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Abstract
Recommender systems rely heavily on heterogeneous behavioral
feedback to infer user preference. Although abundant, these sig-
nals are imperfect measurements: the same observed behavior can
arise from different underlying states, such as genuine enjoyment,
passive consumption, or inattention. The challenge is especially
acute in short-form video, where watch-based signals are strongly
affected by measurement confounders such as video duration — the
same watch time can imply different levels of preference for videos
of different lengths, while ratio-based metrics can systematically
favor short videos. As a result, optimizing raw engagement can
amplify measurement artifacts rather than improving user value.
We propose a Factorized Latent Value Model (FLVM) for measur-
ing user preference from heterogeneous behavioral feedback. The
model treats observed behaviors as noisy measurements of a low-
dimensional, factorized latent value state and uses structured out-
put heads to model heterogeneous feedback signals. A restricted
baseline path captures predictable variation from measurement-
confounding features such as video duration, user propensity, and
session context, while a routed latent path estimates preference-
relevant value advantage. The resulting latent value score can be
integrated into an existing recommender system as a ranking fea-
ture or ranking score. On YouTube Shorts, a major short-form video
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platform, this model improves offline metrics and lifts a primary
viewer enjoyment metric by 2.67% in online A/B tests.
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1 Introduction
Recommender systems cannot observe user preference directly;
they can only infer it from behavior. That inference is especially
unreliable in a low-friction sequential recommendation feed. In this
setting, the user consumes a continuous stream of recommendations
through swipes, likes, shares, comments, and creator subscriptions.
Since explicit feedback is sparse, production systems rely heavily
on implicit engagement signals such as watch time and completion
ratio [9, 26].

But behavioral signals are not direct observations of prefer-
ence [11, 25]; they are jointly shaped by user preference, content,
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video duration, session context, and the system policy. The prob-
lem is especially acute on such surfaces, in contrast to click-based
discovery pages with active selection [9, 19]. The same observed en-
gagement can reflect different underlying states: a user may watch
a video for a long time out of genuine enjoyment or mere passive
consumption. A short watch may indicate low preference, quick
satisfaction, or active skipping in search of something else.

This ambiguity creates a fundamental challenge for ranking
optimization. Rawwatch time is strongly affected by video duration,
while objectives based on the completion ratio (watch time divided
by video duration) can introduce the opposite bias toward shorter
videos [8, 18, 22, 27]. Explicit actions such as likes, dislikes, and
shares are stronger preference indicators but sparse and highly
user-dependent. A standardmulti-task ranker can learn correlations
among these feedback labels [9, 12, 26], yet it still directly optimizes
observed labels whose meanings are duration-dependent, user-
dependent, and semantically entangled.

We call this the measurement gap: the distance between the
behaviors a recommender observes and the underlying user pref-
erence it is trying to measure. Prior work has shown that passive-
negative feedback, survey responses, and explicit negative actions
provide useful evidence beyond positive engagement alone [14,
15, 21]. We treat these heterogeneous signals jointly as noisy mea-
surements of a shared latent value state1, introducing an explicit
measurement layer between raw behavioral feedback and ranking
optimization.

Building on latent variable recommendation and baseline-
relative debiasing, we propose a Factorized Latent Value Model
(FLVM) as a structured measurement layer for measuring user
preference from heterogeneous behavioral feedback. Because
observed behaviors are noisy measurements of an unobserved
construct, a latent variable model is a natural fit: FLVM uses
a supervised Gaussian variational bottleneck [1], building on
a line of latent variable approaches to recommendation [2, 6].
Given a user-item impression, the model infers a low-dimensional,
factorized latent value from serving-time features and sparsely
routes its components to decoders for heterogeneous feedback
signals. A restricted baseline path, conditioned only on duration,
session context, and user propensity, models the portion of
observed engagement predictable from measurement-confounding
factors; the latent path then explains residual variation across
feedback signals.

This model replaces an existing multi-task ranking model in the
pre-scoring stage of our deployment; the resulting latents serve as
primary inputs to the scoring formula.

The main contributions are:

(1) We frame preference learning in recommender systems as
a measurement problem, where heterogeneous behavioral
signals are noisy and confounded observations of latent user
preference.

