networks can be observed in multiple areas containing hierar-
chies. Ma et al. [33], Yang et al. [56] model the taxonomy of objects in hyperbolic space. [2} 28]
applies hyperbolic nets to computer vision. Hyperbolic neural networks have shown their benefits
in reinforcement learning [9] due to the hierarchical nature of the unrolling episodes. Chamberlain
et al. [10], Chen et al. [[14], Sun et al. [49] applies hyperbolic networks to recommender systems
with two-fold motivation: 1) The bipartite graph nature of the interactions between users and items,
which has been shown to correspond to a complex network [30], and 2) Taxonomical nature of the
items. Hyper-VQ [20] proposes vector quantization in hyperbolic space. It presents the quantization
problem as a hyperbolic multinomial regression and is orthogonal to our contributions for HRQ-VAE.
Both can be combined together and we consider that a promising future work.

Recommender Systems. Traditional recommender systems represent items with ID-based tokens,
though with the advent of LLM usage in recommender systems, content-based tokenazation methods
have been proposed. RQ-VAE has been used in recommender systems [44] to tokenize item repre-
sentation and train a transformer-based recommender algorithm [27]]. Another sequential generative
recommendation model Petrov and Macdonald [42] also applies a quantization scheme based on
collaborative filtering and matrix factorization computed embedding.

6 Conclusions and future work

The results shown in this work indicate that HRQ-VAE creates hierarchical representations more
robust than RQ-VAE, when latent hierarchies appear in the dataset. We show that even if the model is
not directly supervised on the latent hierarchy, the multitoken generated by HRQ-VAE might still be
more robust than multitoken generated by RQ-VAE. Due to ubiquity of latent hierarchies in practical
dataset, we see potential for number of applications of HRQ-VAE.

Furthermore, improving the performance of discrete hierarchical tokens leads to more interpretable
models, as the hierarchical tokens can be related to the data taxonomies. This direction of research
might lead to models whose discrete representations remain robust under domain shifts and noisy
inputs, leading to societal benefits such as enhanced transparency in Al-driven decision-making, and
greater public trust through auditability of the deployed systems.

In this work, we limited the scope of investigation to datasets that exhibit clear latent hierarchies.
However, RQ-VAE has shown impressive results in several domains that do not follow this assumption,
such as image and audio processing. HRQ-VAE, after appropriate adaptation, can potentially be
applied to these domains as well. Each modality presents its own unique challenges related to the
scale of experiments, hyperbolic adaptations, and the analysis of performance-contributing factors.
Due to these complexities, we considered these additional modalities outside the scope of the current
paper. However, exploring the application of HRQ-VAE to these diverse domains remains an exciting
direction for future work.
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A HRQ-VAE

Algorithm 1 HRQ-VAE
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do
return tg, tq,....,t5_1, VO, VC

Algorithm 2: HRQ-VAE

B Datasets details
B.1 Hierarchy Modeling

WordNet is a large, manually curated lexical database of English that groups words into synonym
sets (synsets) and interlinks these synsets via semantic relations such as hypernymy and hyponymy,
enabling rich hierarchical modeling of concepts [38]. Each synset contains a gloss (brief definition)
and example usages, and synsets are organized into noun, verb, adjective, and adverb hierarchies [?
]. For our hierarchy modeling, we focus exclusively on the noun subnetwork, where the “is-a’
(hypernym) relation defines a directed acyclic graph representing a noun hierarchy.

The noun subnetwork consists of 82, 115 nouns and 743, 241 hypernymy relations. We split it into
the train set and test set by randomly choosing 85% of the hypernymy relations to be selected for the
the train set. The Embedding, RQ and the sequence-to-sequence models are all trained on the train
set. We use the remaining 15% as the test set on which we report the performance.

s

B.2 Hierarchy Discovery

We used four datasets to evaluate the HRQ-VAE performance in the Hierarchy Discovery section.
Three data sets are the categories *Beauty’, *Sports and Outdoors’ and *Toys and Games’ from the
Amazon Reviews 2014 suite [35]. We also evaluate HRQ-VAE on the MovieLens10M dataset [24].
The (H)RQ-VAE uses dense embeddings of the items to learn the corresponding hierarchical tokens. In
order to create dense embeddings of the items, we use a pretrained, fixed language model embedding
[48]], which embeds the description of the item. The descriptions of the items are included in the
Amazon Reviews 2014 datasets. For MovieLens, we first create the description from the movie title
with the help of a Claude 3.5 Sonnet [1] language model.

