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ABSTRACT

Scaling recommendation models has emerged as a promising direction for ad-
vancing recommender systems, yet they face a fundamental challenge: embed-
ding rank collapse. This phenomenon, rooted in the intrinsic properties of fea-
ture interaction modules, causes embedding matrices to lose representational ca-
pacity as models scale, severely limiting their effectiveness. Existing solutions
primarily focus on width-wise scaling via multi-embedding, which parallelizes
multiple embedding tables and has shown success in alleviating collapse. How-
ever, these methods configure only the initial embedding layer and fail to address
depth-wise embedding collapse, which intensifies with increasing model depth
and restricts the benefits of deeper architectures. We propose RoBlock, a stack-
able building block that delivers dimensionally-robust embeddings by mitigating
collapse across width and depth. RoBlock integrates three key components: (1)
spectrum rebalancing through rank-1 update normalization to restore the spec-
trum distribution of embedding matrices, (2) an embedding decoupler guided by
the Hilbert—Schmidt Independence Criterion (HSIC) to extract independent em-
bedding components while preserving spectrum (dimensional) robustness, and (3)
embedding regeneration via a field-wise multi-head router to regenerate non-
collapsed embedding sets, achieving the benefits of multi-embedding within each
block. Theoretical analysis establishes that RoBlock effectively mitigates em-
bedding collapse, providing a principled foundation for scalable recommenda-
tion models. Extensive experiments across multiple datasets further demonstrate
that RoBlock consistently alleviates embedding collapse across layers and deliv-
ers significant performance gains over the baselines, with improvements growing
as model width and depth increase. The code is accessible at the anonymous link:
https://anonymous.4open.science/r/RoBlock—2F8A.

1 INTRODUCTION

Recommender systems are a core application of machine learning, aiming to predict user—item inter-
actions from massive multi-field categorical data (Zhang et al., 2016). They are now indispensable in
daily life, powering applications in e-commerce, social media, news feeds, and music streaming. Re-
searchers have advanced deep learning—based recommendation models that flexibly capture feature
representations, leading to their successful deployment in a broad range of real-world applications.

Inspired by the success of large foundation models (Radford et al., 2021; Achiam et al., 2023; Rom-
bach et al., 2022; Kirillov et al., 2023), scaling up model size has become a natural direction for
recommender systems as well (Zhang et al., 2024a;b; Guo et al., 2024a; Wang et al., 2025a). Yet,
counterintuitively, the embedding layers, which are arguably the most performance-critical com-
ponent of recommendation models (Guo et al., 2017; Wang et al., 2021; Lian et al., 2018), are still
configured with very small dimensions (e.g., 10 in open benchmarks (Zhu et al., 2022; 2021)). A key
obstacle is the recently identified phenomenon of embedding rank collapse (Guo et al., 2024b; Pan
etal., 2024; Chen et al., 2024; Zhang et al., 2025), which originates from feature interaction modules
and forces embeddings to lie in low-rank subspaces. As a result, simply increasing embedding size
yields diminishing or even negative returns.

To address this issue, the multi-embedding paradigm (Guo et al., 2024b) has emerged as a promis-
ing direction. By parallelizing multiple embedding layers, multi-embedding increases the effective
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embedding size and alleviates embedding collapse, yielding strong empirical gains across diverse
models (Lin et al., 2024; Liu et al., 2024; Wang et al., 2025b). However, multi-embedding primarily
expands model width, alleviating collapse in the initial embedding layer. As a result, prior works typ-
ically adopt “shallow” architectures, where a multi-embedding layer is simply followed by a feature
interaction layer and output projection. In contrast, modern recommendation models increasingly
rely on stacking multiple layers, a paradigm we refer to as the depth-wise scaling regime. Our exper-
iments on two representative depth-wise models, DHEN (Zhang et al., 2022) and Wukong (Zhang
et al., 2024a), reveal that embedding collapse persists across layers, even when multi-embedding is
applied (Figure 1), showing that embedding collapse in deep architectures remains underexplored.

In this work, we propose RoBlock, a stackable building block that mitigates embedding collapse
across width and depth, enabling recommendation models to achieve dimensionally-robust scaling.
Starting from the embedding matrix, RoBlock first applies rank-1 update normalization (Yu et al.,
2020) to rebalance the embedding spectrum and enhance representational capacity. It then employs
an embedding decoupler, regularized by the Hilbert—Schmidt independence criterion (HSIC) (Gret-
ton et al., 2005; 2007), to extract independent components while preserving spectrum robustness.
Next, a field-wise multi-head router regenerates expressive embedding sets, providing the benefits of
multi-embedding at each block. We further employ heterogeneous functions for the feature interac-
tion modules, following recent advances (Zeng et al., 2025; Zhang et al., 2022). Finally, the outputs
are aggregated to form the input for the next RoBlock layer, yielding a unified, scalable framework.

Our theoretical analysis shows that RoBlock preserves embedding spectrum and effectively mit-
igates collapse at each layer. Complementary experiments across diverse datasets confirm that
RoBlock consistently alleviates collapse and achieves significant performance gains over the base-
lines, with larger benefits for wider and deeper models. Together, these results position RoBlock as
a principled paradigm for scalable recommendation systems. Our contributions are summarized as:

* Methodological Innovation. We propose RoBlock, a modular building block that mitigates
embedding collapse across width and depth, establishing a new paradigm for scalable recom-
mendation systems with dimensionally robust embeddings.

 Theoretical Analysis. We theoretically establish the spectrum (dimensional) robustness and
rank-preserving properties of RoBlock, offering a solid view of its effectiveness.

» Extensive Experiments. We conduct extensive evaluations on benchmark datasets, demonstrat-
ing RoBlock’s consistent performance gains and scalability benefits.

2 REVISITING EMBEDDING COLLAPSE: FROM WIDTH TO DEPTH

Recommendation models aim to predict a user action based on features drawn from multiple fields.
Formally, consider n fields, where the i-th field is denoted as &;, and define the joint feature space
as X = X x Xy x - - - x X),. Let Y denote the prediction space; the goal of a recommendation model
is then to learn a mapping from X to ). Most mainstream recommendation models (Rendle, 2010;
Guo et al., 2017; Zhang et al., 2022; Wang et al., 2021; Lian et al., 2018; Zhang et al., 2024a; He &
Chua, 2017; Lin et al., 2024) rely on two key components: (i) embedding layers, which encode raw
features X € X into an embedding matrix £ € R™*9, with d denoting the embedding size, and (ii)
feature interaction modules, which model cross-field interactions on £. The resulting interaction
outputs can then be fed into prediction modules, such as MLPs, for downstream tasks.

Embedding Collapse and Mitigation via Multi-Embedding. Dimensional collapse refers to
models degenerating into trivial solutions that map all inputs to the same constant (Hua et al., 2021),
which can be quantified via the spectrum of learned representations (Jing et al., 2022). In recom-
mendation models, a related problem termed embedding collapse has recently been identified: the
embedding matrix becomes approximately low-rank with several near-zero singular values (Guo
et al., 2024b; Pan et al., 2024; Chen et al., 2024; Zhang et al., 2025). To quantify this effect, Guo
et al. (2024b) proposed the metric information abundance (1A), which serves as a robust indicator

of collapse severity. Given the singular values {o; };n:i?(n’d) of the embedding F € R™"*4, the IA of
E is defined as

min(n,d)
IA(E) = 2=

max; |o;|

loil [1, min(n, d)),
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Figure 1: Embedding collapse, measured by information abundance, across layers for embedding
sizes of 2x and 5x the base size. Each setting includes both vanilla and multi-embedding cases.

Among recent remedies for embedding collapse, the multi-embedding mechanism has gained no-
table traction (Guo et al., 2024b). By parallelizing multiple embedding layers {E;} ,, multi-
embedding effectively enlarges the embedding space. This enlargement alleviates embedding col-
lapse with an amplified IA, yielding consistent performance gains across diverse recommendation
tasks (Lin et al., 2024; Liu et al., 2024; Wang et al., 2025b; Su et al., 2024). However, vanilla multi-
embedding is confined to the initial embedding stage, mapping raw features X into embedding F
and expanding model capacity only in width. As a result, its use is largely restricted to “shallow”
architectures, leaving its potential for deep recommendation models underexplored.

Scalable Recommendation Models and Depth-wise Embedding Collapse. Inspired by the suc-
cess of large foundation models, scaling up model capacity has emerged as a central direction for
modern recommender systems, with increasing focus on deeper architectures. Representative mod-
els such as DHEN (Zhang et al., 2022) and Wukong (Zhang et al., 2024a) demonstrate the promise
of large-scale recommendation models.

However, those deep recommendation models can still suffer from embedding collapse, and vanilla
multi-embedding provides only limited relief. Specifically, collapse occurs in two forms: width-
wise and depth-wise. While multi-embedding effectively mitigates width-wise collapse, it is largely
ineffective against depth-wise collapse. We empirically validate this phenomenon on DHEN and
Wukong using the Criteo (Jean-Baptiste Tien, 2014) and Avazu (Steve Wang, 2014) datasets, com-
paring vanilla and multi-embedding variants. As shown in Figure 1, while multi-embedding consis-
tently increases IA across layers compared to the vanilla models, IA in deeper layers still declines
sharply. This indicates that embeddings in deeper layers continue to collapse similarly to the vanilla
models, suggesting that multi-embedding offers only a limited remedy for depth-wise collapse. This
depth-wise collapse poses a critical challenge for deep recommendation models, motivating the de-
velopment of our RoBlock that mitigates both width-wise and depth-wise collapse.

3 RoOBLOCK

In this section, we introduce our RoBlock, which mitigates embedding collapse across both width
and depth, thereby ensuring dimensional robustness. Figure 2 provides an overview of the RoBlock
architecture, followed by a detailed examination of each module in the subsequent subsections.

Initial embedding layer. Let X™" be the multi-field raw features, n the number of fields, and d
the embedding dimension. Prior to the RoBlock, following vanilla multi-embedding (Guo et al.,

2024b), we first apply m embedding layers to transform X™" into {E,i(o)}i";b each of shape n x k.
Here, k is the base size, corresponding to the common dimension in recommendation models. For
simplicity, we use m = |d/k] + 1 to ensure sufficient capacity, but both m and k can be chosen
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Figure 2: Overview of the RoBlock, with the internal structure of a single layer highlighted in blue.

flexibly. The embeddings are concatenated and transformed via a reshaping MLP, () to produce

X(O) — f(o)([E§O)7E§O), o >E7(r(z))]) c Rnxd7 (1)

which serves as input to the first RoBlock. In the following, without loss of generality, we focus on
the I-th RoBlock, which takes X ‘=1 € R"*4 as input and produces X () € R™*¢ as output.

