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Abstract

Inspired by the success of language models (LM), scaling up deep
learning recommendation systems (DLRS) has become a recent
trend in the community. All previous methods tend to scale up
the model parameters during training time. However, how to ef-
ficiently utilize and scale up computational resources during test
time remains underexplored, which can prove to be a scaling-efficient
approach and bring orthogonal improvements in LM domains. The
key point in applying test-time scaling to DLRS lies in effectively
generating diverse yet meaningful outputs for the same instance.
We propose two ways: One is to explore the heterogeneity of differ-
ent model architectures. The other is to utilize the randomness of
model initialization under a homogeneous architecture. The evalu-
ation is conducted across eight models, including both classic and
SOTA models, on three benchmarks. Sufficient evidence proves the
effectiveness of both solutions. We further prove that under the
same inference budget, test-time scaling can outperform parame-
ter scaling. Our test-time scaling can also be seamlessly accelerated
with the increase in parallel servers when deployed online, with-
out affecting the inference time on the user side. Code is available
here!.
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1 Introduction

Deep learning-based recommendation systems (DLRS) are deemed
essential for multiple online services these days [27]. Modern DLRS
takes multiple continuous dense features, such as date, and categor-
ical sparse features, such as user clicked history. Categorical fea-
tures are transformed into dense embedding representations through-
out trainable embedding components. These dense embeddings are
then fed into an interaction & prediction component, designed to
explicitly capture the intricate interactions between features in an
efficient manner [23, 28, 29].

Driven by the advancements in scaling law in the Language
Model (LM) domain [15], scaling up the DLRS to fully leverage
large volumes of online data remains an urgent need. Currently,
the scaling on large-scale recommendation systems expands over
two dimensions: (i) width scaling, which expands the number of
interaction modules in a parallel manner. To avoid collisions and
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achieve better representation, each module tends to correspond
with a unique and independently trainable embedding table [21,
35]. Such scaling methods appear similar to Mixture-of-Expert [24,
31], but feature multiple embedding tables [11]. and (ii) depth scal-
ing, which scales up the depth of the feature interaction module
by designing a unified architecture that can be seamlessly stacked
together [17, 47, 51]. However, both lines of work aim to scale up
a single model by increasing the number of trainable parameters.
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Figure 1: Comparison between Parameter Scaling and Test-
time Scaling via Prediction Merging. The latter can benefit
from additional improvement, superior stability, higher ef-
ficiency, and easy deployment.

Recently, the test-time scaling techniques have gathered increas-
ing attention [26, 33]. The core idea of test-time scaling in the
LM domain is to deliberately increase computation at test time in
the aim of increasing the quality of results [33]. Test-time scaling
has achieved significant, resource efficient, and orthogonal
improvement over the parameter scaling solutions. Test-time scal-
ing can also provide superior stability and ease of deployment in
the DLRS domain, as elaborated in later Sections. Figure 1 visually
explains the general idea and benefit of test-time scaling in DLRS.
Yet, such an important idea has little exploration.

Although being a promising direction, the concept of test-time
scaling cannot be effortlessly extended to DLRS. LMs can, by na-
ture, generate diverse outputs, given the randomness in the factors
such as the prompt or the decoding stage. However, for recommen-
dations, especially those on a large scale, uniform input structures
are preferred due to the requirement for large-scale online serving.
Besides, the recommendation models tend to be trained under a
unified data distribution, namely, all the features deemed useful by
experts or algorithms [22, 41] are input into the model to achieve
the best performance possible. Hence, how to obtain diverse yet
meaningful outputs during test-time over large-scale recommen-
dation models directly affects the utility of test-time scaling.

Here, we propose two approaches for obtaining diverse outputs
from the same input. One approach is to leverage the heterogene-
ity among different recommendation models. Recent works have
consistently proven the effectiveness of utilizing different recom-
mendation architectures in capturing diverse interactions and cor-
relations [35]. The other approach involves exploring randomness
within a homogeneous architecture. Specifically, as initialization
plays a crucial role in model training [9], we deliberately train mod-
els with different random seeds to encourage diversity in the logits
spaces. Note that these two approaches can be combined. To effi-
ciently fuse all the generated outputs, we propose to directly fuse
them in the prediction space, namely, prediction merging.
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We conduct extensive evaluations of eight recommendation mod-
els, both classic and SOTA, and their combinations. The evaluation
is conducted across three benchmarks: Criteo, Avazu, and KDD12,
with significant improvements observed in all cases. We further
demonstrate the efficiency, the stability, and the orthogonality of
test-time scaling. Importantly, as test-time scaling via prediction
merging is by nature parallel, it can be easily deployed across differ-
ent servers without a significant reduction in inference speed. Fi-
nally, we aim to investigation why test-time scaling works. Futher
study reveals that diversity among predictions is a key factor in
driving performance increases. Our contribution can be summa-
rized as follows:

« We formally introduce an additional scaling dimension in DLRS:
test-time scaling, which is orthogonal to the current parameter
scaling approaches.

« We propose prediction merging, a model-agnostic framework that
fuses predictions in the logit space, as the mechanism for test-
time scaling. Under this framework, we investigate two sources
of prediction diversity: heterogeneous architectures and homo-
geneous architectures with different random initializations. We
further propose grouped training to improve scaling efficiency.

Extensive evaluation over three large-scale benchmarks, eight

recommendation models, and their combinations, validates the

effectiveness, efficiency, and orthogonality of test-time scaling
via prediction merging.