1Here, “value” denotes the latent construct that observed engagement signals im-
perfectly measure—not the reinforcement-learning value function or long-term user
value.

(2) We introduce FLVM, a structured latent measurement layer
that combines a restricted baseline over measurement-
confounding features with sparsely routed latent decoders
over heterogeneous feedback signals.

(3) We instantiate FLVM in a production short-form video rec-
ommender, using duration, session context, and user propen-
sity as baseline features and watch, engagement, valence,
and satisfaction-like labels as feedback heads.

(4) We validate FLVM offline and online on YouTube Shorts, a
major short-form video platform, showing improved predic-
tion of key feedback signals and a 2.67% lift in a primary
viewer enjoyment metric with neutral guardrails, with con-
sistent gains carrying over to newly uploaded content.

2 Related Work
Behavior as a noisy measure of preference. Recent industry work
distinguishes observed engagement from the preference or sat-
isfaction a recommender seeks to optimize. In short-form video
feeds, peak–end-based user-return modeling shows that impres-
sions should not contribute equally to retention [19], while direct
survey supervision can reveal interest that watch time, likes, and
shares miss [11]. Survey labels are themselves sparse and selected:
response-propensity modeling improves satisfaction estimation
under survey response bias [3], and multi-head survey models cap-
ture satisfaction and negative experiences in production [21]. Skips
and explicit negative-feedback controls provide complementary
evidence beyond positive engagement [14, 15]. FLVM shares this
measurement motivation but treats these impression-level signals
jointly as noisy indicators of a structured latent state, rather than
optimizing a single survey or retention target.

Watch-time and feedback debiasing. Although widely used as a
supervision signal, watch time is shaped by video duration and
does not always reflect user interest. Prior work uses duration-
stratified or causal labels [22, 23], separates interest-driven watch
time from time spent before users recognize disinterest [25], and
develops architectural and counterfactual methods that suppress
duration information or separate its effects [18, 24, 27]. CVRDD
removes duration’s direct effect through counterfactual inference,
whereas the later CWM formulation treats observed watch time
as a duration-truncated realization of latent counterfactual watch
time. Most closely related to our baseline-relative construction,
Relative Advantage Debiasing maps watch time against user- and
item-conditioned reference distributions to create a relative prefer-
ence target [8]. AlignPxtr aligns continuous and discrete behavior
distributions across multiple bias dimensions [7]. Bucketed and
prototype-based models further motivate structured watch-time
outputs [4, 17]. FLVM instead uses a restricted baseline over du-
ration, session context, and user propensity, and learns a residual
variational latent jointly across heterogeneous feedback signals.

Variational and multi-task recommendation. FLVM’s stochastic la-
tent layer follows the supervised variational information bottleneck
formulation [1]. In recommendation, Multi-VAE adapts variational
inference to implicit collaborative filtering, while MacridVAE learns
disentangled intent representations [6, 13]. Multi-Behavior Align-
ment treats universal user preference as a latent variable inferred
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from several behavior distributions, and BVAE combines behavior-
aware variational representations with multi-task outputs [16, 20].
Chang et al. [2] provide a production precedent for injecting VAE-
inferred user intent into a sequential recommender. Production
rankers otherwise commonly predict several feedback objectives
directly using shared multi-task architectures [9, 12, 26]. FLVM
differs by learning an impression-level, semantically routed bot-
tleneck from heterogeneous measurements and pairing it with a
stopped, restricted baseline before downstream scoring.

3 Factorized Latent Value Model
3.1 Problem Formulation
The measurement gap motivates treating observed behaviors as
noisy measurements rather than direct preference labels. We call
the unobserved construct underlying these behaviors latent value;
because it carries no label of its own, the model must infer it
rather than optimize it directly. It is impression-level, capturing
the preference-relevant signal for a specific user-item pairing in
context.