3.1 ENHANCING EMBEDDING VIA RANK-1 UPDATE NORMALIZATION

Received the embedding matrix X ¢~ RoBlock first applies rank-1 update normalization (Yu
et al., 2020), an algorithm motivated by the power method (Stoer et al., 1980). Initialized with a ran-
dom vector v(9) ~ N(0, I), where I is d-dimensional identity matrix, rank-1 update normalization
with ¢ iterations refines X (‘1) as:

XU=1) () ()T

gu-1 _ x-ny AT v
lo®3 7

o) = (XY TxE=D0-D for j=1,...,t. (2)
This operation produces an embedding X (=1) with a re-balanced spectrum, a property validated
by many prior studies like Chen et al. (2022); Wang et al. (2024). Thus, X (=1 exhibits increased
information abundance compared to X ‘=1 (see Section 4.1 for theoretical analysis), providing a
higher-quality input for subsequent processing. We treat this step as a training augmentation that
regularizes the model and improves overall efficacy, with complexity analysis in Appendix A.4.4.

3.2 EXTRACTING INDEPENDENT COMPONENTS VIA EMBEDDING DECOUPLER

Given the enhanced embedding X (l:l), RoBlock leverages an embedding decoupler composed
of m parallel MLPs to decompose X ~1 into a set of independent, low-dimensional embeddings
{Ei(l_l)}?;l. Each Ei(l_l) has shape n x k, matching the dimensionality of the embedding tables

in the initial embedding layer. Mutual independence among {Eﬁ‘”};’;l is enforced using the
Hilbert—Schmidt independence criterion (HSIC) (Gretton et al., 2005; 2007) as an auxiliary loss:

(-1 _ 2 1 . I
Lhsic =5 D T (K(Ez(; V)HL(E] 1))H)~ 3)

Here, H = I — 2117 denotes the centering matrix, and K (-) and L(-) are kernel functions. We
adopt a linear kernel, so both K and L reduce to simple inner products. HSIC has proven effective
for measuring feature independence and has been widely used as an optimization objective in various
machine learning applications (Greenfeld & Shalit, 2020; Kumagai et al., 2022; Chen et al., 2025).
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Furthermore, the resulting {Ei(l*l)}z’f;1 exhibit spectrum (dimensional) robustness when concate-
nated (see Section 4.2), showing that the decoupler extracts independent components in a rank-
preserving manner, ensuring the concatenated embeddings retain high informational capacity.

3.3 EMBEDDING REGENERATION FOR NON-COLLAPSED FEATURE INTERACTION

To provide expressive inputs for feature interaction, RoBlock employs a field-wise multi-head
router that regenerates embeddings in a MoE-like fashion. Concretely, a tensorized MLP ¢g(/~—1)
maps the input X~ to a weight tensor @(¢—1) € R**™*™ which determines how the indepen-
dent components {E(l )} ™, are combined. The regenerated embeddings {Z; (1= )}Z 1» serving as
inputs to the interaction modules, are computed as

Zdlag ©4E! elmh = g=n(x-h), @)

Unlike (Yin et al., 2025), Wthh adopts a generative paradigm for feature interaction in shallow mod-
els, RoBlock focuses on regenerating embeddings to enable adaptive learning of expressive inputs
for interaction modules in deep architectures. Section 4.3 further confirms that this regeneration
preserves non-collapsed embeddings across depths and effectively mitigates interaction collapse.

Moreover, following recent advances in heterogeneous feature interaction (Zeng et al., 2025;
Zhang et al., 2022; Wang et al., 2025b), which combine classical interaction functions into ensem-
bles for better downstream performance, RoBlock processes the regenerated embeddings through
multiple preselected interaction functions {I i(l_l) (-)}>,. The outputs are then concatenated and
reshaped via an MLP f(=1) to restore a unified shape n x d for the next RoBlock input X (V):

X0 = XD 4 ATz, T2, EET) o)

3.4 OPTIMIZATION

Let L denote the number of RoBlock layers. We aggregate outputs from all layers via simple aver-
aging and pass the result through a projection MLP f* to produce the final prediction y, capturing
multi-level feature interactions while stabilizing training. Following standard practice in recom-
mendation benchmarks (Zhu et al., 2022; 2021), we adopt binary cross-entropy as the base loss and
further incorporate HSIC regularization with trade-off 3, yielding the overall training objective:

L
1
‘C:EBCE(ytruevy)+BZ‘CgSIl(37 y=r" (LZX(I)> : (6)
=1

=1
4 THEORETICAL ANALYSIS

We analyze the embedding spectrum at every distinct module of the RoBlock. Our focus lies on
three central aspects: (i) How rank-1 update normalization re-balance embedding spectrum; (ii)
How the embedding decoupler preserves spectrum (dimensional) robustness; (iii) How field-wise
gating prevents collapse in feature interaction. We follow the same notation as in earlier sections
but omit layer indices, as the analysis applies generally and is not restricted to any specific case.

4.1 RE-BALANCING SPECTRUM VIA RANK-1 UPDATE NORMALIZATION

RoBlock applies rank-1 update normalization to the input X, yielding an enhanced embedding X
with a rebalanced spectrum. This effect is formally captured by the following proposition:

Proposition 4.1. Let X denote the enhanced embedding obtained via Equation 2 at the i-th iter-

ation, starting from a random vector v'°) ~ N(0,I). Then E, o) N0, (X) = USV'T exhibits

a rebalanced spectrum, where o1 > oo > --- > 04 denote the ordered singular values of X,

~ o2t 2

S = diag [(1 — M (1)1, (1 = Aa(t)o2, -+, (1 = Aa(t))oa), Ai(t) = EyNN(O;D(%),
=1 L2

andy =V v, Since 0 < 1-=M(t) <1=X(@t) < - <1=X\i(t) < 1foroy > 09> -+ > 0y,

so the (1 — \;) gets smaller or larger as o; gets larger or smaller, respectively.
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The proof is provided in Appendix A.1. Propo-
sition 4.1 shows that applying rank-1 update
normalization to X reduces large singular val-
ues while amplifying smaller ones in the result-
ing X. Consequently, the spectrum of X be-
comes more balanced. This rebalancing also
leads to an increase in information abundance.
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merical example using a low-rank random ma-

trix with n = 10,000 and d = 10, where rank-1  Fjoyre 3: Effect of rank-1 update normalization

updates are applied for one and two iterations. on the singular value distribution and the corre-
The plots show the distribution of singular val- sponding information abundance.

ues (normalized by the maximum) together

with the corresponding information abundance.

With each iteration, the density of large singular values (A € [0.5, 1]) increases, while that of smaller
ones (A € [0,0.5]) decreases. This density shift indicates a more balanced spectrum—by contrast,
the original matrix exhibits a high density of small singular values, reflecting rank collapse—further
confirming that rank-1 update normalization effectively enhances the embedding quality.

4.2 SPECTRUM (DIMENSIONAL) ROBUSTNESS OF EMBEDDING DECOUPLER

RoBlock employs the embedding decoupler to generate a set of m embeddings, regularized via the
HSIC. These embeddings, beyond the mutual independence enforced by HSIC (Gretton et al., 2005;
2007), also exhibit crucial spectrum (dimensional) robustness, as formally stated below:

Proposition 4.2. Let E; = E;(X), for i = 1,...,m, with mk > d, denote the embed-
dings generated by the decoupler and regularized using HSIC, and let the concatenated embed-
ding be E(X) = [Ey(X); Ey(X); ...; En(X)]. Under exact HSIC regularization, we have
rank(E(X)) = Y. | rank(E;(X)). Moreover; under perturbation or approximate HSIC regular-

ization, let the block covariance be Yy = Elvec(E(X))vec(E(X))T], and let ¥ = Sy + A,
where A denotes the perturbation. If Xy has r eigenvalues bounded below by v > 0 and
|All2 < ~, then X retains at least v eigenvalues greater than v — ||All2 > 0. Hence, the nu-
merical rank of 3. is preserved up to the spectral norm of the perturbation A, implying that 3y

and, consequently, E(X) maintains robustness of its spectrum.

The proof is provided in Appendix A.2. Proposition 4.2 establishes that HSIC regularization pre-
vents the embedding sets produced by the decoupler from collapsing into redundant subspaces.
By enforcing independence, the effective rank of the concatenated embedding equals the sum of
the ranks of its components. Thus, each embedding contributes complementary information, and
the overall representational capacity scales additively with the number of components. Moreover,
even when HSIC is only approximately minimized, the perturbation bound guarantees spectrum (di-
mensional) robustness. Consequently, the embedding decoupler provably extracts non-redundant
embedding sets while preserving representation capacity.

4.3 MITIGATING INTERACTION COLLAPSE THROUGH FIELD-WISE MULTI-HEAD ROUTER

Previous research has confirmed that feature interaction modules play a notorious role in causing
embedding collapse, termed interaction collapse (Guo et al., 2024b). We show that this collapse can
be effectively mitigated by applying our field-wise multi-head router to regenerate the embeddings
fed into the feature interaction modules, as formalized below:

Proposition 4.3. Let 0; ; > 0 be the per-row weights generated by an MLP-parameterized field-wise
gating mechanism. Then the gated embedding Z = Y. | D;E;, with D; = diag(61;,...,0,,) €
R™ "™ which serves as the input to a feature interaction module, satisfies

m
maxrank(F;) < rank(Z) < min (k:, Z rank(Ei)) . 7
K3
i=1
Consequently, Z is guaranteed to be high-rank, ensuring that downstream feature interaction mod-
ules operate on a non-collapsed embedding space.
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Table 1: Test AUC of shallow models on Criteo (higher is better). Bold values indicate the best
performance among vanilla single embedding (SE) and multi-embedding (ME) settings. Complete
results with standard deviation (std) are provided in Appendix A.4.3.

Model base 2% C?Leo 5% 10x
DNN e OIS osiam  osiies  ostioss
Crosnet i ORUSIS o) ggiaos 08121 0812
NS o OSST Dmer 0w 0w
ON e ST Ghigo  osnis  0sims 0wt
DepfMyp OSIME (4 osis 08iwn  08ia0s
DONR i OSBIS  (ud osiner  osiee  osiws
RoBlock(Ours) 0.813824 0.814011 0.814134 0.814242 0.814639

Proof is provided in Appendix A.3. Proposition 4.3 shows that the field-wise gating (router) mech-
anism yields a gated embedding Z whose rank is guaranteed to be at least the maximum rank of
the independent components. This property is critical for mitigating interaction collapse: as shown
by Guo et al. (2024b), collapse in interaction modules originates from collapse in their inputs. In
contrast, our gated embedding Z maintains a high rank, ensuring that subsequent interaction mod-
ules operate on non-collapsed embedding. The corollaries in Appendix A.3 further confirm that this
rank preservation extends to the outputs of feature interactions across diverse models, conveying
informative and high-quality inputs for the next RoBlock.

5 EXPERIMENTS

In this section, we aim to address these research questions: RQ1:Does RoBlock consistently outper-
form existing baselines on public datasets? RQ2:How effectively does RoBlock mitigate embedding
collapse? RQ3:How does scaling model width and depth affect RoBlock’s performance?

