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Lightweight Ranking Heads: Accelerating Multi-Task
Experimentation in Production Recommender Systems

Anonymous Author(s)

Abstract

Modern production-scale recommender systems rely on complex,
multi-task ranking models [6, 7, 9]. Introducing new prediction
tasks into these massive systems often causes bottlenecks - it risks
negative task conflicts with existing tasks, and can lead to long
development and experimentation cycles due to the expensive re-
training of backbone models and downstream models or tuning
of reward combination formulas. To address the critical challenge
of slow experimentation velocity, we introduce the Lightweight
Ranking Heads (Light Heads) framework. Designed for continuous
online learning environments, Light Heads enable the dynamic
injection of new tasks into existing multi-task ranking models, ef-
fectively obviating the need for model cold-starting and retraining
of backbone models. By utilizing stop-gradients and stateless daily
training, this design strictly isolates new tasks, mitigating the risk
of adverse task conflicts. Crucially, this framework uses a central-
ized configuration that allows Light Heads to be added to multiple
models simultaneously, unblocking faster training data generation
and co-training of downstream models. Successfully deployed at
YouTube scale, this approach reduces the iteration cycle for multi-
task experimentation from several weeks to days. In this paper,
we detail the system architecture, analyze the training dynamics
of stateless cold-started heads, compare their performance to full
heads, and demonstrate how Light Heads have enabled the rapid
A/B experimentation and deployment of new ranking tasks that
yield measurable production value.
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1 Introduction

Production-scale recommender systems are usually complex and
consist of several dedicated stages for retrieval, ranking, post-
ranking, and diversification [2]. The ranking stage can consist of
large ML models that can optimize for multiple objectives simul-
taneously [1, 6, 7, 15]. The predictions from the ranking stage are
combined by hand-tuned reward functions or, more recently, re-
ward models which optimize for desired product objectives [13].
This introduces complexity and coupling between the stages of the
recommender system, with changes in one stage requiring retrain-
ing of or changes in subsequent stages to maintain fidelity. The
time taken to run an A/B experiment involving multiple stages in-
creases as a result and slows down the overall experiment velocity.
If the ranking models are large backbone models, they also require
significant training time and resources to retrain. This makes it chal-
lenging to iterate on ranking models, particularly when introducing
new ranking tasks. New ranking tasks also have the potential to
introduce interactions with existing tasks, which in the best case
can lead to positive transfer, which improves the model, and in
the worst case can lead to task conflicts that worsen the quality of
predictions across tasks [8].

In this paper, we introduce a framework, called Lightweight
Ranking Heads or Light Heads, to inject new lightweight heads
to multi-task models without needing to retrain the models, and
without affecting the quality of the existing tasks. While we present
this idea in the context of recommendation/ranking models, this
framework can be generalized to other multi-task models. We de-
sign the system in a way to use a central configuration for the Light
Heads, which is independent of the ranking model code and can
be injected into multiple models at the same time in a continual
learning setting. This enables serving these Light Heads on more
A/B experiments simultaneously, which in turn accelerates experi-
mentation velocity involving downstream models. We discuss the
main motivation behind creating this framework, and some of the
design considerations that went into it. We also discuss some of
the training dynamics and related challenges we observed while
implementing this system and run experiments to measure the
performance of Light Heads. We conclude by providing the impact
of the framework on experimentation velocity and the production
impact of deploying heads developed through this framework. Our
main contributions are:

e An extensible framework that uses a central configuration
to define new lightweight heads.

e Dynamic injection of the new heads into the model without
cold-starting the entire model.

e The use of stop-gradients and reset at the start of training
runs to maintain training stability and prediction consis-
tency.

e Sharing the configuration across all models to enable faster
experimentation.
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e A robust, production-grade implementation which miti-
gates the risks of dynamic injection and missing Light
Heads.

2 Motivation: Challenges in Developing
Production-scale Recommender Systems

Deploying new prediction tasks in production-scale recommender
systems introduces significant bottlenecks that hinder rapid devel-
opment. This section outlines the critical challenges, ranging from
adverse task conflicts to computationally expensive experimenta-
tion cycles, that motivated the design of the Lightweight Ranking
Heads framework.