Dataset Users Items
AR Beauty 22,363 12,101
AR Toys and Games 35,598 18,357
AR Sports and Outdoors 19,412 11,924
MovieLens10M 71,567 10,681

Table 3: Quantitative statistics of datasets used in Hierarchy Discovery experiments.
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In all experiments, we focus on predicting the next item the user interacted with (whether watched
a movie or bought a product) and disregard the scores. This is a standard practice in the area of
recommender systems [44} 27, |59].

In order to use MovieLens, we first create the descriptions with Claude 3.5 Sonnet [1]]. We use the
following prompt to generate the movie description:

You are an expert in movie descriptions. Your task is to
generate movie description that:

- contains a maximum of 100 words

- captures the general theme of the movie and interesting
specifics of the story

- can be used adequately in a search engine to search for a
movie Your task is to generate a movie description for the
following movie title. Return the movie description and do
not return anything else.

From the description, we generate a dense embedding in the same way as for AR datasets. In all
datasets, we cut the histories shorter than 5 elements and limit the length of user histories to 20.

Test/train split. Following the standard evaluation [44] method, we divide user histories into the
test, validation, and training part with a leave-one-out strategy. If the user history is a sequence of
items [i1, ..., i7], with T elements. The training set consists of history limited to 7' — 2 tokens. The
validation set is a prediction of ¢7_; based on [i1, ..., iT—2] and the test set is a prediction of i1 based
on [iy, ..., i7—1]. The last and second-to-last items are taken from all users for the validation and test
split, regardless of the length trajectory. Note that ¢ in the notation above represents an item, not a
token. Hence, for a multitoken scenario of tokens trained with (H)RQ-VAE, a single item i1 will be
represented by a multitoken of length k and all k atomic tokens will be selected for the test/validation
set.

C Implementation details

C.1 Hierarchy Modeling

(H)RQ. To create multitokens of nouns we
learn at the same time the embedding of the
nouns and the codebook that quantizes the to-
kens.
We investigate the results for token lengths
k € {3,4}. We vary the size of the codebooks
s € {64,128,256} and the dimensions of dense
embeddings h € {4,8,16,32}. Other param-
eters follow Nickel and Kiela [40]. We use
Stochastic Gradient Descent [45] or Rieman-
nian Stochastic Gradient Descent [6] for the op-
timization of encoders and RQ/HRQ codebook
respectively. We use the learning rate 1.0. We Figure 4: The embedding space structure induced
train both models for 1500 epochs, out of which by RQ-VAE and HRQ-VAE, respectively for a hier-
first 20 epochs are warm-up epochs with learn- archical tokens of length 2. The data is represented
ing rate equal to 0.01. by coloured dots. Hue of the dot represents first
hierarchical token. The shade represents second
Downstream Model. The sequence-to- token. For the RQ-VAE the result is a typical ef-
sequence model is trained to generate fect of hierarchical clustering. HRQ-VAE due to
hypernyms of a noun, both represented as exponential growth of the space has inductive bias
multitokens. Hence, both the input and the to putting leaf nodes away on a similar distance
output of the model are a list of k tokens from away from the center.
0 to s. The transformer model has 4 layers for
both the encoder and the decoder. The hidden
dimension is equal to 256 with the feedforward dimension equal to 1024 and 8 attention heads.
The embeddings of the encoder and decoder are tied. It is trained for 100 epochs with Adam [29]]
optimizer with a learning rate equal to 0.001.