2 Methodology
2.1 Problem Definition

Large-scale Recommendation tends to formulate the problem as a
binary classification. Specifically, it aims to predict the probability
of a user interacting with given items. It can be defined as {, Y},
with cardinality |[{X,Y}| = N, where X is a multi-categorical
feature set, including user, item, or contextual features, and Y €
{0, 1}N is a label set indicating whether the user interacted with
the given item. Each feature x; belongs to a feature field x; with
cardinality D;, where D; is the number of unique features in the
feature field. Each feature field x; is associated with an embedding
table E € R4, where d is the pre-defined embedding dimension
size. This can be formulated as:

e; = E(x). (1)

All these embeddings are concatenated as e = [eq, -, e,], where
n indicates the number of feature fields. After obtaining all the em-
beddings, an interaction layer is applied to the embeddings, aiming
to extract unique interactions. This can be formulated as:

h = I(e). @)

A prediction module is further concatenated to learn a mapping
between the interaction space I and prediction label Y, which can
be formulated as: & : I — VY. Binary cross-entropy (BCE) loss
is commonly chosen as the objective function. For each instance
(x,y) € {X, Y}, the model can make the prediction as: y = F(h).
Hence, the final loss is formulated as follows:

N

, 1
L= "Lpred = _N Z
xye{X U}

ylog(y) +(1—y)log(1—3). (3)
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Figure 2: Visualization of different structures. (a) Classic Model design with Embedding, Interaction, and Prediction Module.
(b) Depth Scabling Model design, which scales the depth of the interaction module and implicitly fuses information. (c) The
Width Scaling Model design increases the number of interaction modules and the associated embedding table in parallel. It
applies regularization among the interaction modules to encourage diversity and prevent overlapping. (d) Prediction Merging
fuses the information directly in the logit space. For all structures, the interaction module and prediction module can have

the same or different architectures.

2.2 Parameter Scaling

In this section, we briefly categorize and formulate the two classes
of parameter scaling.

2.2.1 Depth Scaling. Depth scaling [17, 47, 51] methods focus on
increasing the depth of the interaction layer. One of the key bottle-
necks lies in designing a scalable interaction layer. Hence, various
layers, specifically tailored to be scalable and seamlessly concate-
nated, have been proposed. From a high-level perspective, we can
formulate such a design as proposing a series of interaction layers
{I®|]1 < i < M}, and each layer is stacked upon the former with
the initial representation h© being the embedding e:

h® = [OHED) KO = ¢, (4)

Finally, the prediction module maps the final representation into
the logits space, denoted as § = F(h™). The depth scaling mod-
els tend to be trained using similar objectives as Equation 3.

2.2.2  Width Scaling. Width Scaling [11, 21, 35] methods, on the
other hand, intend to increase the width of the interaction layer.
It is based on the hypothesis that various interaction layers may
have different expertise in capturing users’ interest. Hence, con-
catenating them may yield a better representation of users’ inter-
ests. Due to the embedding collapse phenomenon [11], a trainable
embedding table is associated with the corresponding interaction
component for better scalability and capturing diverse behaviour
patterns [24, 35]. Specifically, a model with M sets of embedding
tables is defined as:

ef’") =EM(x), 1<m<M ()
5

e = [, &™),
After obtaining the M sets of embedding {e™ | 1 < m < M}, single

or multiple experts, referring to different interaction modules, such
as CIN [19], Cross Layer [36, 37], or Factorization Machine [10, 30],

box indicates the information fusion process.

may be utilized to capture the diverse behaviour patterns. Specifi-
cially, each interaction expert I (m) g assigned to the m embedding
e™ and aims to capture diverse interactions, formulated as:

hm = [(m)(e(m)y, (6)

Here, each different interaction modules are averaged to obtain the
final interactions

M
h=— 3 A, 7
7 mzzl 7)
and the final prediction can be obtained as:j = F(h). Additionally,
to avoid the similarity among interaction representations, various
diversity regularization terms [21, 35] have been proposed. This
can be followed as:

L= Lored + ALieg(h™ [ 1 <m < MY, ®)

with A indicating the strength of regularization and £, being the
regularization term encouraging diversity among the interaction

set {h™ |1 <m < M}

2.3 Test-time Scaling via Prediction Merging

The major difference between existing parameter scaling methods
and prediction merging lies in two aspects. First, prediction merg-
ing encourages the generation of diverse outputs directly, whereas
parameter scaling methods only generate a single prediction. Un-
like existing models [11, 21, 35, 47], which operate on the interac-
tion layer, prediction merging directly operates on the prediction
logit space Y without making assumptions about the architecture
of the individual model. Second, the number of supervision signals
for prediction merging is higher than that for parameter scaling.
Prediction merging involves training models (;("‘) i x — yin-
dependently or in a grouped manner, whereas existing solutions
train all experts jointly with only one supervision signal, incorpo-
rating regularization based on human-prior knowledge.
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Hence, under the prediction merging framework, multiple mod-
els, regardless of their architectures or prior assumptions, can be in-
tegrated seamlessly. Specifically, given a family of models {7 | 1 <
m < M}. Hence, for each data instance (x,y) € {X, Y}, model
F™ make its prediction as

M = ¢(x). )

After obtaining the prediction sets {j/(m) |1 < m < M}, predic-
tion merging directly averages all predictions and yields the final
prediction as:

M

.1 ~(m)

y== ), 7. (10)
P

Algorithm 1 describe the detailed solution in obtaining the model
set {GM |1 <m < M}

Algorithm 1 The Training Phase for Prediction Merging

Require: training dataset {X, Y/}, initial model set {Qém) |1 <
m< M}
Ensure: model set {G(™ |1 < m < M}
1: Split initial model set into K mutually excluded subset
81, -+, 8k, with each containing at least one element.
22 k=0
3: while k < K do
4 k=k+1
5 while not converged do
6 Sample a mini-batch from the training dataset {2, Y}
7 Calculate the prediction jj with Equation 10 given &}
8 Tune models in 8} given the objective in Equation 3
9 end while
end while

-
I

2.3.1 Grouped Training Strategies. To achieve higher scaling effi-
ciency and enhance the collaborative performance of the model
set, we introduce grouped training. Unlike independent training
where each model is optimized in isolation and prediction merg-
ing is only applied during test-time, grouped training merge sev-
eral models into groups and apply the prediction merging before
training. Specificially, it concatenates multiple models into a sin-
gle functional unit during the forward and backward passes. This
can be formulated as:

() 1 . N
yéo - Z P pm = ey, (11)

i meM;

Here j/‘g) is optimized to approximate the ground truth y, meaning
that models in group M; are trained jointly as if they are one model.