For each impression, let 𝑥 denote the serving-time feature vec-
tor and let 𝑥𝑏 ⊆ 𝑥 denote a subset of measurement-confounding
features. In our implementation, 𝑥𝑏 includes video duration, user
propensity, and session context. Let

𝑦 = {𝑦1, 𝑦2, . . . , 𝑦𝐾 } (1)

denote the 𝐾 heterogeneous feedback signals observed after the
impression, such as watch-time buckets, completion, likes, shares,
negative actions, and survey-style feedback.

As shown in Figure 1, the model has the dependency structure

𝑥 → 𝑧, (𝑥𝑏 , 𝑧) → 𝑦 (2)

The encoder defines a conditional distribution 𝑞𝜙 (𝑧 | 𝑥) over the
latent state. Given 𝑧 and 𝑥𝑏 , the 𝐾 feedback heads are conditionally
independent, and each conditional 𝑝 (𝑦𝑘 | 𝑧, 𝑥𝑏 ) is parameterized
by combining two structural paths: a restricted baseline path 𝑏𝑘
given only the confounding features 𝑥𝑏 , and a latent path ℎ𝑘 given
the latent state 𝑧. This split is the architectural inductive bias that
routes predictable measurement-driven variation to the baseline
and lets 𝑧 carry preference-relevant residual; the two contributions
combine in logit space and pass through a task-specific output
transformation 𝑜𝑘 :

ℓ𝑘 = 𝑓𝑘
(
𝑏𝑘 (𝑥𝑏 ), ℎ𝑘 (𝑧)

)
, 𝑦𝑘 = 𝑜𝑘 (ℓ𝑘 ) (3)

where 𝑜𝑘 is a sigmoid for binary feedback labels and a softmax for
categorical labels. The encoder sees 𝑥 in full, so 𝑧 can in principle
encode any function of 𝑥 including 𝑥𝑏 ; the training scheme encour-
ages the latent path to focus on variation in 𝑦𝑘 that the baseline
cannot already explain, so 𝑧 carries residual variation in practice.
The next sections specialize 𝑓𝑘 and ℎ𝑘 , introduce the structure of 𝑧
(factorization and routing), and discuss identifiability, training, and
serving.

3.2 Baseline and Latent Value Advantage
Our feedback targets are binary or bucketed classification labels,
so each decoder operates in logit space. The baseline path is imple-
mented as an MLP; the latent path applies a strictly positive gain
to the routed latent state.

The restricted baseline path produces a baseline logit

ℓ𝑏
𝑘
= 𝑏𝑘 (𝑥𝑏 ) (4)

Because 𝑥𝑏 excludes user-video matching features, the baseline has
no direct path to user-item relevance.

The latent path produces a logit-scale latent value advantage

𝛿𝑘 = 𝛾+
𝑘
· ℎ𝑘 (𝑧) (5)

where ℎ𝑘 depends only on the components of 𝑧 routed to task 𝑘
(Section 3.3) and 𝛾+

𝑘
≡ softplus(𝛼𝑘 ) > 0 is a learned per-signal

gain. This positivity stabilizes the sign conventions of 𝑧 used for
identifiability (Section 3.4).

The final decoder logit is

ℓ𝑘 = sg(ℓ𝑏
𝑘
) + 𝛿𝑘 (6)

where sg(·) denotes the stop-gradient operator. This baseline-
relative formulation is conceptually related to relative-advantage
approaches for watch-time debiasing [8], but applies the advantage
idea to residuals across heterogeneous feedback signals.

Because gradients are stopped through ℓ𝑏
𝑘
, the main feedback

objective does not backpropagate into the baseline path: the baseline
is updated exclusively from gradients of Lbase and the main loss
rewards 𝛿𝑘 only for the portion of 𝑦𝑘 not already explained by the
baseline. This encourages confounding effects to be captured by
the baseline, yielding a debiased residual.

An alternative is a decoder 𝑝 (𝑦𝑘 | 𝑧, 𝑥𝑏 ) conditioned directly
on the baseline features. Without the stop-gradient and auxiliary
baseline loss, the decoder can freely mix 𝑥𝑏 and 𝑧, giving 𝑧 no reason
to encode only residual variation.