2.1 Considerations When Adding New Ranking
Objectives: Task Conflicts and Negative
Transfer

Modern ranking models are generally multi-task systems using
shared towers and embedding tables that form the bulk of the
model’s parameters [6, 9]. These objectives are learned by ranking
heads which are created on top of this shared architecture. The
choice of tasks for these ranking tasks is guided by high-level goals
for the system. Similar or aligned tasks can cause the model to learn
better shared representations and lead to improved performance on
multiple tasks. Conversely, misaligned tasks can create task conflicts
which can degrade model quality [10, 14]. Therefore, adding new
ranking tasks to multi-task models requires careful consideration.
One way to avoid task conflicts when adding new ranking ob-
jectives is to use stop-gradients with the new tasks, so the shared
layers get no gradient updates from the new head during the back-
ward pass. This limits how much the shared towers benefit from
the new tasks, but avoids the risk of negative transfer adversely
affecting the quality of existing tasks and ensures model stability.
In real production systems, tasks may also be added to improve
performance on a limited slice of traffic, e.g., based on device, loca-
tion, age, etc., which may not be beneficial for the majority slice.
Stop-gradients may also be beneficial for such tasks.

2.2 Downstream Dependencies and
Experimentation Velocity

Large-scale recommender systems consist of multiple models oper-
ating sequentially before a final recommendation is generated [2].
Downstream components, such as reward models or score combina-
tion layers, learn directly from the predictions of upstream ranking
models being served and require a uniform prediction space for
training. Consequently, introducing a new task to an upstream
model introduces a new input or a distribution shift for the down-
stream system. Therefore, evaluating the true, end-to-end impact
of a new upstream task requires co-training the downstream model
to consume the new predictions and serving the new versions of
both the upstream and downstream models.

The requirement to co-train models slows down experimentation,
as each model needs to wait until a sufficient volume of training
data is logged from the upstream model’s experiments. Because
production platforms run dozens of concurrent A/B experiments,

Anon.
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Figure 1: Training downstream models from logged ranking
predictions. Adding a new task to a model creates a new
prediction space with less data for downstream training

traffic is highly partitioned, and the sample size allocated to any sin-
gle experiment is limited. Since a model with new tasks generates
a new prediction space, and is served in only a few experiments,
generating enough training data from this prediction space to effec-
tively co-train a downstream model can take weeks (see Figure 4 for
experimentation timeline). This tight coupling between sequential
stages severely hampers experimentation velocity, as researchers
must wait for extended periods to gather sufficient data to train
the next model or stage in the system. Our solution provides a way
to collect data from several experiments simultaneously, without
affecting the fidelity of the experiments. Crucially, by ensuring all
upstream models output a uniform prediction space, we unblock
downstream models from safely consuming and co-training on this
data.

2.3 Cost of Cold-Starting Backbone Models

Ranking models can be large backbone models with billions of pa-
rameters to learn fine-grained knowledge from varied user behavior
and traffic patterns. These models are expensive to train and serve,
and require dedicated resources like GPUs or TPUs. When new
tasks are added to such models, they are usually cold-started so
that the heads and the representations of the shared towers are
fully trained for the new tasks. Depending on the model and the
amount of training data, this can take days to weeks.

2.4 Catch-Up Time for Models in
Production-scale Systems

Beyond initial experimentation, deploying new ranking tasks to
production introduces additional challenges. Downstream models
require a uniform and consistent set of prediction features from
upstream models across all traffic to function reliably. However, at
any given time, an upstream stage may have hundreds of parallel
experimental models running in production. If a new task is added
to the primary upstream backbone, the system enters a fragmented

175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231

232



233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276

278
279
280
281
282
283
284
285
286
287
288
289
290

Lightweight Ranking Heads: Accelerating Multi-Task Experimentation in Production Recommender Systems

Central Light
Head
Configuration

Task Tower ‘ Task Tower ‘ Light Head I ‘ Light Head T
1 o | Tower1 |""°| TowerJ [ LightHead | .
. 13 A T 1 TowerJ
.\ 7 _Stop Gradients
Top Sha“red Layer
4
Model 1 E
' Model 2
A
( Input Features and Embeddings ] [—
h : dings |

Idings

RecSys '26, Sept 28-Oct 2 2026, Minneapolis, Minnesota, USA

; sk Tower Task Tower Light Head ‘ ‘ Light Head
i 1 T | Tower 1 Tower J

! v > 4 —

i H o

s

Stop Gradients

Model 3
Model 50+
Shared
Tower

A

[ Input Features énd Embeddings

Figure 2: Ranking Model Training Fleet with Light Heads

state: the newly updated models output predictions for the new
task, while the dozens of existing experimental models rely on an
older, incompatible set of tasks.