The key distinction from independent training lies in the loss
computation. In independent training, each model minimizes its
own loss L(7™, ) separately. In grouped training, the loss is

computed on the group-level averaged prediction: L = £’ (f/g), ¥).

During backpropagation, the gradient received by each model m in
group M, is:

9L, - 9pm)
g _ 1 oL 9y (12)
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Since j/g) depends on all models in the group, each model’s gra-
dient is implicitly conditioned on its group members’ predictions.
This creates an implicit regularization effect: if other models in the
group already predict correctly for a sample, the gradient signal
for that sample is reduced, encouraging each model to focus on
complementary error patterns rather than redundantly learning
the same mapping.

After each group training is done, the final prediction is average
across the group prediction with the group cardinality as weights,
denoted as:

K K

- 1 (i

y= 2 2 Iml= 58 Y Il = M (13)
i=1 i=1

3 Experiment

In this section, we aim to evaluate and answer the following re-

search questions:

« RQ1: Is test-time scaling (TTS) effective for recommendation?

« RQ2: How does TTS compare to parameter scaling in terms of
performance and efficiency?

« RQ3:Is TTS orthogonal to parameter scaling?

« RQ4: How does prediction merging compare to model merging?

« RQ5: Why can TTS be achieved via prediction merging, and does
training-based TTS outperform training-free version?

3.1 Experimental Setup

3.1.1 Datasets. We conduct our experiments on three public real-
world datasets: Criteo [14], Avazu [38], and KDD12 [1]. We fol-
low the data preprocessing and dataset splitting protocols from pre-
vious work [22].

3.1.2  Metrics. Following the previous works [10, 30], we use the
common evaluation metrics for CTR prediction: AUC (Area Under
ROC) and Log loss (cross-entropy). Note that 0.1% improvement
in AUC is considered significant [10, 28].

3.1.3 Backbones and Baselines. We evaluate the test-time scaling
and other scaling techniques on two types of backbone models: (i)
classical DLRS models: FNN [50], IPNN [28], DeepFM [10], DCN [36],
DCNv2 [37], and FinalMLP [25], and (ii) depth scaling models: Wu-
kong [47] and RankMixer [51]. We further compare with two width
scaling techniques orthogonal to backbone models, namely Multi-
Embed (ME) [11], D-MoE [35].

3.1.4  Group training setup. Here we report the group training setup
utilized in Table 3. Due to the space limit, here we report only part
of the result. The rest of them is contained in the repository.

3.2 RQ1: Main Results

In this section, we evaluate the scalability of prediction merging
in two situations: (i) homogenous architectures and (ii) heteroge-
neous architectures.

3.2.1 Comparison against Depth Scaling.

3.2.2 Homogenous Architectures. For homogeneous architectures,
we scale up the same architecture via initialization randomness,
achieving up to 16x scaling. Based on Table 1, we can make the fol-
lowing observations. Firstly, we can observe that the performance,
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Table 1: Scalability on Homogenous Architecture.

Method FNN IPNN DeepFM DCN DCNv2 FinalMLP Wukong RankMixer
AUCT Logloss| | AUCT Logloss| | AUCT Logloss| | AUCt Logloss! | AUCT Logloss| | AUCT Logloss| | AUCT Logloss| | AUCT Loglossl

Backbone | 0.7888  0.3761 | 07911 03744 | 07869  0.3757 | 0.7889  0.3753 | 0.7945 03712 | 07935 03717 | 07954  0.3705 | 0.7954  0.3705

2 2x 0.7897*  0.3755 | 0.7926*  0.3733 | 0.7878 03769 | 0.7898*  0.3753 | 0.7958"  0.3704 | 0.7946*  0.3709 | 0.7971 03695 | 0.7966*  0.3698
g 4x 0.7903* 03744 | 0.7935"  0.3726 | 07911 03733 | 0.7905*  0.3747 | 0.7971*  0.3697 | 0.7955"  0.3704 | 0.7987°  0.3685 | 0.7976*  0.3692
< 8x 0.7909*  0.3740 | 0.7938"  0.3724 | 07923 03727 | 0.7907° 03745 | 0.7981*  0.3691 | 0.7965"  0.3699 | 0.7994% 03681 | 0.7983*  0.3688
16x 0.7913°  0.3737 | 0.7941"  0.3722 0.7930  0.3730 | 0.7910* 03739 | 0.7990  0.3685 | 0.7971*  0.3694 | 0.8001°  0.3676 | 0.7991*  0.3683
Backbone | 0.8103  0.4411 | 0.8110  0.4404 | 0.8085  0.4428 | 0.8104 04412 | 0.8098 04416 | 0.8107  0.4407 | 0.8104 04411 | 0.8117  0.4401

3 2x 0.8110  0.4405 | 0.8118 04397 | 08102 04413 | 0.8110  0.4405 | 0.8112 04402 | 0.8114  0.4400 | 0.8122% 04395 | 0.8132"  0.4387
2 4 0.8116*  0.4400 | 0.8122* 04393 | 0.8110*  0.4406 | 0.8116*  0.4400 | 0.8123"  0.4392 | 0.8127" 04389 | 0.8131%  0.4387 | 0.8139*  0.4380
© 8x 0.8121% 04396 | 0.8125" 04392 | 0.8115*  0.4401 | 0.8122*  0.4394 | 0.8138"  0.4388 | 0.8133" 04382 | 0.8140% 04377 | 0.8143*  0.4376
16x 0.8124* 04331 | 0.8130" 04387 | 0.8117°  0.4400 | 0.8124*  0.4392 | 0.8131"  0.4385 | 0.8137" 04378 | 0.8147° 04371 | 0.8144*  0.4375
Backbone | 0.8108  0.1500 | 0.8118  0.1497 | 0.8085  0.1505 | 0.8108  0.1500 | 0.8114  0.1499 | 0.8110  0.1500 | 0.8116  0.1498 | 0.8125  0.1496