5.1 SETUP

We evaluate on two large-scale recommendation benchmarks, Criteo (Jean-Baptiste Tien, 2014) and
Avazu (Steve Wang, 2014), both sourced from the FuxiCTR (Zhu et al., 2021) library. Model per-
formance is measured by AUC. Baselines are grouped into two categories: (i) shallow architectures,
which follow the standard “embedding—interaction—projection” paradigm, and (ii) deep architec-
tures, which stack multiple layers of the shallow design. For the shallow group, we include DNN,
CrossNet (Wang et al., 2021), NFM (He & Chua, 2017), CIN (Lian et al., 2018), xDeepFM (Lian
et al., 2018), and DCNv2 (Wang et al., 2021), each evaluated in both vanilla and multi-embedding
variants. For the deep group, we include DHEN (Zhang et al., 2022) and Wukong (Zhang et al.,
2024a), evaluated only with their multi-embedding variants. All baselines are trained with em-
bedding dimensions scaled by 2x, 3%, 5%, and 10x relative to the base size. We use the 8/1/1
train/validation/test split, consistent with FuxiCTR. More details are shown in Appendix A.4.

5.2 RQI1: EVALUATING ROBLOCK AGAINST BASELINES

Comparison with Shallow Architectures. For a fair comparison with shallow architectures, we
set RoBlock’s depth to 1, thereby reducing it to the standard “embedding—interaction—projection”
paradigm used by the shallow baselines. As shown in Tables 1 and 2, RoBlock consistently outper-
forms all baselines, with its advantage widening as the embedding size increases. Notably, even in
settings where shallow models already benefit from multi-embedding (Guo et al., 2024b), RoBlock
delivers substantially larger gains, demonstrating a more effective utilization of multi-embedding.
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Table 2: Test AUC of shallow models on Avazu. Complete results with standard deviation (std)
are provided in Appendix A.4.3.

Model base 2% A;/izu 5% 10x
DN wp 0TS Gesr  oames  07oen  ozo00d
o SEomon 0TS U omn omos
NPM g OTSTSS(Tion  oTssiss  o7sses 0702
R T o o i
Dot 0TI (ot oromas  o7owel 079401
DONV 070N (TNTS  oromm  o7odsel 0752
RoBlock(Ours) 0.794929 0.795432 0.796114 0.796502 0.796825

Table 3: Test AUC of deep models across varying depths. Complete results, including standard
deviations (std) as well as additional depths and sizes, are provided in the Appendix A.4.3.

Criteo Avazu
Model #layers 2% 5% 0% 2% 5% 0%

DHEN 2 0.813584 0813873 0.814207 0.794096  0.794396  0.794611

5 0.813789  0.814057 0.814349  0.794278  0.794556  0.794789

Wakong 2 0.813427 0813631 0.813680 0.793822  0.793980  0.794100

5 0.813632  0.813804 0.813859  0.793985  0.794184  0.794293

T (@) 2 0.814065 0.814279 0.814689 0.795474 0.796542  0.796865
5 0.814258  0.814480  0.814802  0.795657 0.796725  0.797022

This observation aligns with our theoretical analysis (Section 4): RoBlock’s spectrum (dimensional)
robustness and collapse-mitigation mechanisms preserve the benefits of multi-embedding in the ini-
tial layer, resulting in more pronounced performance improvements.

Comparison with Deep Architectures. As shown in Table 3, RoBlock achieves higher perfor-
mance gains than DHEN and Wukong, and these gains amplify as both embedding size and network
depth increase. This indicates that RoBlock harnesses the benefits of both width and depth more
effectively, highlighting its strength as an advanced paradigm for scalable recommendation models.
In the next subsection, we analyze the scaling behavior of RoBlock w.r.t both depth and width.

5.3 RQ2: MITIGATING LAYER-WISE EMBEDDING COLLAPSE

To evaluate RoBlock’s ability to mitigate em-
bedding collapse and its impact on model per- ... rosoa
formance, guided by the theoretical results in el = worsc
Section 4, we conduct ablation experiments — eaef = "
on its key anti-collapse components: rank-1 2o

update normalization (RU) and HSIC regular-

Criteo Avazu

07970

0.7965 —e— RoBlock

w/o RU
—4— w/o HSIC
—&— w/o HSIC&RU

0.7960

0.7955

Test AUC

ization. We report both test AUC and layer-

wise information abundance, with DHEN and //A W//k/\/a
Wukong included as additional baselines. Re- base 3% 3x
sults are presented in Figures 4 and 5.

10x base 2x 3x 10x

5x 5x
Embedding Size Embedding Size

The results demonstrate that integrating these Figure 5: Comparison of test AUC performance
carefully designed modules substantially en- across different RoBlock variants.

hances RoBlock’s information abundance.

Without these modules (“w/o HSIC&RU”), RoBlock’s 1A slightly lags behind the baselines. Adding
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Figure 4: Comparison of layer-wise IA between RoBlock variants and depth-wise baselines.
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Figure 6: RoBlock test AUC across number of layers and added components. Complete results
with additional scaled sizes are presented in the Appendix A .4.3.

each module incrementally improves IA, and the full design (denoted “RoBlock”) achieves a sig-
nificant gain, clearly surpassing all baselines. Notably, RoBlock maintains consistently high TA
across all layers, while other models exhibit embedding collapse as early as the second, third, or
fourth layer, highlighting the effectiveness of our anti-collapse design. Moreover, this increase in
IA results in improved model performance, as shown in Figure 5, empirically validating the strong
connection between mitigating embedding collapse and enhancing predictive performance.

5.4 RQ3: ANALYZING SCALING EFFECTS IN DEPTH AND WIDTH

To assess the scalability of RoBlock, we perform ablation studies examining its behavior under
different model scales. Specifically, we visualize heatmaps of Test AUC across varying numbers
of layers (reflecting model depth) and additional components beyond the default m = |d/k| + 1
configuration (reflecting model width). As shown in Figure 6, RoBlock consistently improves Test
AUC as both depth and width increase, across multiple embedding sizes. These results demonstrate
that RoBlock effectively leverages additional model capacity, validating its scalability as a general
paradigm. Moreover, the performance improvements from scaling only depth or only width are
substantially smaller than those from scaling both simultaneously. The results indicate that true
scalability in recommendation models arises not from depth or width alone, but from their balanced
combination. RoBlock’s ability to mitigate collapse in both aspects translates this principle into
practice, yielding synergistic gains and providing a solid basis for scalable recommendation systems.

5.5 ASSESSING ROBLOCK’S COMPUTATIONAL EFFICIENCY

We further evaluate the computational efficiency of RoBlock relative to baseline models, focusing on
GPU memory allocation and training time per epoch. To provide an intuitive comparison under a
challenging setting, all models are evaluated using the largest 10x scale-up configuration (embedding
dimension d be 100). For fairness, RoBlock is assessed in a 1-layer configuration when compared
with shallow baselines, and across multiple layers when compared with deep architectures, consis-
tent with the experimental setups in prior sections. All baselines use their multi-embedding variants
to remain fully aligned with the preceding experimental setup. We present the main results here,
with additional findings deferred to Appendix A.5.1.
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Figure 7: GPU memory allocation and training time of baselines and RoBlock. All models are
evaluated under a 10x scale-up.

Figure 7 summarizes the results. The blue bars, which denote GPU memory usage, show that
RoBlock consistently achieves leading memory efficiency, remaining competitive with both shallow
and deep baselines. Similarly, the orange bars, representing training time per epoch, illustrate that
RoBlock maintains strong training-time efficiency, matching or exceeding most baselines. These
advantages can be attributed to three main factors: (i) RoBlock’s modules are primarily configured
as a lightweight MLP backbone; (ii) the low computational cost of the HSIC term and the rank-1
update normalization, as detailed in the complexity analyses in Appendix A.4.4 and Appendix A.5.2;
and (iii) the simple feature interaction design, which reuses efficient components from prior work
(e.g., adopting only the CrossNetv2 module from DCNv2).

Overall, these findings highlight RoBlock’s practicality: it delivers strong predictive improvements
while maintaining competitive memory usage, fast training, and efficient inference, showcasing
strong potential for real-world deployment.

6 CONCLUSION

We study the embedding collapse problem in recommendation models, including the depth-wise
collapse observed in modern deep architectures. To address collapse across both width and depth,
we propose RoBlock, a stackable and scalable block that integrates rank-1 update normalization
for embedding enhancement, a HSIC-regularized decoupler for extracting independent components,
and a field-wise multi-head router to regenerate embeddings for heterogeneous feature interactions,
resulting in a unified and scalable framework. Our theoretical analysis shows that each mechanism
mitigates collapse and improves spectrum (dimensional) robustness, while experiments demon-
strate substantial information abundance and superior predictive performance compared to baselines.
These benefits are particularly pronounced in wider and deeper models, establishing RoBlock as a
promising paradigm for scalable recommendation systems.

10



Under review as a conference paper at ICLR 2026

REFERENCES

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Florencia Leoni Ale-
man, Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4 technical
report. arXiv preprint arXiv:2303.08774, 2023.

Haipeng Chen, Yuheng Yang, and Yingda Lyu. Skeleton-based action recognition with non-linear
dependency modeling and hilbert-schmidt independence criterion. Proceedings of the AAAI Con-
ference on Artificial Intelligence, 39(2):2043-2051, Apr. 2025. doi: 10.1609/aaai.v39i2.32201.
URL https://ojs.aaai.org/index.php/AAAI/article/view/32201.

Huiyuan Chen, Vivian Lai, Hongye Jin, Zhimeng Jiang, Mahashweta Das, and Xia Hu. Towards
mitigating dimensional collapse of representations in collaborative filtering. In Proceedings of the
17th ACM International Conference on Web Search and Data Mining, WSDM ’24, pp. 106-115,
New York, NY, USA, 2024. Association for Computing Machinery. ISBN 9798400703713. doi:
10.1145/3616855.3635832. URL https://doi.org/10.1145/3616855.3635832.

Yankai Chen, Yifei Zhang, Huifeng Guo, Ruiming Tang, and Irwin King. An effective post-training
embedding binarization approach for fast online top-k passage matching. In Proceedings of the
2nd Conference of the Asia-Pacific Chapter of the Association for Computational Linguistics
and the 12th International Joint Conference on Natural Language Processing (Volume 2: Short
Papers), pp. 102-108, Online only, November 2022. Association for Computational Linguis-
tics. doi: 10.18653/v1/2022.aacl-short.14. URL https://aclanthology.org/2022.
aacl-short.14/.

Daniel Greenfeld and Uri Shalit. Robust learning with the Hilbert-schmidt independence crite-
rion. In Hal Daumé III and Aarti Singh (eds.), Proceedings of the 37th International Con-
ference on Machine Learning, volume 119 of Proceedings of Machine Learning Research, pp.
3759-3768. PMLR, 13-18 Jul 2020. URL https://proceedings.mlr.press/v119/
greenfeld20a.html.