Because downstream systems cannot safely consume fragmented
or missing prediction spaces, launching the new tasks becomes
blocked. To restore uniformity, every active experimental model
in the upstream stage must "catch up”, i.e., be updated, branched,
and cold-started to incorporate the new tasks. In a production-scale
system, waiting for dozens of models to complete this catch-up cycle
can delay the deployment of proven improvements by months.

3 System Architecture: Lightweight Ranking
Heads

3.1 Core Framework

The Lightweight Ranking Heads (Light Heads) framework consists
of two parts:

(1) A central configuration that defines the properties of a
ranking head.

(2) Code within models to consume this configuration file and
add Light Heads to their tasks.

3.1.1 Central Light Head Configuration. The central configura-
tion for Light Heads consists of a set of configuration files that
can be used to define the Light Heads and their details. Engi-
neers/researchers can specify details such as the label, loss function,
activation function, regression or classification objectives, metrics
for monitoring, and other relevant parameters. They also have the

option to extend the existing properties and provide additional
functions for sampling or applying custom weights to the data.
This configuration becomes the source of truth for all Light Heads
used in the system and is stored separately from the code for any
single model. It can be used by all ranking models in the system and
predictions from the Light Heads can be generated from all models
consuming the configuration. This makes it easy for downstream
models to be trained faster and speeds up the experimentation ve-
locity significantly. It also eliminates the need for having a large
number of models catch-up before the head can be applied in pro-
duction.

3.1.2  Integration of Light Heads into Model Architectures. The Light
Heads framework adds a small amount of supporting code to mod-
els to read the Light Head configuration, instantiate it and inject
it into the model graph at training time. This integration assumes
that models support continuous training and can incorporate up-
dates during training iterations. The dynamic injection into exist-
ing models solves the problem of having to cold-start the models
and saves a significant amount of training resources. While engi-
neers/researchers have flexibility to decide which part of the model
the Light Heads are injected into, the standard practice is to inject
them at the same layer as existing main heads, so that they benefit
from the same shared towers below.

The Light Head architecture comprises a shallow tower with a
few hidden layers and is intentionally kept small so that it converges
for most tasks within a single training run. In our system, a training
run is a scheduled job that processes the latest sequential window
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of logged data in a continuous online learning setting. There is
also some prior literature that supports this choice of smaller heads,
such as [12]. The framework applies stop-gradients to the bottom of
the Light Head layers, which ensures that only the hidden layers of
the Light Head are modified during the backward pass, leaving the
shared layers below unaffected. This approach is conceptually simi-
lar to LoRA [5] and Parameter-Efficient Transfer Learning for NLP
[4], where adapter layers are added on top of a frozen transformer
backbone and sequentially trained for specific tasks.
The stop-gradients have the following benefits:

(1) Light Heads do not cause negative transfer with existing
tasks or other Light Heads.

(2) Gradients introduced by Light Heads, particularly ones that
haven’t converged, do not destabilize any layer below them.

The combination of a shallow architecture and stop-gradients
allows Light Heads to be reset at the start of every training run and
still converge within the same run. Because the checkpoints for
Light Heads are not persisted, they are effectively cold-started with
each new iteration. This stateless design ensures that Light Head
quality remains predictable and consistent across all models, pre-
venting scenarios where heads in older models become more heavily
trained than those in newer models. Consequently, Light Heads
exhibit minimal metric variance across the served models, allowing
predictions from any upstream model to be safely utilized during
serving. This cross-model consistency is an important requirement
as it allows the framework to leverage the central configuration
to generate uniform predictions from all models simultaneously,
thereby significantly increasing the volume of training data for
downstream models.

The reset at the start of the training run introduces an interesting
training dynamic where the metrics of the Light Head drop sharply
at the start of the training run and recover quickly within a few
steps, as seen in Figure 3. This also means that the Light Heads rely
heavily on the shared tower representation below it, and any im-
provement in the shared tower directly translates to improvements
in the Light Head quality. The quality of Light Head predictions
at serving time remains unaffected by the reset as the model is
exported for serving only after it completes the entire training run,
by which point the Light Heads would have converged to a good
local optimum.

E(Positive Sentiment) Performance

0.98

0.96

0.94

0.92

AUC Score

0.90

0.88

0.86 —— E(Positive Sentiment) AUC

200k 400k 600k 800k 1.0M 1.2M 1.4M 1.6M
Training Steps

Figure 3: Light Heads Reset at the Start of New Training Runs

Anon.