N 2% 0.8114  0.1498 | 0.8126"  0.1496 | 0.8099*  0.1502 | 0.8113  0.1499 | 0.8119  0.1497 | 0.8116  0.1498 | 0.8125°  0.1496 | 0.8131*  0.1495
8 4x 0.8122  0.1497 | 0.8135"  0.1493 | 0.8109*  0.1500 | 0.8120"  0.1497 | 0.8130°  0.1494 | 0.8125"  0.1496 | 0.8136*  0.1494 | 0.8137*  0.1493
% 8x 0.8127°  0.1496 | 0.8141"  0.1492 | 0.8115*  0.1498 | 0.8127"  0.1496 | 0.8133°  0.1494 | 0.8130"  0.1495 | 0.8145°  0.1492 | 0.8143*  0.1492
16x 0.8132°  0.1494 | 0.8144"  0.1491 | 0.8119*  0.1497 | 0.8131"  0.1495 | 0.8140°  0.1493 | 0.8132"  0.1494 | 0.8150°  0.1491 | 0.8147"  0.1491

Here * denotes statistically significant improvement (measured by a two-sided t-test with p-value < 0.05) over the backbone in terms of AUC.
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Figure 3: Performance scaling curves across three datasets (Avazu, Criteo, and KDD12) as a function of multiplicative FLOPs
scaling factor. Each subfigure shows a model’s performance under different computational budgets. Scalable architectures
(Wukong and RankMixer) exhibit consistent performance improvements following scaling laws, while others (DCNv2 and
FinalMLP) demonstrate diminishing or negative returns at higher FLOPs, indicating limited parameter scalability.

as measured by both AUC and Logloss, consistently improves as
the number of experts scales. Significant improvements are ob-
served in most cases. Secondly, on certain models, significant im-
provements can be observed when merging merely two models,
hinting at the efficiency of test-time scaling on homogeneous archi-
tectures. Finally, we can observe that depth scaling architectures,

namely Wukog and Rankmixer, exhibit better scalability than oth-
ers.

3.2.3 Heterogenous Architectures. For heterogeneous architectures,
we investigate three combinations: (1) Wukong + Rankmixer, (2)
Rankmixer + DCNv2, and (3) Wukong + DCNv2. Results are shown
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Table 2: Scalability on Heterogeneous Architecture.

Method Wukong+Rankmixer | Rankmixer+DCNv2 | Wukong+DCNv2
etho
AUC?t Logloss| AUC?T  Loglossl | AUCT Logloss!
1x 0.7977 0.3690 0.7964 0.3698 0.7971 0.3694
2% 0.7986* 0.3685 0.7968 0.3696 0.7977  0.3690
5 4x 0.8003* 0.3676 0.7971 0.3694 | 0.7987*  0.3684
N
;:;’ 8x 0.8017* 0.3667 0.7972 0.3693 | 0.7993*  0.3680
16x 0.8023* 0.3663 0.7983* 0.3689 0.8000*  0.3676
32x 0.8028* 0.3661 0.7987* 0.3689 0.8004*  0.3674
1x 0.8138 0.4380 0.8136 0.4382 0.8132  0.4384
2% 0.8145% 0.4373 0.8141%  0.4376 0.8139  0.4378
° 4x 0.8152* 0.4367 0.8145" 0.4373 0.8146*  0.4372
|23
S 8x 0.8152* 0.4367 0.8147* 0.4370 0.8147*  0.4371
16x 0.8154* 0.4365 0.8148%  0.4370 | 0.8150*  0.4368
32x 0.8155* 0.4364 0.8149* 0.4369 0.8150*  0.4368
1x 0.8132 0.1495 0.8130 0.1495 0.8128  0.1495
2% 0.8135 0.1494 0.8134 0.1494 0.8134  0.1494
~ 4% 0.8137* 0.1493 0.8137 0.1493 0.8137  0.1493
8 8x 0.8143* 0.1498 0.8140 0.1494 0.8143  0.1492
= 16x 0.8144* 0.1502 0.8144 0.1493 0.8148*  0.1491
32x 0.8153* 0.1498 0.8149 0.1493 | 0.8155*  0.1489

* denotes significant improvement between the current scaling and the base
model on AUC, measured by a two-tailed t-test with p-value smaller than 0.05.

Table 3: Group Training Configurations.

Scale of Group M /K

Dataset | Model T r A% & 1%
- DCNv2 1 2 4 8 8
y RankMixer | 1 2 4 8 16
Z Wukong 1 2 2 4 4
W+R 1 2 4 4 8
o DCNv2 1 2 2 2 2
£ RankMixer | 1 1 1 1 1
S Wukong 1 1 1 2 2
W+R 1 1 1 1 1

~ DCNv2 1 1 2 2 16
A RankMixer | 1 2 2 4 8
) Wukong 1 1 2 4 4
W+R 1 1 1 2 4

in Table 2. We make the following observations. First, similar to ho-
mogeneous architectures, prediction merging exhibits consistent
scalability in heterogeneous settings. Performance improves as the
number of models increases across all combinations. Second, com-
bining strong architectures generally yields better performance.
Wukong + Rankmixer achieves the optimal results in most cases.

This aligns with the previous observation that Wukong and Rankmixer

demonstrate superior scalability.

3.3 RQ2: Comparison against Scaling Baselines

In this section, we compare test-time scaling against two parame-
ter scaling paradigms: depth scaling (increasing model depth or ca-
pacity) and width scaling (multiple embedding or interaction mod-
ules), and analyze their efficiency trade-offs.