Arthur Gretton, Olivier Bousquet, Alex Smola, and Bernhard Scholkopf. Measuring statistical de-
pendence with hilbert-schmidt norms. In Sanjay Jain, Hans Ulrich Simon, and Etsuji Tomita
(eds.), Algorithmic Learning Theory, pp. 63—77, Berlin, Heidelberg, 2005. Springer Berlin Hei-
delberg. ISBN 978-3-540-31696-1.

Arthur Gretton, Kenji Fukumizu, Choon Teo, Le Song, Bernhard Scholkopf, and Alex Smola.
A kernel statistical test of independence. In J. Platt, D. Koller, Y. Singer, and S. Roweis
(eds.), Advances in Neural Information Processing Systems, volume 20. Curran Associates, Inc.,
2007. URL https://proceedings.neurips.cc/paper_files/paper/2007/
file/d5cfead94f5350c12c322b5b664544cl-Paper.pdf.

Huifeng Guo, Ruiming Tang, Yunming Ye, Zhenguo Li, and Xiuqiang He. Deepfm: a factorization-
machine based neural network for ctr prediction. In Proceedings of the 26th International
Joint Conference on Artificial Intelligence, IJCAT’ 17, pp. 1725-1731. AAAI Press, 2017. ISBN
9780999241103.

Wei Guo, Hao Wang, Luankang Zhang, Jin Yao Chin, Zhongzhou Liu, Kai Cheng, Qiushi Pan,
Yi Quan Lee, Wanqi Xue, Tingjia Shen, Kenan Song, Kefan Wang, Wenjia Xie, Yuyang Ye,
Huifeng Guo, Yong Liu, Defu Lian, Ruiming Tang, and Enhong Chen. Scaling new frontiers: In-
sights into large recommendation models, 2024a. URL https://arxiv.org/abs/2412.
00714.

Xingzhuo Guo, Junwei Pan, Ximei Wang, Baixu Chen, Jie Jiang, and Mingsheng Long. On
the embedding collapse when scaling up recommendation models. In Forty-first International
Conference on Machine Learning, 2024b. URL https://openreview.net/forum?id=
aPVwOArlaWw.

Xiangnan He and Tat-Seng Chua. Neural factorization machines for sparse predictive analytics.
In Proceedings of the 40th International ACM SIGIR Conference on Research and Development
in Information Retrieval, SIGIR *17, pp. 355-364, New York, NY, USA, 2017. Association for
Computing Machinery. ISBN 9781450350228. doi: 10.1145/3077136.3080777. URL https:
//doi.org/10.1145/3077136.3080777.

11


https://ojs.aaai.org/index.php/AAAI/article/view/32201
https://doi.org/10.1145/3616855.3635832
https://aclanthology.org/2022.aacl-short.14/
https://aclanthology.org/2022.aacl-short.14/
https://proceedings.mlr.press/v119/greenfeld20a.html
https://proceedings.mlr.press/v119/greenfeld20a.html
https://proceedings.neurips.cc/paper_files/paper/2007/file/d5cfead94f5350c12c322b5b664544c1-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2007/file/d5cfead94f5350c12c322b5b664544c1-Paper.pdf
https://arxiv.org/abs/2412.00714
https://arxiv.org/abs/2412.00714
https://openreview.net/forum?id=aPVwOAr1aW
https://openreview.net/forum?id=aPVwOAr1aW
https://doi.org/10.1145/3077136.3080777
https://doi.org/10.1145/3077136.3080777

Under review as a conference paper at ICLR 2026

Tianyu Hua, Wenxiao Wang, Zihui Xue, Sucheng Ren, Yue Wang, and Hang Zhao. On feature
decorrelation in self-supervised learning. In Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision (ICCV), pp. 9598-9608, October 2021.

Sergey loffe and Christian Szegedy. Batch normalization: Accelerating deep network training
by reducing internal covariate shift. In Francis Bach and David Blei (eds.), Proceedings of
the 32nd International Conference on Machine Learning, volume 37 of Proceedings of Ma-
chine Learning Research, pp. 448-456, Lille, France, 07-09 Jul 2015. PMLR. URL https:
//proceedings.mlr.press/v37/ioffel5.html.

Olivier Chapelle Jean-Baptiste Tien, joycenv. Display advertising challenge, 2014. URL https:
//kaggle.com/competitions/criteo-display—ad-challenge.

Li Jing, Pascal Vincent, Yann LeCun, and Yuandong Tian. Understanding dimensional collapse in
contrastive self-supervised learning. In International Conference on Learning Representations,
2022. URL https://openreview.net/forum?id=YevsQO5DEN7.

Diederik P. Kingma and Jimmy Ba. Adam: A method for stochastic optimization, 2017. URL
https://arxiv.org/abs/1412.6980.

Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao, Chloe Rolland, Laura Gustafson, Tete
Xiao, Spencer Whitehead, Alexander C. Berg, Wan-Yen Lo, Piotr Dollar, and Ross Girshick. Seg-
ment anything. In Proceedings of the IEEE/CVF International Conference on Computer Vision
(ICCV), pp. 4015-4026, October 2023.

Atsutoshi Kumagai, Tomoharu Iwata, Yasutoshi Ida, and Yasuhiro Fujiwara. Few-shot
learning for feature selection with hilbert-schmidt independence criterion. In S. Koyejo,
S. Mohamed, A. Agarwal, D. Belgrave, K. Cho, and A. Oh (eds.), Advances in Neu-
ral Information Processing Systems, volume 35, pp. 9577-9590. Curran Associates, Inc.,
2022. URL https://proceedings.neurips.cc/paper_files/paper/2022/
file/3e683480be2766922alb738d48ebd436-Paper—Conference.pdf.

Jianxun Lian, Xiaohuan Zhou, Fuzheng Zhang, Zhongxia Chen, Xing Xie, and Guangzhong Sun.
xdeepfm: Combining explicit and implicit feature interactions for recommender systems. In
Proceedings of the 24th ACM SIGKDD International Conference on Knowledge Discovery &
Data Mining, KDD 18, pp. 1754-1763, New York, NY, USA, 2018. Association for Computing
Machinery. ISBN 9781450355520. doi: 10.1145/3219819.3220023. URL https://doi.
org/10.1145/3219819.3220023.

Zhutian Lin, Junwei Pan, Haibin Yu, Xi Xiao, Ximei Wang, Zhixiang Feng, Shifeng Wen, Shudong
Huang, Dapeng Liu, and Lei Xiao. Crocodile: Cross experts covariance for disentangled learning
in multi-domain recommendation, 2024. URL https://arxiv.org/abs/2405.12706.

Xiaolong Liu, Zhichen Zeng, Xiaoyi Liu, Siyang Yuan, Weinan Song, Mengyue Hang, Yiqun Liu,
Chaofei Yang, Donghyun Kim, Wen-Yen Chen, Jiyan Yang, Yiping Han, Rong Jin, Bo Long,
Hanghang Tong, and Philip S. Yu. A collaborative ensemble framework for ctr prediction, 2024.
URL https://arxiv.org/abs/2411.13700.

Marvin Marcus and Henryk Minc. A survey of matrix theory and matrix inequalities, volume 14.
Courier Corporation, 1992.

Junwei Pan, Wei Xue, Ximei Wang, Haibin Yu, Xun Liu, Shijie Quan, Xueming Qiu, Dapeng
Liu, Lei Xiao, and Jie Jiang. Ads recommendation in a collapsed and entangled world. In
Proceedings of the 30th ACM SIGKDD Conference on Knowledge Discovery and Data Min-
ing, KDD 24, pp. 5566-5577, New York, NY, USA, 2024. Association for Computing Machin-
ery. ISBN 9798400704901. doi: 10.1145/3637528.3671607. URL https://doi.org/10.
1145/3637528.3671607.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agar-
wal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen Krueger, and Ilya
Sutskever. Learning transferable visual models from natural language supervision. In Marina
Meila and Tong Zhang (eds.), Proceedings of the 38th International Conference on Machine

12


https://proceedings.mlr.press/v37/ioffe15.html
https://proceedings.mlr.press/v37/ioffe15.html
https://kaggle.com/competitions/criteo-display-ad-challenge
https://kaggle.com/competitions/criteo-display-ad-challenge
https://openreview.net/forum?id=YevsQ05DEN7
https://arxiv.org/abs/1412.6980
https://proceedings.neurips.cc/paper_files/paper/2022/file/3e683480be2766922a1b738d48ebd436-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/3e683480be2766922a1b738d48ebd436-Paper-Conference.pdf
https://doi.org/10.1145/3219819.3220023
https://doi.org/10.1145/3219819.3220023
https://arxiv.org/abs/2405.12706
https://arxiv.org/abs/2411.13700
https://doi.org/10.1145/3637528.3671607
https://doi.org/10.1145/3637528.3671607

Under review as a conference paper at ICLR 2026

Learning, volume 139 of Proceedings of Machine Learning Research, pp. 8748-8763. PMLR,
18-24 Jul 2021. URL https://proceedings.mlr.press/v139/radford2la.
html.

Steffen Rendle. Factorization machines. In 2010 IEEE International Conference on Data Mining,
pp- 995-1000, 2010. doi: 10.1109/ICDM.2010.127.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Bjorn Ommer. High-
resolution image synthesis with latent diffusion models. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition (CVPR), pp. 10684-10695, June 2022.

Will Cukierski Steve Wang. Click-through rate prediction, 2014. URL https://kaggle.com/
competitions/avazu-ctr-prediction.

Josef Stoer, Roland Bulirsch, R Bartels, Walter Gautschi, and Christoph Witzgall. Introduction to
numerical analysis, volume 1993. Springer, 1980.

Gilbert Strang. Introduction to linear algebra. SIAM, 2022.

Liangcai Su, Junwei Pan, Ximei Wang, Xi Xiao, Shijie Quan, Xihua Chen, and Jie Jiang. Stem:
Unleashing the power of embeddings for multi-task recommendation. 38:9002-9010, Mar.
2024. doi: 10.1609/aaai.v38i8.28749. URL https://ojs.aaai.org/index.php/
AAAT/article/view/28749.

Chungi Wang, Bingchao Wu, Zheng Chen, Lei Shen, Bing Wang, and Xiaoyi Zeng. Scaling
transformers for discriminative recommendation via generative pretraining. In Proceedings of
the 31st ACM SIGKDD Conference on Knowledge Discovery and Data Mining V.2, KDD ’25,
pp. 2893-2903, New York, NY, USA, 2025a. Association for Computing Machinery. ISBN
9798400714542. doi: 10.1145/3711896.3737117. URL https://doi.org/10.1145/
3711896.3737117.

Jiancheng Wang, Mingjia Yin, Hao Wang, and Enhong Chen. Enhancing ctr prediction with de-
correlated expert networks, 2025b. URL https://arxiv.org/abs/2505.17925.

Ruoxi Wang, Rakesh Shivanna, Derek Cheng, Sagar Jain, Dong Lin, Lichan Hong, and Ed Chi. Dcn
v2: Improved deep & cross network and practical lessons for web-scale learning to rank systems.
In Proceedings of the Web Conference 2021, WWW 21, pp. 1785-1797, New York, NY, USA,
2021. Association for Computing Machinery. ISBN 9781450383127. doi: 10.1145/3442381.
3450078. URL https://doi.org/10.1145/3442381.3450078.