While stop-gradients and the reset at the start of training prevent
Light Heads from updating the shared towers, this design leverages
the strong generalization capabilities of the pre-existing shared
representations. Even though Light Head metrics are slightly lower
than their co-trained full head counterparts for dense tasks, our
experiments demonstrate that Light Heads can reliably converge
to near-parity on sparse tasks. Furthermore, Light Heads allow
us to add objectives that would otherwise introduce task conflict
without adversely affecting existing tasks or degrading the shared
representations. This suggests that for large-scale multi-task models
with well-optimized shared towers, the representational capacity
is sufficient to support new, isolated tasks without requiring full-
model co-training.

3.2 Flexibility of the Framework

The Light Heads framework provides some flexibility to introduce
new labels or features that are not consumed by the main model.
Researchers/engineers can define new labels in custom data gen-
eration jobs, which are joined with the original training data and
can have Light Heads which train on these custom labels. This is
particularly useful for experimental features or labels that have
not been fully verified in production. Users of the framework also
have the option to disable resetting specific Light Heads at every
new training run, which retains the checkpoints and uses them to
warm-start the Light Heads. This has been useful for some very
sparse Light Heads where training for longer is beneficial.

The design of the Light Heads framework makes it particularly
beneficial for sparse objectives or verticals that the main heads do
not specialize well enough on. The main heads in the ranking model
train on a large amount of data and sometimes make predictions
which can be sub-optimal for very sparse slices of data that have a
distinct distribution due to global loss domination. Upsampling or
upweighting sparse slices in the main model could have a positive
impact on the metrics for the slice, but a negative impact on the
overall metrics, so it would not be a worthwhile tradeoff for the
main heads. Light Heads can be used to solve this problem as they
can be trained only on data from the specific slice without affecting
the shared layers. Light Heads have been successfully launched
to production in YouTube to improve the recommendations for
specific sparse verticals.

3.3 Production Risks and Mitigations

The design choice of injecting tasks to all models in a stage of
a production recommender system introduces some risks during
training and serving, which require additional safeguards. Since
models can pick up changes to the central Light Head configuration
during a training run, there is a risk of Light Head parameters being
modified mid-run, causing the head to become unstable or leading
to checkpoint incompatibility. In order to prevent this, the Light
Head configuration is read once during the start of the training run
and frozen for the duration of that run. Modifications to a Light
Head can be picked up during the start of the next run when it will
be reset.

The training data for downstream models consists of Light Head
predictions from all models served in production and A/B experi-
ments. Therefore, it is imperative to measure the quality of the Light
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Heads across the served models, rather than on specific models. We
have built a monitoring dashboard to monitor the aggregated qual-
ity of the Light Heads and highlight outlier heads before releasing
them to production. Furthermore, we run automated evaluations on
models before they are exported for serving to ensure that all heads
being served, including Light Heads, meet sufficient evaluation
thresholds. The framework also allows engineers to define fallback
default values for Light Heads which can be used if a Light Head is
missing from a model during serving. This makes the system robust
to stale models that have not picked up an update to the central
Light Head configuration and ensures production stability.

4 Experiments

We evaluate the performance of the Light Heads framework through
different experiments comparing Light Heads to full heads in the
YouTube Home and Watch Next Ranking models [15]. Light Heads
are trained with stop-gradients and reset at the start of training runs,
while the corresponding full head counterparts are cold-started
with the model, and train without stop-gradients for the entire
lifetime of the model. We compare the performance of classification
and regression Light Heads, and Light Heads with vastly different
amounts of training data. We also run ablation studies on stop-
gradients and the reset at the start of training runs to show how
they affect the quality of Light Heads.

It is important to note that these experiments were conducted
at different points in time on a live production system. Because
the data is subject to temporal distribution shifts and variations
in logged traffic over time, the absolute baseline metrics (e.g., full
head AUC) will exhibit slight variations across the different ablation
studies. However, the relative comparisons between Light Heads
and full heads within each individual table remain controlled.

4.1 Light Head vs Full Head Performance

4.1.1 Classification Heads. We compare the performance of vari-
ous Light Heads with their full head counterparts. The Light Heads
are warm-started after 1.2 million training steps, while the full
heads start from step 0. When we compare the performance of
classification Light Heads in Table 1, we see that the Light Heads
have AUCs that are slightly lower than their full head counterparts
for dense tasks like P(CTR) and E(Interaction Rate). Among the
classification heads where the task is sparse, such as E(Positive
Sentiment), the Light Head is able to achieve near parity with the
full head. This can be attributed to the shared tower before the
heads being able to learn good representations which are useful for
the task.