We demonstrate that under equivalent computational budgets
(FLOPs), test-time scaling via prediction merging achieves stronger
performance than parameter scaling (Figure 3), while also enabling

Fuyuan Lyu et al.

lower inference latency through parallel serving—though the la-
tency advantage requires sufficient parallel resources. This is an ob-
servation witnessed previously in the language model domain [33].
We visualize both scaling solutions as performance-efficiency curves
in Figure 3, evaluating depth scaling models (Wukong and Rankmixer)
and classic models (DCNv2 and FinalMLP). We make the following
observations: First, test-time scaling generally outperforms param-
eter scaling across all datasets and backbones, showcasing our so-
lution’s superiority. Second, parameter scaling performance varies
significantly across datasets, with certain models demonstrating
good scalability on some datasets but limited scalability on others.
Finally, depth scaling incurs a two-fold cost: exploring various scal-
ing dimensions (e.g., embedding dimension, depth, or both) and
extensive hyperparameter tuning for each configuration.

3.3.1 Comparison against Width Scaling. We further compare pre-
diction merging (PM) against width scaling methods: MultiEmbed
(ME) [11] and D-MokE [35]. Unlike PM’s late fusion at the logits
level, these methods fuse information at the embedding or interac-
tion stage. Results are shown in Table 4.

Table 4: Comparison against Width Scaling

Model ME D-MoE PM

AUCT Logloss| | AUCT Logloss| | AUCT Logloss|
2 W*2 0.7969 0.3697 0.7972 0.3709 0.7970 0.3695
g R*2 0.7949 0.3708 0.7954 0.3710 0.7966°  0.3698"
< R+W | 0.7953 0.3707 0.7976 0.3722 0.7977  0.3690°
2 W*2 0.8106 0.4410 0.8111 0.4408 0.8122°  0.4395"
= R*2 0.8115 0.4406 0.8110 0.4406 0.8132*  0.4387*
© R+W | 0.8113 0.4405 0.8110 0.4410 0.8138°  0.4380"
N W2 0.8125 0.1497 0.8130 0.1497 0.8125 0.1496
8 R*2 0.8126 0.1497 0.8128 0.1496 0.8131 0.1495
M | R+W | 0.8119 0.1499 0.8132 0.1496 0.8131 0.1495

Here, R and W are abbreviations of Rankmixer and Wukong, respectively. The
best and second-best performed structure is highlighted in bold and underline
font, respectively. * denotes significant improvement between the best and
second-best performed baselines, measured by a two-tailed t-test with p-value
smaller than 0.05.

3.3.2  Efficiency Analysis. We compare efficiency between param-
eter scaling (8x) and test-time scaling (8x). All experiments are
conducted on an 8-core Intel Xeon Gold 6459C CPU with one A100
GPU (48GB). Figure 4 presents three efficiency dimensions: param-
eter tuning, training as well as inference.

Tuning Cost (Figure 4a): Compared with test-time scaling, param-
eter scaling requires extensive hyperparameter search across scal-
ing dimensions. We can easily observe that the tuning costs in-
creases substantially at higher scaling factors. Such a computation
overhead that becomes prohibitive in industrial settings. Compa-
rable, test-time scaling can be achieved throughout training sev-
eral smaller models, usually with identitical setup. This would re-
sult in reduction of tuning cost. Training & Inference Time (Fig-
ures 4b, 4c): We can observe that test-time scaling yields superior
inference speed on scalable models (Wukong, RankMixer), as the
parallel nature avoids sequential bottlenecks inherent in deeper
models. As for the training efficiency, test-time scaling yields stronger
efficiency for Rankmixer while taking more time on DCNv2. This
is because for simpler architectures like DCNv2, I/O bandwidth be-
comes the bottleneck when running multiple processes, leading to
lower efficiency of test-time scaling in terms of training.
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Figure 4: Efficiency comparison between parameter scaling and test-time scaling: (a) hyperparameter tuning overhead in-
creases substantially with scaling factor for depth scaling; (b) training time per epoch; (c) inference latency—test-time scaling
yields superior speed on scalable models (Wukong, RankMixer) due to parallelization.

3.4 ROQ3: Orthogonality Experiment First, prediction merging consistently outperforms model merg-
We investigate whether parameter scaling is orthogonal to test- ing across all setups. This highlights the superiority of prediction
time scaling. We scale up both Wukong and Rankmixer via the merging over model merging in large-scale recommendation tasks.

best-performing dimension by up to 16x, and further apply test- Second, unlike prediction merging, where performance increases
time scaling by 16x. Based on Table 5, we can make the following as the number of models increases, model merging exhibits a con-

observations. sistent decrease in performance in nearly all setups when the num-
First, parameter scaling demonstrates consistent but saturating ber of models is increased. As the number of models increases to
improvements across all configurations. Models exhibit diminish- 16x, the performance of model merging may decrease to around

ing returns as parameters increase, with the plateau effect partic- 0.5 in terms of AUC, which renders the final results indistinguish-

ularly pronounced on certain datasets. These observations high- able from random guessing. Such a surprising result highlights that
light the fundamental limitation of parameter scaling when train- model merging techniques may not be easily adopted in large-scale
ing data is fixed—additional model capacity cannot be effectively recommendation tasks. We believe this is likely due to the fact that
utilized without proportional data growth. in the language model domain, the merged model tends to share

Second, compared with the base model, test-time scaling shows a common ancestor, a pre-trained foundation model that was not
consistent improvement in both AUC and Logloss with scaling tuned on specific tasks. Hence, these parameter distribution may
up. We observe that the performance gap between the test-time not differs too much from each other. However, in our setups, dif-

scaled solution and the base model remains positive across all pa- ferent experts are trained independently with individually random
initialization. Hence, directly merging them can be hard without

rameter scaling levels, though its magnitude decreases as the base
tailored techniques.

model grows larger. We attribute this to the saturation effect of
parameter scaling under fixed training data: as model capacity in-
creases beyond what the data can support, the model begins to 3.6 RQ5: Case Study

overfit noise, leaving less room for variance reduction via predic- In this section, we investigate why test-time scaling works and
tion merging. Importantly, this diminishing return reflects a data-
capacity mismatch rather than a coupling between the two scaling
dimensions—the improvement mechanisms remain orthogonal in
nature. A similar phenomenon is also observed on the LMs [4, 33]. 3.6.1 Why Prediction Merging Works. In this section, we aim to
further explore why prediction merging work. Specificially, we ex-
plore two distinct configurations for test-time scaling under fixed
computational budgets. We denote them as Basic and Group Kx

whether training-based approaches outperform training-free alter-
natives.