RQ-VAE HRQ-VAE
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C.2 Hierarchy Discovery

(H)RQ-VAE. The initial dense embedding of the text is calculated with 768 dimensional MPNET
[48]. From the dense embedding, we train the (H)RQ-VAE and assign the new hierarchical token
produced by the model to each item. The encoder in (H)RQ-VAE has 3 intermediate layers of size
512, 256, 128 with (H)ReLU activation and the output layer of size 32. The decoder has symmetric
architecture to the encoder. The codebook has length 256 for each token and is not shared across
tokens. We use batch size of 128, and train the (H)RQ-VAE for 5000 epochs with learning rates
[1073,10~*,1075]. We choose the learning rate that performed the best on the validation split of the
downstream task and report the corresponding test result.

Downstream Model. We train the recommender system to evaluate the quality of the discrete
representations produced by (H)RQ-VAE. User history is a sequence of items the user interacted with:
either a movie they watched, or an item they bought. At each step, we predict the next item the user
will interact with; specifically, we generate k € {5, 10} ranked guesses. To evaluate the quality of the
set of guesses, we use two most popular recommender system metrics: Recall@K and NDCG@K.
In our case of multitokens, each item is represented by a multitoken. Each user history has concanted
multitokens of all items given a user bought(or a movie watched), and each specific recommendation
is considered good if the entire multitoken corresponds to the true item the user interacted with.
We split all the datasets into train,validation, and test set in the same way. We limit the histories to
20 interactions and filter the histories with less than 5 interactions. Furthermore, we select the last
interaction as a test set, the second to last as a validation set, and everything else as a training set.
We train a sequence-to-sequence transformer model [53]] with T5 [43]] architecture. For each datapoint,
an output sequence is the hierarchical representation of the next item, whereas the input is all their
previous history. The model has a token embedding size of 384, 6 attention heads with 64 dimension
each. and 1024 dimension of the feedforward net.

Our setup for hierarchy discovery follows the param-

eters of Rajput et al. [44]. However, the results differ

significantly on the AR dataset. The fact that they differ RQ-VAE HRQ-VAE
consistently across all tokens and also across random | Variable ll2sl2 [ logg (z5°)[|2
baselines suggests that the cause of the inconsistency EV 0.7213 0.3251
must lie i.n thf: final ljecommend.er system. How«;ver,.af- Std. dev 02696 0.0664
ter a detailed inspection and testing of different libraries,

we were unable to reproduce the original results. How- | CV 0.3738 0.2042

ever, please note that, contrary to Rajput et al. [44] our
claim is not about creating the best recommender sys-
tem, but about comparing HRQ to RQ, and if the shift in
the performance is caused by the downstream model - it
is not important for our claim, as we use recommender
system only as a downstream task to evaluate the quality
of HRQ multitokens in comparison to RQ multitokens.
All experiments were ran on a device equiped in a single
16GB Nvidia-V100 card.

Table 4: Analysis of the norms for RQ-
VAE and HRQ-VAE. We compare the eu-
clidean norm of the low dimensional vec-
tor x4 to the euclidean norm of hyperbolic
x%e after mapping to the tangent space
with logarithmic map. For the compar-
ison we use the Coefficient of Variation
defined as C'V/(X) = 253 Ttis used to

compare the variability of a random vari-

D Structure of The Space ables with different orders of magnitude.
RQ-VAE has almost twice the CV of HRQ-

Suppose we have a set of points S and we want to find VAE which supports our cla.im about Fhe

a point that minimizes average distance to all points Structure of their corresponding spanning

from S. In Euclidean space this point will be the center ~rees.

of mass of points, a simple average of all points from

S. However, in hyperbolic space, the point that mini-

mizes the average hyperbolic distance (Eq. [T) will be a

continuous analogue to the nearest common ancestor node of all the nodes.

This leads to a vastly different structures when these spaces are clustered hierarchically and, as a

consequence, to a vastly different structures for spanning trees of the residual quantization. In the

Euclidean space the points corresponding to the leafs will be splattered around the space with the

qunatization tree cutting into the centers of respective subclusters. Meanwhile, in the hyperbolic case,

the leafs will be mostly spread around with the cluster "centers" being closer to 0 than the cluster

points. This behavior has been observed in the hyperbolic clustering [[11]. We visualize the structural

differences in Fig.
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This structure is beneficial for learning hierarchical relations for several reasons. Because the space is
split radially most of the time the regions can have their own infinite part of the space, whereas in
Euclidean division some regions are crammed close to center. As a consequence, the edges between
regions are sharper than in the hyperbolic space, which might lead to poorer generalization. Finally,
the structure imposed by the hierarchical euclidean quantization leads to strong utilization of the
vector norms to select the cluster. On the other hand, hyperbolic quantization that leads to leafs being
set the most outward in the spanning tree leaves the norm for the optimizer to choose, which can be
an important benefit for gradient-based learning.