3.3 Factorized Latent Value Variables
We factorize the latent value into three components capturing con-
sumption, active engagement, and valence:

𝑧 = [𝑧𝑝 , 𝑧𝑎, 𝑧𝑠 ] (7)

where 𝑧𝑝 captures consumption-related evidence, 𝑧𝑎 captures active
response propensity, and 𝑧𝑠 captures the valence of that engage-
ment: the sentiment-like positive or negative polarity expressed
through feedback labels. The valence latent 𝑧𝑠 enters jointly with
𝑧𝑎 to explain feedback such as deep engagement, negative feedback,
and satisfaction surveys, where the same active behavior can reflect
either a positive or negative reaction.

This factorization reflects the observation that different user
feedback signals tell different stories about the same view. A user
might watch a long video to completion and scroll on; another
might watch and like it; a third might watch and hit the dislike
button. On consumption alone, these views are indistinguishable;
only the direction of engagement separates the second from the
third, and only whether the user actively responded separates the
first from the rest. A single unconstrained latent forces the model
to average across these qualitatively different signals.

To align each decoder with semantically relevant parts of the
latent state, we restrict its latent path with a per-signal hard sparse
routing mask𝑚𝑘 ,

𝛿𝑘 = 𝛾+
𝑘
· ℎ𝑘 (𝑚𝑘 ⊙ 𝑧) (8)

The mask limits each feedback decoder to a small subset of the
factorized latent value state, letting related feedback tasks share
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Figure 1: Factorized Latent Value Model. The encoder maps full impression features 𝑥 to a factorized latent value state
𝑧 = [𝑧𝑝 , 𝑧𝑎, 𝑧𝑠 ]. For each feedback reconstruction task 𝑘 , a task-specific hard sparse mask𝑚𝑘 restricts the latent input to decoder
ℎ𝑘 , which produces a logit-scale advantage 𝛿𝑘 . In parallel, a restricted baseline 𝑏𝑘 uses only measurement-confounding features
𝑥𝑏 ⊆ 𝑥 to produce ℓ𝑏

𝑘
. The final logit is ℓ𝑘 = sg(ℓ𝑏

𝑘
) +𝛿𝑘 , and predictions are 𝑦𝑘 = 𝑜𝑘 (ℓ𝑘 ). The exact mask configuration is abstracted;

the latent value score is scalarized from 𝑧 for serving-time ranking.

explanatory factors while preventing unrelated tasks from freely
using all latent dimensions. Routing follows the factorization:
consumption-related labels are explained through 𝑧𝑝 , while explicit
feedback is explained through 𝑧𝑎 and 𝑧𝑠 jointly.

This structural constraint also gives the latent components more
stable semantics: in an unconstrained bottleneck, latent dimensions
can rotate or mix without changing prediction quality, whereas
here the meaning of each component is induced by the semantic
groups of decoders it is allowed to influence.

3.4 Inductive Bias for Semantic Roles
The semantic labels we attach to 𝑧𝑝 , 𝑧𝑎 , and 𝑧𝑠 are not enforced by
the encoder or the standard normal prior alone. A factorized Gauss-
ian latent with an isotropic prior is rotation- and sign-symmetric:
nothing in the encoder or the regularization objective prevents the
model from arriving at an arbitrary rotation of the three latent
axes, in which case the labels “consumption,” “engagement,” and
“valence” would be meaningless.

Three architectural choices together reduce this symmetry. First,
the routing masks 𝑚𝑘 give each latent influence over a distinct
set of decoders. A rotation that mixes 𝑧𝑝 into 𝑧𝑠 would misroute
consumption variation into decoders designed to predict valence-
signed feedback, increasing the loss. Second, the latent path scales
each routed factor by the strictly positive 𝛾+

𝑘
, so within the set of

decoders sharing a factor, the factor’s sign cannot be inverted with-
out loss. Third, the polarity of valence-signed feedback labels, such
as explicit satisfaction surveys and negative-engagement signals,
anchors the sign convention of 𝑧𝑠 . Watch-time label monotonicity

and binary engagement intensities play analogous roles for 𝑧𝑝 and
𝑧𝑎 .