Zongwei Wang, Junliang Yu, Min Gao, Hongzhi Yin, Bin Cui, and Shazia Sadiq. Unveiling vul-
nerabilities of contrastive recommender systems to poisoning attacks. In Proceedings of the 30th
ACM SIGKDD Conference on Knowledge Discovery and Data Mining, KDD °24, pp. 3311-3322,
New York, NY, USA, 2024. Association for Computing Machinery. ISBN 9798400704901. doi:
10.1145/3637528.3671795. URL https://doi.org/10.1145/3637528.3671795.

Mingjia Yin, Hao Wang, Wei Guo, Yong Liu, Zhi Li, Sirui Zhao, Zhen Wang, Defu Lian, and
Enhong Chen. Learning partially aligned item representation for cross-domain sequential recom-
mendation, 2024. URL https://arxiv.org/abs/2405.12473.

Mingjia Yin, Junwei Pan, Hao Wang, Ximei Wang, Shangyu Zhang, Jie Jiang, Defu Lian, and
Enhong Chen. From feature interaction to feature generation: A generative paradigm of CTR
prediction models. In Forty-second International Conference on Machine Learning, 2025. URL
https://openreview.net/forum?id=DatAXrGzlc.

Tan Yu, Yunfeng Cai, and Ping Li. Toward faster and simpler matrix normalization via rank-1
update. In Andrea Vedaldi, Horst Bischof, Thomas Brox, and Jan-Michael Frahm (eds.), Com-
puter Vision — ECCV 2020, pp. 203-219, Cham, 2020. Springer International Publishing. ISBN
978-3-030-58529-7.

13


https://proceedings.mlr.press/v139/radford21a.html
https://proceedings.mlr.press/v139/radford21a.html
https://kaggle.com/competitions/avazu-ctr-prediction
https://kaggle.com/competitions/avazu-ctr-prediction
https://ojs.aaai.org/index.php/AAAI/article/view/28749
https://ojs.aaai.org/index.php/AAAI/article/view/28749
https://doi.org/10.1145/3711896.3737117
https://doi.org/10.1145/3711896.3737117
https://arxiv.org/abs/2505.17925
https://doi.org/10.1145/3442381.3450078
https://doi.org/10.1145/3637528.3671795
https://arxiv.org/abs/2405.12473
https://openreview.net/forum?id=DatAXrGzlc

Under review as a conference paper at ICLR 2026

Zhichen Zeng, Xiaolong Liu, Mengyue Hang, Xiaoyi Liu, Qinghai Zhou, Chaofei Yang, Yiqun Liu,
Yichen Ruan, Laming Chen, Yuxin Chen, Yujia Hao, Jiaqi Xu, Jade Nie, Xi Liu, Buyun Zhang,
Wei Wen, Siyang Yuan, Hang Yin, Xin Zhang, Kai Wang, Wen-Yen Chen, Yiping Han, Huayu Li,
Chunzhi Yang, Bo Long, Philip S. Yu, Hanghang Tong, and Jiyan Yang. Interformer: Effective
heterogeneous interaction learning for click-through rate prediction, 2025. URL https://
arxiv.org/abs/2411.09852.

Buyun Zhang, Liang Luo, Xi Liu, Jay Li, Zeliang Chen, Weilin Zhang, Xiaohan Wei, Yuchen Hao,
Michael Tsang, Wenjun Wang, Yang Liu, Huayu Li, Yasmine Badr, Jongsoo Park, Jiyan Yang,
Dheevatsa Mudigere, and Ellie Wen. Dhen: A deep and hierarchical ensemble network for large-
scale click-through rate prediction, 2022. URL https://arxiv.org/abs/2203.11014.

Buyun Zhang, Liang Luo, Yuxin Chen, Jade Nie, Xi Liu, Shen Li, Yanli Zhao, Yuchen Hao, Yantao
Yao, Ellie Dinggiao Wen, Jongsoo Park, Maxim Naumov, and Wenlin Chen. Wukong: Towards a
scaling law for large-scale recommendation. In Forty-first International Conference on Machine
Learning, 2024a. URL https://openreview.net/forum?id=8iUgr2nuwo.

Gaowei Zhang, Yupeng Hou, Hongyu Lu, Yu Chen, Wayne Xin Zhao, and Ji-Rong Wen. Scaling
law of large sequential recommendation models. In Proceedings of the 18th ACM Conference on
Recommender Systems, RecSys *24, pp. 444-453, New York, NY, USA, 2024b. Association for
Computing Machinery. ISBN 9798400705052. doi: 10.1145/3640457.3688129. URL https:
//doi.org/10.1145/3640457.3688129.

Weinan Zhang, Tianming Du, and Jun Wang. Deep learning over multi-field categorical data. In
Nicola Ferro, Fabio Crestani, Marie-Francine Moens, Josiane Mothe, Fabrizio Silvestri, Gior-
gio Maria Di Nunzio, Claudia Hauff, and Gianmaria Silvello (eds.), Advances in Information
Retrieval, pp. 45-57, Cham, 2016. Springer International Publishing. ISBN 978-3-319-30671-1.

Yabin Zhang, Jiakai Tang, and Xu Chen. Alleviating dimensional collapse problem in deep rec-
ommender models by designing uniformity layers. In Makoto Onizuka, Jae-Gil Lee, Yongxin
Tong, Chuan Xiao, Yoshiharu Ishikawa, Sihem Amer-Yahia, H. V. Jagadish, and Kejing Lu (eds.),
Database Systems for Advanced Applications, pp. 148—163, Singapore, 2025. Springer Nature
Singapore. ISBN 978-981-97-5555-4.

Jieming Zhu, Jinyang Liu, Shuai Yang, Qi Zhang, and Xiugiang He. Open benchmarking for click-
through rate prediction. In Proceedings of the 30th ACM International Conference on Information
& Knowledge Management, CIKM 21, pp. 2759-2769, New York, NY, USA, 2021. Associa-
tion for Computing Machinery. ISBN 9781450384469. doi: 10.1145/3459637.3482486. URL
https://doi.org/10.1145/3459637.3482486.

Jieming Zhu, Quanyu Dai, Liangcai Su, Rong Ma, Jinyang Liu, Guohao Cai, Xi Xiao, and
Rui Zhang. Bars: Towards open benchmarking for recommender systems. In Proceedings
of the 45th International ACM SIGIR Conference on Research and Development in Informa-
tion Retrieval, SIGIR 22, pp. 2912-2923, New York, NY, USA, 2022. Association for Com-
puting Machinery. ISBN 9781450387323. doi: 10.1145/3477495.3531723. URL https:
//doi.org/10.1145/3477495.3531723.

A APPENDIX

USE OF LLMs
This paper utilizes large language models (LLMs), including ChatGPT https://chat.
openai.com/ and Gemini https://gemini.google.com/app, as general-purpose tools

for writing assistance. This use of LLMs complies with the ICLR 2026 Author Guide https:
//iclr.cc/Conferences/2026/AuthorGuide.

A.1 PROOF OF PROPOSITION 4.1

Proposition 4.1. Let X denote the enhanced embedding obtained via Equation 2 at the t-th iter-
ation, starting from a random vector v'°) ~ N(0,I). Then E, o) ~N(0,I)(X) = UXV'" exhibits
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a rebalanced spectrum, where o1 > o9 > --- > 04 denote the ordered singular values of X,
- ;o2t)?
$ = diag [(1 = M(0)or, (1 — Aa(t)oa - (1 — Aa())oals M(t) = Eyono (=27

)

z;;l(ym;f)”’
andy =V 00, Since0 <1—X\(t) <1—=Xo(t) <--- < 1=Ng(t) < L foroy > 09> - > 0y,

so the (1 — \;) gets smaller or larger as o; gets larger or smaller; respectively.

Proof. Let X = UXV T be the SVD of the embedding, where U and V are the right and left
orthonormal matrices that contain the singular vectors. As v = (X T X)*v(%), we have:
v® = (XTX)O = (VvE2Y T, (8)
Plugging Equation (8) into Equation 2, we obtain:
Xo®p®OT Uy T (VE2y p@yOT (yu2tyT)
[0®]2 = O(VERY T)(VE2Y T )0
U217 T (0) 4, (0) Ty 522y, T
- 0T R4t/ Te,(0)
Lety =V "0 and t > 1 be the number of iterations, then we simplify Eq. equation 9 as:
()T
m ~UQy. V" (10)

E2t+1ny22t
where Q(y,t)= ST (11)

9

Because v(?) ~ N(0,1) and V is a unitary matrix, we have y = [y1,---,vy4] ~ N(0,1).
Moreover, note that the expectation of @ is a diagonal matrix, we have E, xr0,1)(Q(y,t)) =

diag (ql(t), q2(t), - ,q(t)d) with:

qi(t) = O'Z‘)\i(t) where )\1(75) = EyNN(O;I) ()\;(y, t)),
o2t)? 12
and)\;(y,t):%. (12)
Zl:l (leZQt)
For brevity, let us drop parameter ¢ where possible. We need to show that 1 > A; > A; > 0 when
o; > 0. Obviously, 1 > A; > 0, thus we need to show that A\; — A; > 0:

2t 2 2t)? 2 2
21:1 (ylalzt) Zz 1( lUl “) Zl 1( lC’z )

Because

2 2
yi —; Y Y
ST = I Y T I S B
Yy 2 y 2 Yy 2
Zl 1(lezzt> Zz 1(yl01 ) Ez 1(yl‘71 )
(14)

due to y;, y; being i.i.d. random variables sampled from the normal distribution, inequality equa-
tion 13 holds, thereby concluding the proof.

A.2 PROOF OF PROPOSITION 4.2

Proposition 4.2. Ler E; = E;j(X), for i = 1,...,m, with mk > d, denote the embed-
dings generated by the decoupler and regularlzed using HSIC, and let the concatenated embed-
ding be E(X) = [ Ey (X); Eo(X); ...; Em(X)] Under exact HSIC regularization, we have

m

rank(E(X)) = Y. | rank(E;(X)). Moreover; under perturbation or approximate HSIC regular-
ization, let the block covariance be Yy = E [vec(E(f()) vec(E(f())T} yand let ¥ = Yy + A,

where A denotes the perturbation. If Yy has r eigenvalues bounded below by v > 0 and
IAll2 < =, then X retains at least v eigenvalues greater than ~y — ||Alla > 0. Hence, the nu-
merical rank of 3. is preserved up to the spectral norm of the perturbation A, implying that 3y
and, consequently, E(X) maintains robustness of its spectrum.

15



Under review as a conference paper at ICLR 2026

Proof. We separately consider the cases of exact HSIC-orthogonality and perturbation/approximate
HSIC-orthogonality. For simplicity, we denote the input to each E; by X (instead of X). Without
loss of generality, assume that each F;(X) has finite second moments and that the embeddings are
centered, i.e., E[E;(X)] = 0 for all 4, which can be ensured via normalization techniques such as
batch normalization (Ioffe & Szegedy, 2015).