3.5 RQ4: Comparison against Model Merging

strategies:

Model merging has been an effective trick in language model do- « Basic: Each model is trained independently with different ran-
mains. Specifically speaking, it fuses multiple foundation models dom seeds, and their predictions are aggregated at inference time
with individually finetuned on different tasks, namely expert mod- following Equation 10.
els [3, 13, 42, 45]. After fusion, these merged models can yield com- « Group Kx: Models are equally partitioned into groups of size K,
parable performance on individual tasks compared with the corre- where each group is trained jointly following Section 2.3.1.
sponding expert models. In the meantime, the number of models
and inference cost can be greatly reduced [3]. Separation and Sharpness Analysis. To understand the mecha-

In this section, we elaborate on how such model merging tech- nism behind test-time scaling, we visualize the prediction distri-
niques can be combined with large-scale recommendation models, bution characteristics in Figure 5. Two key metrics are examined:
which, different from LMs, are trained independently from scratch. « Separation [6]: the standardized distance between positive and
Here, we adopt one of the commonly used techniques, which di- negative class predictions, defined as:
rectly averages the weights among different models [45]. We re-
port the performance of both prediction merging and model merg- Separation = Hy — - (14)

ing in Table 6. Observations are listed as follows. Jo2 + o2
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Table 5: Performance comparison of Wukong and Rankmixer with different scaling factors on Avazu and KDD12 datasets. The
values in parentheses indicate the improvement over the corresponding Base model.

Dataset Model Scaling Type Param 1x Param 2x Param 4x Param 8x Param 16x

AUCYT LogLoss| AUCT LogLoss| AUCT LogLoss| AUCT LogLoss| AUCT LogLoss|

- Wukong Base 0.7954 0.3705 0.7969 0.3695 0.7974 0.3692 0.7972 0.3693 0.7972 0.3693
N Test-time 16x | 0.7984 ¢30  0.3686 ¢19) | 0.7994 25y 0.3680 (15) | 0.7995 -2y  0.3679 13 | 0.7995 (23  0.3679 19 | 0.7995 23 0.3679 (19

<% Rankmixer Base 0.7954 0.3705 0.7962 0.3700 0.7975 0.3693 0.7976 0.3691 0.7979 0.3690
Test-time 16x | 0.7968 19 0.3696 ¢ | 0.7973 1y 0.3692 ¢s) | 0.7991 1) 0.3682 (1) | 0.7993 17y 0.3681 ¢10) | 0.7988 o)  0.3684 ()

° Waukong Base 0.8104 0.4411 0.8106 0.4410 0.8109 0.4408 0.8108 0.4407 0.8110 0.4406
k] Test-time 16x | 0.8138 39  0.4381 (30) | 0.8124 (15 0.4394 (16) | 0.8126 17 0.4392 1) | 0.8125 (17 0.4392 (15) | 0.8125 15y  0.4392 (19

S Rankmixer Base 0.8117 0.4401 0.8118 0.4397 0.8123 0.4394 0.8128 0.4390 0.8128 0.4388
Test-time 16x | 0.8144 27  0.4375 20) | 0.8129 1y 0.4386 (1)) | 0.8129 ¢y  0.4389 (s5) | 0.8133 -5y 0.4385(s) | 0.8134 o)  0.4382 (o)

~ Wukong Base 0.8116 0.1498 0.8120 0.1497 0.8119 0.1497 0.8122 0.1497 0.8121 0.1497
5 Test-time 16x | 0.8135 ¢19  0.1494 ¢4 | 0.8135 159  0.1494 (5 | 0.8137 1y 0.1494 (3 | 0.8139 17y  0.1493 (o) | 0.8139 15 0.1493 (9

Q Rankmixer Base 0.8125 0.1496 0.8130 0.1495 0.8137 0.1493 0.8138 0.1493 0.8140 0.1493
Test-time 16x | 0.8136 1)  0.1493 (3 | 0.8141 1y 0.1492 (3 | 0.8147 1) 0.1491 (o 0.8144 (-6 0.1491 (2 | 0.8152 12 0.1490 (3

Wukong scaled the dimension K_Nf_ NI from 1x to 16x. Rankmixer scaled Dim_L at 16x, and Dim otherwise.

Table 6: Model vs. Prediction Merging,.

Method DCNv2 FinalMLP Wukong RankMixer
AUC?T LogLoss| | AUCT LogLoss| | AUCT LogLoss! | AUCT LogLoss|

Backbone-Model | 0.7945 0.3711 0.7869 0.3757 0.7954 0.3705 0.7954 0.3705
2x-Model 0.7692 0.5279 0.7076 0.5293 0.7209 0.6680 0.7697 0.6035

3 2x-Pred 0.7958 0.3704 0.7946 0.3709 0.7971 0.3695 0.7966 0.3698
§ 4x-Model 0.7445 0.6335 0.5652 0.5337 0.6068 0.6923 0.7402 0.6739
< 4x-Pred 0.7971 0.3697 0.7955 0.3704 0.7987 0.3685 0.7976 0.3792
16x-Model 0.7412 0.6830 0.5000 0.5384 0.4856 0.6846 0.5725 0.6845
16x-Pred 0.7990 0.3685 0.7971 0.3694 0.8001 0.3676 0.7991 0.3683
Backbone-Model | 0.8098 0.4416 0.8107 0.4407 0.8104 0.4411 0.8117 0.4401
2x-Model 0.7694 0.5515 0.7923 0.5900 0.7601 0.6605 0.7809 0.6253

o 2x-Pred 0.8112 0.4402 0.8114 0.4400 0.8122 0.4395 0.8132 0.4387
% 4x-Model 0.7577 0.6271 0.7665 0.6331 0.6997 0.6811 0.7221 0.6531
© 4x-Pred 0.8123 0.4392 0.8127 0.4389 0.8131 0.4387 0.8139 0.4380
16x-Model 0.7458 0.6783 0.5027 0.6397 0.5924 0.6830 0.6005 0.6562
16x-Pred 0.8131 0.4385 0.8137 0.4378 0.8147 0.4371 0.8144 0.4375
Backbone-Model | 0.8114 0.1499 0.8110 0.1500 0.8116 0.1498 0.8125 0.1496
2x-Model 0.7704 0.3908 0.7130 0.4670 0.6683 0.6402 0.7538 0.5589