Table 1: Full Head vs Light Head Metrics on Classification
Heads

Head Full Head AUC Light Head AUC
P(CTR) 0.781 0.772
E(Positive Sentiment) 0.9557 0.9553
E(Interaction Rate) 0.9794 0.9704

RecSys '26, Sept 28-Oct 2 2026, Minneapolis, Minnesota, USA

4.1.2  Regression Heads. We also see a similar behavior on regres-
sion heads on the RMSE metric. The warm-started Light Head is
able to achieve similar metrics as the main head.

Table 2: Full Head vs Light Head Metrics on Regression Heads

Head Full Head RMSE  Light Head RMSE

E(Engagement) 0.9673 0.9675

4.2 Light Heads without Corresponding Full
Heads

We also conduct experiments to evaluate the performance of stan-
dalone Light Heads without a full head equivalent in the same
model. This allows us to determine whether the shared representa-
tion can generalize well to tasks it is not explicitly trained for. It is
important to note that there is some similarity in the overall nature
of the task and the training data used for the Light Heads and the
full heads. As shown in Table 3, Light Heads without corresponding
full heads also attain a high value of AUC.

Table 3: Light Heads without Corresponding Full Heads

Head Light Head AUC
P(Intent to Revisit) 0.8523
P(Intent to Share) 0.9224

4.3 Ablation Study on Stop-Gradients

To evaluate the efficacy of task isolation, we ablated the stop-
gradient operation on the Light Heads and measured the impact
on both the full heads and the Light Heads. As shown in Table 4,
removing the stop-gradients degraded the metrics of the full heads.
This effect is more pronounced on heads that have more training
data.

Table 4: Full Head Metrics with Light Head Stop-Gradient
Ablation

Full Head With Stop Grads ~ Ablate Stop Grads
P(CTR) AUC 0.7767 0.7704
E(Positive Sentiment) AUC 0.9557 0.9541
E(Engagement) RMSE 0.9887 0.9975

We also evaluate the metrics of Light Heads when we ablate the
stop-gradients. Surprisingly, some Light Heads have worse quality
without stop-gradients, as their corresponding full head counter-
parts in the same model also get worse. This can be attributed to the
shared tower learning a slightly worse representation than when
the Light Heads had stop-gradients. This supports our premise that
adding new tasks can lead to conflict between tasks if they are not
aligned.
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Total Time: 24 days

Time to Joint-Experiment: 17 days
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Figure 4: Experimentation Timeline with and without Light Heads

Table 5: Light Head Metrics with Light Head Stop Gradient
Ablation

Light Head With Stop Grads ~ Ablate Stop Grads
P(CTR) AUC 0.7667 0.7584
E(Positive Sentiment) AUC 0.9553 0.9541
E(Engagement) RMSE 0.9886 0.9976

4.4 Ablation Study on Reset at the Start of
Training Run

When we ablate the reset at the start of training, Light Heads are

able to attain a slightly better optimum than with the reset. This is

particularly beneficial for Light Heads that have a lot less training

data. So, engineers/researchers have the option of disabling reset
when they define the Light Heads.

Table 6: Light Head Metrics with Light Head Reset Ablation

Light Head With Reset  Without Reset
P(CTR) AUC 0.764 0.7646
E(Positive Sentiment) AUC 0.9508 0.952
E(Engagement) RMSE 0.9884 0.9864

5 Production Impact

The Light Heads framework has been applied successfully within
YouTube on two large model families and has significantly reduced
the experimentation duration when adding new heads. The total
time for an experiment that involves the ranker model and a down-
stream model has been reduced from 24 days to 11 days. Crucially,
the time for starting a joint experiment has been reduced from 17
days to 5 days. In the context of a large platform running dozens
of parallel experiments, this leads to substantial savings in devel-
opment time and resources. Furthermore, Light Heads launched to
production have also brought about improvements in the top-line
metrics and vertical-specific metrics.

5.1 Effect on Experiment Velocity

The experimentation cycle involving a ranking model and a down-
stream model, such as a learned-ranking model, is particularly time
consuming as it involves several steps and takes multiple weeks, as
shown in the top half of Figure 4. The training of the main ranker
model can take one week to several weeks, after which it is used in
an A/B experiment to generate predictions.