A.2.1 SPECTRUM ROBUSTNESS UNDER EXACT HSIC-ORTHOGONALITY

We define the population cross-covariance blocks as
Cij = E[VGC(EZ') VGC(E]')T], ) 7é j

Then, the block covariance of the concatenated embeddings, ¥, can be written as

E1 012 T Olm
T Co Yo -+ Copy

Y =Elvec(E(X))vec(E(X))']=| . . . .
C';nl 07.%2 e Z.m

Under exact HSIC-orthogonality, where each E; is mutually independent, we have the following
theorem on the rank additivity of the covariance ¥ and, consequently, of the concatenated embedding
E(X):

Theorem A.1 (Rank additivity with exact HSIC-orthogonality). Assume the kernels used for HSIC
are characteristic and that for every pair i # j we have
HSIC(E;, E;) =0

in the population limit. Then the random matrices F1, ..., E,, are mutually independent; conse-
quently the cross-covariance blocks vanish:

Ci; =0 foralli#j.
Hence the covariance X is block-diagonal,
Y = diag(Xq,...,2m),

and its rank satisfies
m

rank(¥) = Z rank(X%;).
i=1
That is, if each X; has nonzero rank, then Y cannot collapse to a rank smaller than the sum of
the individual ranks. Consequently, when each F; is generated as a non-collapsing component, the
concatenated embedding E(X) preserves its rank as
m
rank(E(X)) = rank(E;(X)).

=1

Proof. Since the kernels are characteristic, HSIC(E;, E;) = 0 implies E; and E; are independent
for every pair ¢ # j. Mutual independence and centering (E[E;] = 0) imply, for ¢ # j,

Cij = E[VGC(EZ') vec(Ej)T] =0.

Therefore ¥ is block-diagonal with diagonal blocks ¥y, ..., ¥,,, and its rank follows the standard
additivity property from linear algebra (Strang, 2022). Moreover, since

rank(X " X) = rank(X)

holds for any real matrix X, the concatenated embedding E'(X) preserves the same rank additivity
across the individual F;, thereby concluding the proof. O

Theorem A.1 shows that under exact HSIC-orthogonality, the rank of the concatenated embedding
E(X) is fully determined by the independent components E; extracted by the embedding decoupler,
exhibiting a rank additivity property rather than collapse. Since mk > d, the generated embedding
sets are capable of preserving the full information, i.e., the matrix rank, of the input X, thereby
preventing embedding collapse in the decoupler.
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A.2.2 SPECTRUM ROBUSTNESS UNDER PERTURBATION / APPROXIMATE HSIC

Before establishing spectrum (dimensional) robustness, we first present the following lemma on a
matrix perturbation bound:

Lemma A.2 (Weyl perturbation bound for symmetric PSD matrices). Let A, B € R?* be symmet-
ric, with eigenvalues A1 (-) > Ao(+) > -+ > A4(+). Then for every j,
|A;(A) = X;(B)| < |[A = B2,

where || - ||2 is the spectral norm.

Proof. This is the classical Weyl’s inequality; see any standard matrix analysis reference (Marcus
& Minc, 1992). O

Next, we establish the spectrum (dimensional) robustness under perturbation or approximate HSIC
regularization, summarized in the following theorem:

Theorem A.3 (Rank preservation with perturbation / approximate HSIC). Write ¥ = Xy + A,
where

Eblk = diag(El, ey Em)
is the block-diagonal covariance and A contains the off-diagonal cross-covariances (or model-
ing/estimation error). Let \;(-) denote the j-th largest eigenvalue. Then for every j,

A5 (2) = A Bpw) [ < |A][2.
Consequently, if Yy has v eigenvalues lower-bounded by v > 0 (A-(Zpi) > ), and | All2 < 7,

then X has at least r eigenvalues > v — ||A|la > 0. In particular, the effective linear dimension
(numerical rank) of X is preserved up to the spectral-norm size of the cross-covariance perturbation

Proof. Apply Lemma A.2 with A = ¥ and B = Y. The stated consequence about preserving at
least  eigenvalues above a positive threshold follows immediately. O

Therefore, if empirical HSIC penalties are used and (i) they are driven to small values for all pairs
(4,7), and (ii) small HSIC empirically implies a small cross-covariance spectral norm ||A||2, then
by Theorem A.3, the concatenated covariance X preserves the high-rank directions present in the
block-diagonal covariance Yy,x, and consequently the concatenated embedding F(X ) maintains its
rank. Thus, HSIC regularization provides robustness against second-order dimensional collapse:
the concatenated embedding resists collapsing into a low-dimensional linear subspace up to the
magnitude of the residual cross-dependence.

O
A.3 PROOF OF PROPOSITION 4.3
Proposition 4.3. Let 0; ; > 0 be the per-row weights generated by an MLP-parameterized field-wise

gating mechanism. Then the gated embedding Z = %..* | D;E;, with D; = diag (61 ;,...,0,;) €
R™ ™ which serves as the input to a feature interaction module, satisfies
(2

maxrank(F;) < rank(Z) < min <k7Zrank(Ei)).
i=1

Consequently, 7 is guaranteed to be high-rank, ensuring that downstream feature interaction mod-
ules—such as FM (Rendle, 2010), DeepFM (Guo et al., 2017), DCN/CrossNet (Wang et al., 2021),
and CIN (Lian et al., 2018)—operate on a non-collapsed embedding space.

Proof. Since the embeddings E; for ¢+ = 1,...,m are optimized under the HSIC regularization,
their components are linearly independent, implying that their column spaces form a direct sum:

i=1 i=1
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This implies that any vector in the sum of these spaces has a unique representation as a sum of
vectors from each component space. A non-zero vector in one component’s column space cannot be
represented by a sum of vectors from the others.

Without loss of generality, we consider the input to a single feature interaction module. The fea-
ture interaction modules operate in parallel, each receiving distinct combinations of the component
embeddings F;. Specifically, the field-wise gating mechanism, parameterized by an MLP, produces
per-row weights 6; ; > 0, yielding the gated embedding:

7 = ZDZE“ Dz = diag(@lyi, ey gn,z) e Rnxn,
=1

which serves as the input to a feature interaction module.

We can now establish a rank bound for such gated embeddings constructed via per-row gating,
formalized in the following theorem:

Theorem A.4 (Rank bounds under field-wise gating). Let r; = rank(FE;). Then the rank of the
gated embedding satisfies

m
maxr; < rank(Z) < min (k,Zri).

=1
Proof. We prove the upper and lower bounds separately.

* Upper bound: The rank of a sum of matrices is at most the sum of their ranks (sub-additivity).
Since each D; is a diagonal matrix with strictly positive entries, it is invertible and thus a full-rank
linear transformation. Multiplying by D; does not alter the rank of the matrix, so rank(D, E;) =
rank(F;) = r;.

rank(Z) = rank (Z DZ-EZ-) < Zrank(DiEi) = Z .
i=1 i=1 i=1
Furthermore, since Z € R™** its rank cannot exceed k. Combining these gives the upper bound:

rank(Z) < min(k, )", r;).

* Lower bound: We will show that rank(Z) > r; for any arbitrary component i, which implies
the desired lower bound. Our strategy is to prove that the null space of Z is a subspace of the null
space of E; (i.e., null(Z) C null(E;)).

Let h € null(Z), which by definition means Zh = 0. Expanding Z, we have:
> Di(E;h) = 0.
i=1

Let us define a set of vectors u; = E;h, where each u; € Col(E;). The equation becomes:

i=1

We hope to show this implies u; = 0 for all ¢, which relies on the direct sum property being
preserved after the transformation by the gating matrices D;. Specifically, a linear dependency
among the transformed spaces {Col(D; F;)} would require a non-generic, pathological alignment
between the gating values in { D, } and the basis vectors of the spaces { Col(E;)}. Since the gating
values 6 ; are outputs of a trained MLP, they are not structured to create such specific cancella-
tions. In any practical scenario, the gating matrices will not introduce new linear dependencies.
Thus, the set of transformed spaces {Col(D; E;)} also forms a direct sum.

Since the spaces {Col(D; F;)} form a direct sum and we have a sum of vectors from these spaces
equal to zero, each vector in the sum must be zero:

Dju; =0 foralle=1,...,m.
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Because each D; is invertible (having strictly positive diagonal entries), D;u; = 0 implies u; = 0.
Therefore, it must be that u; = E;h = 0. This shows that any vector / in the null space of Z
must also be in the null space of F;, establishing that null(Z) C null(E;).

Since null(Z) is a subspace of null(E;), its dimension must be less than or equal to that of
null(E;):
dim(null(2)) < dim(null(E;)).
From the rank-nullity theorem (rank(M) + dim(null(M)) = k), this directly implies:
rank(Z) > rank(E;) = ;.

As this holds for any component %, the rank of Z must be at least the maximum of all individual
ranks, concluding the proof.

O

Based on the theoretical guarantees of Theorem A.4, we can now analyze how our design alleviates
rank collapse in feature interaction across several representative feature interaction models. Specif-
ically, let r = rank(Z), and denote the rows of Z by z]T

Corollary A.5 (FM). The FM Gram matrix G = ZZ" satisfies rank(G) = r. A higher rank r
increases the expressive power of pairwise interactions, directly combating rank collapse.

Corollary A.6 (DeepFM (DNN branch)). Let the DNN’s first linear layer be W € R"* (") Across
samples, the input matrix F' (flattened 7 ) is drawn from a subspace whose dimension scales with .
Thus,

rank(W F') < min(rank(W), nr).

A larger r allows a richer and higher-dimensional input space for the DNN branch to learn from.

Corollary A.7 (DCN / CrossNet). Let the pooled vector gg be a linear map of the rows of Z. Each
cross-layer update

9" = gow/ V) + g + by

is confined to the subspace spanned by go. The dimensionality of the space where gy can exist is
bounded by r. Increasing r enlarges this reachable subspace, allowing for more complex cross-
features.

Corollary A.8 (CIN). The first-layer feature map in CIN consists of pairwise element-wise products
{7 © z;}. If the vectors {z;} span an r-dimensional space, the resulting product vectors will span
a space of dimension up to O(r?). Thus, CIN’s representational capacity grows super-linearly with
r, making a high-rank Z highly beneficial.

Based on the corollaries above, our field-wise gating applied to independent embedding sets effec-
tively mitigates interaction collapse. Each component E; provides an independent “view” of the
feature fields, and per-row gating constructs each field embedding as a weighted mixture of these
views. Under standard conditions, this mixture preserves the linear independence of the compo-
nents, ensuring that the resulting gated embedding Z is high-rank. Since the rank of Z is strongly
correlated with the rank of outputs in downstream feature interaction modules, the high-rank em-
beddings generated by our method directly prevent interaction collapse in modules such as FM,
DeepFM, DCN/CrossNet, and CIN.