N 2x-Pred 0.8119 0.1497 0.8116 0.1498 0.8125 0.1496 0.8131 0.1495
g 4x-Model 0.6596 0.5843 0.4812 0.4813 0.5407 0.6574 0.6943 0.6321
= 4x-Pred 0.8130 0.1494 0.8125 0.1496 0.8136 0.1494 0.8137 0.1493
16x-Model 0.6868 0.6589 0.500 0.4802 0.5038 0.6537 0.5091 0.6448
16x-Pred 0.8140 0.1493 0.8132 0.1494 0.8150 0.1491 0.8147 0.1491

Model denotes model weight merging (averaging parameters from models),
while Pred denotes prediction merging (averaging outputs).

where i, yu_ and o, 0_ denote the means and standard devia-
tions of positive and negative class predictions, respectively.

o Sharpness: the inverse of prediction variance, measuring how
concentrated the predictions are:

Sharpness = 1 (i + L) (15)
2\oy o

Based on the result shown in Figure 5, we can observe two dis-
tinct trends. First, the box plots reveal the distribution of separa-
tion. We can easily observe that as the equivalent scale increases,
the separation between positive and negative predictions consis-
tently grows. Together with the consistent performance improve-
ment during scaling, this indicates that the AUC improvement is
positively correlated with better class separation. Second, exam-
ining the scatter plots with dashed outlines (where group scale
equals equivalent scale, i.e., single group models), we observe that
sharpness decreases as scale increases. More interestingly, for each
group scale, the colored points form an upward-converging trian-
gular pattern as the total scale increases. This reveals two comple-
mentary mechanisms:

« Basicaggregation reduces prediction variance by averaging mul-
tiple predictions, effectively compressing the positive and nega-
tive distributions into narrower, sharper peaks.

» Group training enhances individual model capacity with in-
creased variance, the separation grows substantially, pushing pos-
itive and negative distributions further apart.
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Figure 5: Separation and sharpness analysis across different
scaling configurations on Avazu. Box plots show increasing
separation with scale. Scatter plots reveal the complemen-
tary mechanisms between basic and group strategies.

Diversity and Prediction Selection Strategies. In this paragraph,
we aim to further investigate why basic aggregation can sharpe
the prediction distribution. Specificially, we investigate the diver-
sity among predictions, separations and their effect on the final
AUC. We plot the relationship figures in Figure 6 where two pos-
itive correlation with high correlation (r > 0.98) can be observed.
This shows that the diversity among more predictions directly con-
tributes to the increase of separation, which further leads to the
improvement of performance.

We also compare different prediction selection strategies for merg-
ing Figure 6. Greedy exhaustively searches for the optimal subset
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Figure 6: Correlation between Separation improvement,
JS divergence and AUC on Criteo with Rankmixer. JS-
divergence is computed via randomly selecting two models
among all.

maximizing AUC; Top AUC selects models with highest individ-
ual AUC; Diversity (JS) selects models with highest pairwise JS di-
vergence; Random samples models uniformly. The Diversity (JS)
strategy performs comparably to Greedy for sizes up to 8, outper-
forming both Top AUC and Random selections. This corroborates
our findings that prediction diversity is a key driver of ensemble
performance.

Connection to Bias-Variance Tradeoff. Test-time scaling can be
understood through the lens of bias-variance tradeoff. Parameter
scaling increases model capacity but risks overfitting when train-
ing data is limited (high variance). In contrast, test-time scaling
via prediction merging reduces variance by averaging diverse pre-
dictions while maintaining low bias with each constituent model
capturing different aspects of the data distribution. This provides a
principled approach to improve generalization without the overfit-
ting risks associated with simply enlarging model parameters. Un-
der limited scaling budget, such a trade-off can be achieved through-
out the group training design.

3.6.2 Training-Based vs. Training-Free Approaches. As described
in previous sections, our test-time scaling approach requires train-
ing multiple models. Therefore, a natural question arises: can test-
time scaling be achieved through training-free methods that
generate multiple predictions from a single model trained
once? In this section, we . Specificially, we investigate two com-
mon and popular approaches from previous literature and test if
these approachs works under our settings.

Monte Carlo Dropout (MC-Dropout) [18] performs Bayesian un-
certainty approximation by running multiple stochastic forward
passes with different dropout masks during inference. Each drop-
out configuration samples from an approximate posterior, theo-
retically enabling ensemble-like behavior without training mul-
tiple models. We tested various dropout rates and found that
dropout rate = 0.1 yields minimal performance degradation.
Feature Masking (FM) [7] applies frequency-aware masking dur-
ing inference. Feature occurrence frequencies from training data
serve as sampling probabilities, where frequent features are re-
tained while rare features are stochastically masked. Multiple
masked predictions are averaged to reduce sensitivity to noisy
low-frequency features. We set mask_top_frac = 0.9 (retaining
top 90% frequent features) with 8 mask paths.
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Pairwise Prediction Analysis. Figure 7 presents a 5x5 matrix com-
paring five prediction sources: Naive (baseline), Naive+MC (MC-
Dropout), Naive+FM (Feature Masking), DP (trained with dropout),
and DP+MC. The diagonal in Figure 7 shows that all models exhibit
similar individual overlap areas, indicating comparable separation
capabilities. Critically, the upper triangle reveals that training-free
variants show near-identical predictions to their base models with
high correlation, while cross-training, namely Naive VS. DP, ex-
hibits meaningful diversity. Such an observation highlights that
the diversity of prediction can only be achieved throughout the
training stage. The lower triangle confirms that ensembles of simi-
lar predictions yield no improvement, whereas cross-training com-
binations achieve non-neglectable overlap reduction.
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Figure 7: Pairwise prediction comparison matrix (Criteo-
Wukong). Diagonal: single-model positive/negative distribu-
tions with Overlap Area (OA). Upper triangle: prediction cor-
relation (r). Lower triangle: overlap change after pairwise en-
semble (A, negative indicates improvement).