Together, these three mechanisms supply the inductive bias that
encourages stable semantic roles for 𝑧𝑝 , 𝑧𝑎 , and 𝑧𝑠 . Such biases are
necessary: Locatello et al. [10] show that without structural assump-
tions on model or data, disentangled representations cannot be re-
covered unsupervised. Our architecture provides this bias through
decoder assignment and sign-anchored labels, rather than through
distributional assumptions. Empirically, liked impressions and im-
pressions carrying explicit negative feedback are most separated
along the valence factor 𝑧𝑠 , with the two groups 1.7–2.0 standard
deviations apart across three models independently trained from
scratch. This alignment is stable across training: the sign and the
ordering of the three factors are identical in every run, with neutral
topline metrics in online A/A testing.

3.5 Training Objective
We train the model with three components: a main feedback loss,
an auxiliary baseline anchoring loss, and a KL regularization loss.
We use a supervised Gaussian variational bottleneck with reparam-
eterized sampling and KL regularization [1, 5]. The encoder is an
MLPwith a shared trunk and separate output projections producing
a diagonal Gaussian latent value distribution from serving-time
features:

𝑞𝜙 (𝑧 | 𝑥) =N
(
𝜇𝜙 (𝑥), diag(𝜎2𝜙 (𝑥))

)
(9)

regularized toward a standard normal prior:

𝑝 (𝑧) =N(0, 𝐼 ) (10)
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Main feedback loss. The main loss trains the encoder and routed
latent decoders to predict post-impression feedback:

Lmain = E𝑧∼𝑞𝜙 (𝑧 |𝑥 )

[
𝐾∑︁
𝑘=1

𝑟𝑘 𝜆𝑘 CE𝑘 (𝑦𝑘 , 𝑦𝑘 )
]

(11)

where 𝑟𝑘 ∈ {0, 1} is an observation mask indicating whether feed-
back label 𝑘 is valid for the impression, and 𝜆𝑘 is the task weight
balancing the heterogeneous signals. This is important for sparse
feedback, which should not be treated as implicit negatives when
missing. Since ℓ𝑘 = sg(ℓ𝑏

𝑘
) + 𝛿𝑘 , this loss updates the encoder and

routed latent decoders, but not the baseline path.

Auxiliary baseline anchoring loss. The baseline path is trained sepa-
rately with the same observed labels, but only on 𝑥𝑏 :

Lbase =

𝐾∑︁
𝑘=1

𝑟𝑘 𝜆𝑘 CE𝑘
(
𝑦𝑘 , 𝑦

𝑏
𝑘

)
(12)

where 𝑦𝑏
𝑘
= 𝑜𝑘 (ℓ𝑏𝑘 ) is the baseline prediction and 𝜆𝑘 is the per-task

weight.

Latent regularization. We regularize the latent value distribution
with

LKL = 𝐷KL
(
𝑞𝜙 (𝑧 | 𝑥) ∥ N (0, 𝐼 )

)
(13)

This term keeps the latent space centered and calibrated, reducing
the risk that the latent variables become arbitrary task-specific
hidden units.

The final training objective is

L = Lmain + Lbase + 𝛽LKL (14)

3.6 Ranking Integration
At serving time, we scalarize the latent 𝑧 into a per-item latent
value score using 𝜎 (𝑧𝑠 ) and softplus(𝑧𝑝 ). We omit 𝑧𝑎 because it
captures active response propensity, while 𝑧𝑠 carries the direction
of that response. Given that propensity without polarity is not
evidence of preference, 𝑧𝑎 serves only as a training-time auxiliary
construct. The resulting score is a primary input to our ranking
formula, replacing the existing multi-task pre-scoring stage.

4 Experiments
We evaluate the model on YouTube Shorts, a major short-form
video platform with a billion-scale active user base. We compare
against the production pre-scoring ranking model, trained with
standard multi-task objectives and a post-hoc score combination
stage. Figure 2 shows offline validation of the model’s two main
design choices.