We argue that these structural difference of the hierarchical space of HRQ-VAE in comparison to
space of RQ-VAE leads to the superior performance of HRQ-VAE in downstream tasks.

To quantitatively support this argument we inspect the norms of low-dimensional encoded representa-
tions x5 and <. Specifically, we argue that the norms will vary less in the hyperbolic space. To make
a fair comparison we compare Euclidean norms, so the hyperbolic 25< vector is first transformed to
the tangent space with logarithmic map. Moreover, as the models differ in the average norm we look
at the Coefficient of Variation as a measure of interest. The coefﬁcit of variation is defined for

o

positive variables as CV (X) = u(ffg . The results are shown in Table [4|and confirm that the norms

vary significantly more for the vectors to be quantized in the euclidean space.

E Limitations

Although HRQ and HRQ-VAE demonstrate better performance in the discussed tasks, they come with
some limitations. The biggest limitation is the strong assumptions about the type of data. Currently,
we limit the claim to the situation where the dataset has latent hierarchies, and at the same time, we
are interested in discrete representations. This is a very specific situation. Extending the evaluation
to domains of general application in which RQ-VAE succeeded, such as image or audio, would
greatly increase the influence. However, the current version does not investigate performance in this
direction.

F Reproducibility Statement

To ensure reproducibility, we report standard deviations in Table[2] In addition, we provide detailed
descriptions of our models and implementation choices, including the exact prompt used to generate
the movie title descriptions for the Movielens dataset, in the Appendix.

G LLM Usage

In preparing this manuscript, large language models (LLMs) were employed solely as writing
assistants to polish the text. Their role was limited to improving readability, grammar, and style,
without contributing to the development of ideas, the design of experiments, the analysis of results,
or the generation of original content. All scientific contributions, including conceptualization,
methodology, and interpretation, are entirely the authors’ own.
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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 " ", itis 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: Both sections support the claim that for data with latent hierarchies represen-
tations generated by HRQ are better for downstreamt asks than discrete representations
generated by RQ.

Guidelines:

e 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: The papers list the assumption about the data it operates on multiple times in
the paper, abstract and even in the title. Furthermore, Appendix [E]is dedicated for limitations.

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

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

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

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

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

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

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

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
Justification: There are no theoretical results.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

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

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

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

Answer: [Yes]
Justification: Implementation details are discussed in the Appendix [C|
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.
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* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

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

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

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

5. Open access to data and code

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

Answer:

Justification: All the datasets that we use are public. However, the code used to generate the
results is proprietary at this point.

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

Answer: [Yes]

Justification: Training setup is described in the Appendix [BJand the hyperparameters are
described in the Appendix [C]

Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: The table with results of the hierarchy discovery(Table [2) section includes
statistical significance in the form of standard deviation of the results.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

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

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

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Compute resource requirements are listed in the Appendix [C]
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.
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9.

10.

11.

* 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).

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:
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

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

Answer: [Yes]

Justification: While the work does not directly have a strong societal impact, we briefly
discuss it in the Section[6l

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

o If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

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

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

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

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 does not release any new data or models.
Guidelines:

* The answer NA means that the paper poses no such risks.
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* 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 paper cites and lists used datasets in the Appendix B}
Guidelines:

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

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

¢ For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

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

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
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 any new data or models.
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

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

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

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:
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Guidelines:

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

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

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

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:
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
applicable), such as the institution conducting the review.

Declaration of LLM usage

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: [NA]

Justification: The core method does not use LLM in any way. However, for the MovieLens
dataset in Section[d.2]we used LLM to generate movie descriptions. We cited the appropriate
LLM and detailed the process of description generation in the Appendix

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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