O

A.4 EXPERIMENTAL DETAILS

A.4.1 DATASET DESCRIPTION

The Criteo and Avazu datasets used in our experiments are sourced from the open-source Python
library FuxiCTR (Zhu et al., 2021). Specifically, we use the Criteo x1 and Avazu x4 datasets, and
their statistics are summarized in Table 4.
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Table 4: Statistics of benchmark datasets used in our experiments.

Dataset #Train Size #Valid Size #Test Size #Fields
Criteo 33.0M 8.3M 4.6M 39
Avazu 32.3M 4.0M 4.0M 24

A.4.2 EXPERIMENTAL SETTINGS

The experiments are conducted on Ubuntu 22.04 with Python 3.10, using an NVIDIA A100 GPU
(40GB) with CUDA 11.8.

For all baselines’ multi-embedding variants, we follow the strategy in (Guo et al., 2024b), paralleliz-
ing multiple embedding tables at the base size, with the number of tables determined by the scale-up
factor. For RoBlock, the scale-up factor determines m, the number of independent components.

For all shallow architecture baselines and Wukong, we directly adopt the implementations provided
by FuxiCTR (Zhu et al., 2021). For DHEN, the gating module is implemented as a 3-layer MLP
with 64 hidden units, and its supported interaction functions include FM (Rendle, 2010), CIN (Lian
et al., 2018), DNN, and DCNv2 (Wang et al., 2021). These interaction modules follow the Fux-
iCTR implementations, and their combinations in the multi-embedding setting are generated via
sampling without replacement across cycles, controlled by the random seed to promote diversity.
For RoBlock, the base variant adopts DCNv2 (CrossNetv2) as the interaction module, while the
scaled-size variants employ the same set of interaction functions as DHEN. All MLP components
are standardized to three layers; in particular, the gating MLP employs 64 hidden units, matching the
configuration used in DHEN. Rank-1 update normalization is performed with three iteration steps,
following prior empirical practice (Chen et al., 2022; Wang et al., 2024; Yin et al., 2024).

Due to differences between our experimental setup and that of FuxiCTR, we fine-tune only the
model-specific hyperparameters (e.g., number of MLP layers, hidden dimensions, interaction or-
ders, activation functions). The associated search spaces are expanded based on the hyperparameter
configurations reported for each model in FuxiCTR.

In contrast, to ensure controlled and fair comparisons across models, we unify all universal hy-
perparameters within the FuxiCTR training framework. Specifically, we set the learning rate to
0.001, embedding regularization to le—8, embedding dropout to 0, network regularization to 0, net-
work dropout to 0.1, stop patience to 2, the base embedding size to 10, and the batch size to 10,000.
Model optimization is performed with the Adam optimizer (Kingma & Ba, 2017) using binary cross-
entropy loss, following the FuxiCTR configuration. Additionally, RoBlock incorporates an auxil-
iary HSIC regularization loss, Lygic, with a tunable trade-off coefficient 8 € {0,0.1,0.5,1,10}.
Experimental results are averaged over 20 random initializations to ensure statistical robustness. To
measure the information abundance (IA) of the embeddings, we compute the IA of the layer inputs
for vanilla DHEN, vanilla Wukong, and our RoBlock. For the multi-embedding variants of DHEN
and Wukong, we first concatenate the multiple embedding sets before calculating the IA at each
depth.

A.4.3 COMPLEMENTARY RESULTS

Complete results with standard deviations. In main text of Tables 2, 1, and 3, we only report
average test AUC due to space limit. Here we present detailed experimental results with estimated
standard deviation for statistical rigor, with results shown in Tables 5, 6, 7, and 8.

Full results for scaling analysis of RoBlock in depth and width. To comprehensively investigate
the scaling behavior of RoBlock under different embedding size settings, we extend the results in
Figure 6 by providing additional analyses across a broader range of embedding scale factors, as
discussed in Section 5.4.

As shown in these figures, for each scale factor ranging from a moderate 2x scale-up to a large
10x scale-up, increasing both the model depth and width consistently improves task performance.
Notably, the combined effect of jointly scaling depth and width yields more substantial gains than
scaling either dimension independently. More specifically, these results offer a decoupled analysis
of the number of components m and the embedding size d. Even when the two are not tied by the
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Table 5: Test AUC of shallow models on Criteo with mean + standard deviation. These values
complement the mean results in Table 1.

Criteo
Model base 2% 3x 5% 10x

SE 0.81073£0.00015 0.8109210.00016 0.8106210.00021 0.81049+0.00022

DNN 0.81092
ME FO000120.811250.00017 0-8113810.00015  0.8115010.00010 0.811680.00021
SE 0.8116310.00000 0.811400.00011 0.8115210.00014 0.8112410.00017

Crossnet 0.81162
ME FO-09013 1 0.811900.00011 0-812080.00013 0.81222.0.00016 0-8124519.00010
SE 0.8085210.00009 0.80862.0.00016 0.8084710.00016 0.8082410.00019

NFM 0.80862
ME HO-0001 1 0.80884 10,0000 0-80904 1000013 0-80915.0.00015 0-8093310.00022
CIN SE 0.81171 10 00014 0.81168.+0.00011 0.8117110.00012 0.8117040.00013 0.81146-¢.00018
ME ) 0.8119910.00000 0.81218.0.00010 0.8122640.00012 0.812489.00020
SE 0.81340+0.00014 0.8132210.00015 0.8133310.00019 0.81298¢.00019

xDeepFM 0.81348
P ME F0.00020 0 8136640.00013 0-8137510.00013 0.8139210.00014 0.81421.£0 00017
SE 0.8130419.00010 0.81315+0.00017 0.81300+0.00022 0.81276+0.00022

DCNv2 0.81315
ME +0.00009 0813364000010 0-81348-0.00011 0.8136210.00016 0.81395.£0.00016
RoBlock 0.81382i0_00011 0.8140110,00010 0.81413:&0.00011 0.81424i0_00013 0‘81464:&0,00017

Table 6: Test AUC of shallow models on Avazu with mean + standard deviation. These values
complement the mean results in Table 2.

Avazu
Model base 2% 3x 5x% 10x
SE 0.78920.0.00010 0.7890410.00011 0.7891410.00011 0.78896+0.00022
DNN 0.78922
ME HO-0001 078958 0.00011 0.7896610.00012 0.78982-0.00015 079004 10.00020
SE 0.79004 £0.00012 0.7899510.00012 0.7900210.00013 0.78983+0.00013
C t 0.79010
O ME F000018 " 0.79038 10,0005 0.79045 £0.00016 0.79061 £0.00017 0.7908610.00020
SE 0.78796+0.00010 0.788020.00013 0.78790+0.00013 0.7876410.00016
NFM 0.78799
ME 000019078828 000012 0.7884610.00013 0.7885610.00018 0.788910.00018
CIN SE 07921110 00010 0.79207+0.00015 0.79218.0.00017 0.7921210.00018 0.7919210.00020
ME ) 0.79237 +0.00008 0.7925110.00000 0.79265+0.00010 0.79290+0.00019
SE 0.79336+0.00000 0.79342t0.00016 0.79330+0.00019 0.79302+0.00020
DeepFM 0.79343
xoeep ME £0.00014 079360, 00015 0.7938310.00016 0.79396-0.00018  0.79420-10 00022
SE 0.79404 10.00008 0.79411.0.00008 0.7941310.00012 0.79405+0.00013
DCNv2 0.79403
ME £0.000090,79417 4 00009 0.7942710.00012  0.794360.00018  0.79452+0 00021
RoBlock 0.79493i0_00013 0.79543:‘:0'00009 0.79611 +0.00011 0.79650:‘:0‘00013 0.79683:‘:0'00017

default relation m = |d/k] + 1 but are instead flexibly configured, RoBlock continues to deliver
consistent performance gains with increased model capacity. This highlights the flexible and scal-
able nature of RoBlock, showcasing its ability to adjust model capacity across multiple dimensions
to meet the demands of complex real-world scenarios.

Additional Experiments on Heterogeneous Feature Interaction. Although the effectiveness of
heterogeneous feature interaction modules has been empirically demonstrated (Zeng et al., 2025;
Zhang et al., 2022; Wang et al., 2025b) and is not the main focus / contribution of this paper,
we include complementary evaluations to provide additional insights for readers. Specifically, we
conduct ablation studies comparing heterogeneous and homogeneous feature interaction modules.
Using a 5-layer RoBlock as the backbone, we randomly construct 10 different combinations of
feature interaction modules. In the homogeneous setting, all modules in a combination are of the
same type, whereas in the heterogeneous setting, not all modules are identical. We report the average
test AUC across the 10 combinations; complete results are provided in Table 9.

As shown, using heterogeneous feature interaction modules leads to statistically stronger perfor-
mance. Moreover, the performance gain from increasing embedding size is slightly higher for het-
erogeneous modules compared to homogeneous ones. This observation aligns with recent findings,
indicating that RoBlock can also benefit from heterogeneous feature interactions.
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Table 7: Test AUC of deep models on Avazu with mean =+ standard deviation. These values com-
plement the mean results in Table 3.

Criteo
base 2% 3x 5% 10x
0.813457 0.813584 0.813714 0.813873  0.814207
+0.000284  £0.000115  +0.000157  +0.000206  +0.000268
0.813556  0.813661 0.813782 0.813961 0.814280

DHEN £0.000185  £0.000192  £0.000213  £0.000259  =£0.000305
0.813597 0.813720 0.813834  0.814009  0.814315

Model #layers

2

4
4£0.000207  +0.000237  £0.000254  40.000304  -£0.000246
5 0.813641 0.813789 0.813870 0.814057 0.814349
£0.000178  +0.000261  £0.000213  +0.000238  £0.000302
) 0.813316  0.813427 0.813484 0.813631 0.813680
4£0.000251  +0.00019  £0.000213  +0.000275  =0.000252
3 0.813394 0.813520 0.813571 0.813721 0.813781

+0.000163 +0.000198 +0.000221 +0.000253 +0.000311
Wukong 0.813425 0.813579 0.813626 0.813757 0.813816

4
4£0.000187  +0.000307  £0.000317  40.000320  +0.000310
5 0.813475 0.813632 0.813683 0.813804 0.813859
£0.000167  +0.000230  £0.000252  £0.000273 _ £0.000310
) 0.813859 0.814065 0.814165 0.814279 0.814689
4£0.000121  +0.000222  £0.000224  +0.000247  £0.000280
3 0.813968 0.814148 0.814254 0.814363 0.814722

+0.000174 +0.000206 +0.000234 +0.000268 +0.000217
RoBlock 0.814016 0.814182 0.814293  0.814404 0.814765

4+0.000152  £0.000133  £0.000266  +£0.000245  +0.000266
0.814070  0.814258 0.814357 0.814480  0.814802

+0.000196 +0.000235 +0.000242 +0.000320 +0.000233

A.4.4 COMPUTATIONAL AND MEMORY COMPLEXITY ANALYSIS OF RANK-1 UPDATES

Let X € R*"*4 be a batch of input embeddings, and n and d are the dimensions of each matrix.
Our rank-1 update normalization performs ¢ iterations for each batch sample.