These predictions will be logged and used to train downstream
models. However, sufficient data needs to be generated from the
ranker A/B experiment before training the downstream model and
can take a few days. Only once the downstream model is fully
trained can a joint experiment involving both the ranker model and
the downstream model be started. In total, this experiment cycle
can span four weeks or more.
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When using the Light Heads framework, the Light Heads are
injected into continuously trained ranker models and are ready for
serving in as little as one day. The Light Heads are also picked up by
all ranker models through the central configuration. Training data
containing predictions from these Light Heads are generated by all
models in production and A/B experiments, vastly increasing the
volume of training data, thereby enabling downstream models to
be trained faster. The joint experiment with the downstream model
and the ranker with the Light Head can start in as little as five
days, bringing down the overall experimentation time significantly.
Figure 4 illustrates the two timelines.

The timeline for launching an approved full head to production
is also lengthy as models in experiments need to serve the new
head to generate a uniform prediction distribution for downstream
models. This can take two to three months, accounting for the time
required for all experimental models to adopt the new head. Using
Light Heads significantly shortens this time as the Light Heads
are warm-started and don’t need the experimental models to be
restarted. This can bring down the launch time to a few days, after
the quality benefits of a Light Head have been validated in A/B
experiments. Because the engineering effort and compute savings
are substantial, successful Light Heads are typically retained in
production rather than graduating them into full heads. We have
found that the massive reduction in deployment time and system
complexity outweighs the slight offline metric degradation observed
on dense tasks.

5.2 Effect on Metrics

The Light Head framework has been successfully used to launch
new objectives to production, yielding positive impacts on key
YouTube metrics. Two illustrative examples highlight this success.
First, a Light Head for optimizing long-horizon rewards drove a
statistically significant (p < 0.05) +0.03% improvement in top-
line engagement and a 0.40% reduction in low-quality impressions.
The reduction in low-quality impressions ensures users are recom-
mended higher-quality content, directly contributing to long-term
user satisfaction. Second, a Light Head tailored for users with a paid
subscription to Primetime channels for TV shows, movies and live
events [11], which resulted in a significant +13.83% improvement in
primetime-specific engagement. Furthermore, by utilizing the Light
Heads framework, the end-to-end development of these impactful
objectives was achieved while saving months of engineering effort
and substantial TPU-time.

6 Limitations

While the Light Heads framework significantly accelerates ex-
perimentation velocity and reduces training compute required at
YouTube-scale, its generalizability to other production environ-
ments depends on a few architectural and infrastructure prerequi-
sites.

Infrastructure and Scale Prerequisites: The framework’s design makes
it suitable for continual learning systems. It relies heavily on a
continuous training pipeline where models can dynamically load
centralized configurations and frequently ingest new data. For or-
ganizations and systems that rely on infrequent batch training,
the stateless reset mechanism would not be viable, as the Light
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Heads require sufficient continuous training steps to converge be-
fore serving. Furthermore, the engineering overhead of building
and maintaining the Light Heads framework is best justified in
environments with a large number of models training in parallel
and running dozens of concurrent A/B experiments. In smaller-
scale systems where the prediction space fragmentation problem is
minimal, a traditional cold-start approach is more reasonable.

Architectural Dependencies: The experimentation time savings of
the framework are fully realized in multi-stage recommender sys-
tems where downstream models rely on upstream model predic-
tions. In single-stage recommender systems, such as [3], there is no
downstream data dependency. In such systems, the benefit of Light
Heads would be primarily limited to the compute savings from not
having to retrain the backbone model.

Cost vs Quality Trade-off: Finally, as noted in offline evaluation in
Section 4.1, Light Heads exhibit a slight offline metric degradation
on dense tasks compared to fully co-trained heads. The framework
operates on a cost-vs-quality Pareto trade-off, i.e., it is acceptable
to have slight degradation in prediction accuracy in exchange for a
significant reduction in experimentation time and compute savings.
Systems that are sensitive to even minor degradation in quality on
dense tasks, and where compute costs and time to experimenta-
tion are not limiting factors, may be better suited for cold-starting
models with the new tasks added as full heads.

7 Conclusion and Future Work

In this paper, we have provided an overview of the Lightweight
Ranking Heads (Light Heads) framework in YouTube recommen-
dation systems. We outline the motivation behind the framework
and provide details about the core framework components. We go
over specific design choices like stop-gradients and reset at the
start of training runs in a continual online learning setting, discuss
the tradeoffs involved, and mention the steps taken to make the
framework production-ready. The experiments in the paper com-
pare the performance of Light Heads to full heads across tasks, and
measure the effect of ablating key choices made by the framework.
Finally, we show how the framework significantly accelerated ex-
periment velocity within YouTube and led to impactful production
improvements.
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