Performance Validation. Figure 8 further validates these above-
mentioned observations. Training-free combinations show mini-
mal AUC changes compared to baseline, while cross-training com-
binations achieve significant improvements. Notably, combining
identical training strategies (DP+DP MC) degrades performance,
confirming that ensemble gains require diverse training sources.
These negative experiments indicate that is diversified training is
necessary for test-time scaling for large-scale recommendation.

Why Training Matters. Here we provide a hypothesis regarding
the failure of training-free methods in large-scale recommendation.
This can be explained through error decomposition: E = A + ¢,
where A represents systematic bias and € captures random pertur-
bations. MC-Dropout and Feature Masking only perturb € through
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Figure 8: Performance comparison of training-free vs.
training-based combinations (Criteo-Wukong). Cross-
training combinations (Naive+DP) significantly outperform
training-free alternatives (Naive+MC/FM).

stochastic inference but cannot alter the systematic bias A inher-
ited from fixed checkpoints. While averaging among training-free
methods reduces random noise (E[¢;] = 0), the systematic error
persists, generating correlated predictions with shared underlying
bias. This limitation is exacerbated in large-scale recommendation
setting, where models develop highly confident predictions with
sharply peaked distributions. Stochastic perturbations introduce
noise but fail to capture meaningful uncertainty. In contrast, train-
ing with different random seeds produces models with diverse sys-
tematic biases, whose uncorrelated errors mutually compensate
when averaged. While these training-free techniques succeed in
high-entropy tasks like language model and sequence recommen-
dation [7, 18], they may not be directly extended to the large-scale
recommendation settings, where effective test-time scaling re-
quires training-based diversity to generate models with un-
correlated systematic biases.

4 Related Work

4.1 Scaling Laws in Recommendation

Since the exponential growth of LM driven by the scaling law [15],
scaling up recommendation models has become a trend in the field [2,
40]. In the recommendation model, these techniques can be catego-
rized into two classes: sequential-based [8, 12, 16, 17, 32, 43, 46, 48]
and sequential-free [47, 51]. The sequence-based solutions tend to
scale up the length of the sequence [8, 12, 46] or focus on the se-
quence data [16, 17, 43, 48], while the sequence-free solutions are
more focused on the general classification formulation and tend to
increase the parameters of the existing model [11, 21, 35, 47, 51].
The sequence-free solutions can be further categorized into depth
scaling [47, 51] and width scaling [11, 21, 35]. Note that width scal-
ing shares similarity with existing solutions that utilize various in-
teraction components in recommendation [5, 10, 24, 36, 37]. The
major difference lies in the corresponding embedding table, which
is used to avoid collisions and achieve better expressiveness [11].
Our paper is more correlated with the sequence-free solutions, as
we do not hold any hypothesis on the training corpus. However,
our proposed solutions are orthogonal to all existing parameter
scaling solutions, as shown empirically in Section 3.4.

4.2 Test-time Scaling

Test-time scaling has consistently become a working solution in
trading the inference speed for higher performance [34]. Recently,
test-time scaling has become a popular trend in the language model
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domain [4, 26, 33]. These solutions can generally be decomposed
into two dimensions [33, 49]. One is to scale up the length of the
output token via solutions such as budget forcing [26]. The other
approach is to diversify the output in parallel and generate the
final solution via techniques such as self-consistency [39] or best-
of-N [4]. Our paper relates to the parallel category, as both of them
aim to generate diverse outputs during inference. Specifically, just
as best-of-N [4] and self-consistency [39] scale LLM performance
by sampling and aggregating multiple outputs, prediction merg-
ing scales DLRS performance by training and aggregating multiple
models—both increase inference-time compute to improve output
quality without modifying the underlying model architecture.

4.3 Ensemble Learning

Prediction merging is conceptually related to ensemble learning,

particularly output-level aggregation such as bagging and averag-
ing [20]. Ensemble techniques have been widely adopted in recom-
mendation —ranging from boosting-based cascading [20], knowl-
edge distillation from ensembles [52], to a sparse mixture-of-experts
with adaptive gating [24, 44]. Recent width scaling methods [11, 21,

35] can also be viewed as intra-model structural ensembles with

shared embedding tables. However, prior work uniformly treats

model combination as a static accuracy-boosting technique. Our

work shifts the perspective: we systematically study how ensem-
ble performance scales with inference-time compute, compare it

against parameter scaling under equivalent FLOPs, and analyze its

complementarity with model capacity—questions not addressed by

the ensemble literature in the recommendation context.

5 Conclusion

In this paper, we systematically investigate the effectiveness of
test-time scaling applied in large-scale recommendation systems.
We identify the key challenge of applying test-time scaling in rec-
ommendation: generating diverse yet meaningful outputs. Hence,
we propose two solutions for generating diverse outputs: hetero-
geneity among different recommendation models and randomness
on homogenous architectures. Prediction merging is further pro-
posed as a technique for merging outputs. Through evaluation on
three datasets and eight backbones, we demonstrate the scalability
of test-time scaling in large-scale recommendation systems. We
further demonstrate that test-time scaling consistently achieves
higher performance per FLOP and, given sufficient parallel serving
resources, lower inference latency than parameter scaling, while
also being more stable and orthogonal to parameter scaling. Ab-
lation study further provides intuition on the mechanism behind
prediction merging.
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