¢ Time Complexity. Taking out the upper notions for v, each iteration requires computing v <—
X T (Xw) for every batch sample. First, we compute X v, which has a cost of O(bnd), and then

we compute X ' (Xv), which also costs O(bnd). Over t iterations, the total time complexity

is therefore O(tbnd). Computing the rank-1 approximation X’ = & vy also costs O(bnd), so

IR

the overall time complexity remains O (tbnd).

* Space Complexity. The main memory usage comes from storing the intermediate vectors v €
R®*4_ the intermediate matrix Xv € R®*", and the rank-1 update X' € R?*"*¢_ Therefore,
the total space complexity is dominated by O (bnd), which scales linearly with the batch size
and matrix dimensions.

However, note that n, the number of fields, is typically small (see Appendix A.4.1), and ¢, the number
of iterations, is negligible in line with prior rank-1 update practices Chen et al. (2022); Wang et al.
(2024); Yin et al. (2024). As a result, the overall complexity depends primarily on b x d, i.e., the
batch size and embedding dimension, which are easily adjustable, allowing the method to remain
highly efficient.
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Table 8: Test AUC of deep models on Avazu with mean =+ standard deviation. These values com-
plement the mean results in Table 3.

Avazu
base 2% 3x 5% 10x
0.793945  0.794096  0.794251 0.794396  0.794611

4+0.000201  £0.000262  £0.000207  +0.000248  +0.000219
0.794054  0.794186  0.794343  0.794471  0.794692

DHEN 4£0.000171  £0.000201  +0.000244  £0.000257  +0.000298
0.794089  0.794218 0.794399  0.794519  0.794743

Model #layers

2

4
+0.000181 +0.000281 +0.000310 +0.000302 +0.000174
5 0.794128 0.794278  0.794446  0.794556  0.794789
+0.000189 +0.000242 +0.000265 +0.000259 +0.000234
2 0.793710  0.793822  0.793904 0.793980  0.794100
+0.000184 +0.000192 +0.000210 +0.000276 +0.000249
3 0.793776  0.793903  0.794009 0.794078 0.794194

Wukong 4+0.000155  £0.000214  £0.000236  +£0.000281  =0.000201
0.793812  0.793942  0.794055 0.794121  0.794233

4
4£0.000172  +0.000168  £0.000263  +0.000213  £0.000222
5 0.793866  0.793985 0.794091 0.794184  0.794293
4£0.000218  +0.000254  £0.000225  +0.000237  0.000311
) 0.794981 0.795474  0.796155 0.796542  0.796865
4£0.000173  +0.000172  £0.000158  £0.000233  £0.000214
3 0.795075  0.795560  0.796263  0.796619  0.796928

RoBlock 4+0.000161  £0.000218  £0.000251  +0.000276  +0.000259
0.795129  0.795596  0.796308  0.796667  0.796959

£0.000211  £0.000248  £0.000278  £0.000227  £0.000269
0.795208  0.795657  0.796364  0.796725  0.797022

+0.000217 +0.000260 +0.000232 +0.000206 +0.000132

Table 9: Ablation study on heterogeneous and homogeneous feature interaction configuration.

Model dataset 2% 3% 5% 10x
Cricg 0814258 0.814357 0814480 0.814802
+0.000235 +0.000242 +0.000320 +0.000233
RoBlocknetero gy 0795657 0796364 0796725 0.797022
+0.000260 +0.000232 +0.000206 +0.000132
Crieg 0813831 0813962 0814203 0814492

+0.000218 +0.000195 +0.000221 +0.000231
RoBlockiomo 0794722 0.794911 0.795265 0.795617

+0.000224 +0.000219 +0.000207 +0.000282

Avazu
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Figure 8: Complete RoBlock test AUC across varying numbers of layers and model scales relative
to the base size. These results complement the mean values shown in Figure 6.
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Figure 9: GPU memory allocation and training time of shallow baselines and RoBlock. All models
are evaluated under a 10x scale-up.

8
B Memory Allocation 20.0 mmm Memory Allocation 20.0
101 wem Time / Epoch 71w Time / Epoch
@ o
S 06
c c
S Ss
© ©
s° g,
= =
X s
§ 5>
=, =
1
0 0
Wt ot urtens? (9e? aatens® (g1 v=® Wt o aarewn? (? aatens® (et ®
O B0 o (e G o o (e e O Q" G0 o e @0 o (e e
(a) Comparison on Criteo. (b) Comparison on Avazu.

Figure 10: GPU memory allocation and training time of deep baselines and RoBlock. All models
are evaluated under a 10x scale-up.

A.5 ADDITIONAL EXPERIMENTS AND DISCUSSIONS IN REBUTTAL

In this part of the appendix, we provide additional results and discussions addressing the questions
raised by the reviewers. These results are planned to be incorporated into the main text in the
camera-ready version. Specifically, we cover (i) efficiency evaluations, (ii) complexity of the HSIC
loss, and (iii) additional ablation studies on f3.

A.5.1 COMPUTATIONAL EFFICIENCY EVALUATIONS

To evaluate the efficiency of RoBlock, we examine (i) GPU memory allocation, (ii) training time
per epoch, and (iii) inference latency per batch, and provide a comprehensive analysis of the results.

Comparison on GPU Memory Allocation. To facilitate an intuitive efficiency comparison, we
evaluate all models using the largest 10x scale-up (i.e., embedding dimension of 100). For fairness,
when comparing with shallow baselines, we evaluate RoBlock in its 1-layer configuration as used
in the main text; similarly, when comparing with deep architectures, we benchmark baselines and
our RoBlock across multiple layers to ensure comprehensive assessments. All baselines adopt the
multi-embedding variants to remain consistent with the experimental setup in the main text.

As shown in the blue segments of Figures 9 and 10, RoBlock demonstrates leading GPU memory
efficiency relative to the baselines, remaining comparable to both shallow and deep counterparts.
This efficiency indicates that neither the rank-1 update nor the HSIC regularization introduces dis-
proportionate overhead during training, consistent with the analysis in Appendix A.4.4 and A.5.2.
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Figure 11: Inference latency per batch of baselines and RoBlock. All models are evaluated under a
10x scale-up.

Quantitatively, the 1-layer RoBlock ranks fourth lowest among shallow baselines on both datasets,
reducing GPU memory usage by up to 5% compared with the strongest AUC baseline, xDeepFM,
while incurring less than a 4% increase relative to DCNv2. Multi-layer variants further rank second
lowest among deep baselines, achieving up to a 6% reduction compared with the strongest deep
baseline, DHEN. These results reinforce that RoBlock provides enhanced modeling capacity without
sacrificing practical efficiency.

Comparison on Training Time Complexity. We further evaluate training efficiency under the
same settings as the memory comparison, reporting the average training time per epoch in Figures 9
and 10. We adopt per-epoch timing instead of total training time because the latter is highly sensitive
to random initialization: different seeds may lead to substantially different numbers of training
epochs, resulting in unstable and ambiguous comparisons. In contrast, the average time per epoch
is more stable and therefore more informative.

As shown by the orange segments of Figures 9 and 10, in line with the GPU memory results,
RoBlock achieves leading training time efficiency, matching or exceeding the performance of
the baseline models. This efficiency primarily arises from the predominance of lightweight MLP
modules, the low computational cost of both the HSIC loss and the rank-1 update, and the simplicity
of RoBlock’s interaction functions, which directly inherit efficient components from prior work,
such as using only the CrossNetv2 module from DCNv2.

Specifically, the 1-layer RoBlock ranks as the second fastest on Criteo and third fastest on Avazu,
achieving up to a 24% speedup over DCNv2 on Criteo and up to a 13% speedup over xDeepFM on
Avazu. The multi-layer variants achieve the fastest training speed among deep baselines, reducing
training time by up to 20% compared with DHEN. These results confirm that RoBlock combines
strong modeling capacity with top-tier training efficiency.

Comparison on Inference Latency. We also compare inference efficiency by measuring per-
batch inference latency, using the same batch size of 10,000 as in training. The average latency
per batch is reported in Figure 11.

We observe that inference latency patterns remain consistent within both shallow and deep model
families, with RoBlock variants exhibiting latency comparable to their respective baselines. Since
the HSIC regularization and rank-1 update are applied only during training and omitted at inference,
RoBlock introduces no additional overhead. As a result, it maintains competitive inference effi-
ciency, with latency staying within 2% of the fastest baselines across both shallow and deep model
groups, while delivering stronger predictive performance.

A.5.2 COMPLEXITY OF HSIC REGULARIZATION
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In our implementation of HSIC regularization, we adopt an equivalent but more direct and efficient
formulation. Specifically, leveraging standard results from matrix analysis Marcus & Minc (1992),
we use tr(ABC) = tr(BCA) and tr(AA") = ||A||%. Additionally, the centering matrix H =
I— %11—'— is idempotent, satisfying H - H = H. Using these properties, the trace computation of
the linear-kernel HSIC (following the notations in Eq. 3) can be rewritten as

tr (K(E;l—l))HL(Egl—U)H) = tr (E;j—U(Eg—U)T(H H)E{=D (BT (H - H)) :

= tr ((HEZ()I_l)(EI()l_l))TH) . (HEél_l)(Eél_l))TH)) ,

= |(zs) () 8

This formulation not only simplifies computation but also significantly improves efficiency. The
memory complexity of HSIC regularization is O (bnk + bk2m?2). Since the field number n, base
size k, and number of components m are typically much smaller than the batch size b, the complexity
is comppletely dominated by the batch. where the practical memory overhead is controllable in a
reasonable batch size. Similarly, the time complexity is O (bnk2m?), which also can be controlled
in a practically usable training time.

In summary, this efficient implementation of HSIC regularization provides meaningful performance
gains for RoBlock while requiring reasonable additional computational resources, making it highly
practical for training.

A.5.3 ADDITIONAL ABLATIONS ON THE TRADE-OFF 3

To further validate the effectiveness of our HSIC regularization, we provide additional ablation
studies on the trade-off coefficient 5. Specifically, using a 5-layer RoBlock as the backbone, we
evaluate /3 over a wide range of values {0,0.1,0.5,1, 10, 100}. Experiments are conducted on both
datasets and across multiple scale-up factors, offering extensive assessment of the impact of 3.

As shown in Figure 12, when 8 = 0 (i.e., without HSIC regularization), the model exhibits a clear
performance drop, confirming the effectiveness of incorporating HSIC regularization. The best
performance is generally achieved with 8 = 1, and occasionally with 0.5 or 10, while extremely
small (0.1) or large (100) values lead to noticeable degradation. These results indicate that RoBlock
is not overly sensitive to 3, and that a simple setting of 3 = 1 provides a robust and effective choice
in practice.
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Figure 12: Impact of the trade-off coefficient 5 under different scale-up factors.
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