Table 1 reports offline metrics across core feedback signals. Skip
is omitted from the cross-system comparison because the two
systems use different skip-label definitions and are not directly
comparable. FLVM reduces item watch-time RMSE and improves
Like PR-AUC and Dislike PR-AUC, while Completion sees a slight
overall drop. However, a fine-grained duration-sliced analysis
across all metrics reveals a consistent debiasing effect: FLVM
systematically outperforms the baseline on longer videos (>60s)
across the board—improving Completion PR-AUC by an average
of 0.0032—while scoring lower on shorter videos (<60s) by an
average of 0.0053. Since the production baseline often inflates

Table 1: Offline predictive performance versus the produc-
tionmulti-task baseline. PR-AUC (higher is better) for binary
signals; RMSE (lower is better) for item watch time.

Signal Metric Production FLVM

Item watch time RMSE ↓ 24.47 23.35

Completion PR-AUC ↑ 0.6898 0.6722

Like PR-AUC ↑ 0.2522 0.3190

Dislike PR-AUC ↑ 0.0038 0.0054

Table 2: Decomposition: PR-AUC of each path in FLVM.
Baseline-only = 𝑜𝑘 (ℓ𝑏𝑘 ); Latent-only = 𝑜𝑘 (𝛿𝑘 ); Full = 𝑜𝑘 (ℓ𝑘 ).
The two paths together exceed either alone.

Signal Baseline Latent Full

Completion 0.3065 0.6617 0.6722

Like 0.1860 0.0715 0.3190

Skip 0.1840 0.5016 0.5100

Dislike 0.0035 0.0035 0.0054

overall metrics by exploiting short-video heuristics (e.g., inherently
higher completion rates), FLVM’s performance shift toward
harder-to-consume long content indicates a much better capture of
genuine user preference. These improvements suggest that jointly
explaining heterogeneous feedback through a compact latent value
state denoises sparse and confounded signals more effectively than
per-task heads.

Table 2 decomposes FLVM into its two paths. For all signals, the
Full model exceeds either path alone, confirming that the baseline
and latent contributions are complementary. However, the exact
dependency varies by signal and item lifecycle. Notably, we observe
a powerful synergistic effect on active engagement (Like): each path
predicts Like poorly on its own, yet together they far outperform
either alone. This suggests that explicit actions such as Like are
heavily masked by measurement-confounding features (e.g., user
propensity), and that accounting for these confounders in the re-
stricted baseline lets the latent path recover the preference-relevant
signal. For passive behaviors like Completion and Skip, the latent
path drives the majority of the predictive performance, though the
baseline remains strictly necessary for full accuracy.

In our online A/B experiment, spanning 14 days at our standard
experiment traffic allocation, the latent value model improves over
our production baseline multi-task pre-scorer, increasing our pri-
mary viewer enjoyment metric by 2.67% with neutral guardrail
metrics. To verify the robustness and generalizability of the learned
latent value state across different item lifecycles, we evaluated per-
formance on the cold-start slice (fresh videos with limited exposure
history). On this group, the model achieved a consistent >2% lift
in helping new videos successfully attract early engagement and
transition into mainstream distribution. This demonstrates that
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Figure 2: Empirical validation of the two main design choices. (a) The baseline path absorbs duration confounding: predicted
item watch time increases with video duration, while the served consumption score softplus(𝑧𝑝 ) stays roughly flat across
duration buckets. (b) The three latent factors separate semantically: liked and disliked impressions are most separated along
the valence factor 𝑧𝑠 , less so along the active-engagement factor 𝑧𝑎 , and approximately invariant on the consumption factor 𝑧𝑝 .

by separating genuine preference from structural and statistical
noise, FLVM avoids overfitting to historic engagement and robustly
generalizes to trailing-edge data distributions.

5 Conclusion
We presented a Factorized Latent Value Model that treats observed
user feedback as noisy measurements of a low-dimensional, factor-
ized latent value state. The model combines three design choices:

(1) A baseline restricted to measurement-confounding features.
(2) Factorized latent value variables that represent different as-

pects of user preference.
(3) Predefined hard sparse decoder routing that connects each

latent factor only to semantically relevant feedback signals.
The resulting latent value score integrates into an industrial recom-
mender system with meaningful offline and online gains, demon-
strating robust generalizability across diverse content lifecycles
and varying levels of data sparsity. Empirically, the learned latent
factors take on stable semantic roles induced by model structure
and feedback signals.
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