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Abstract

Production recommender systems have feature-lifecycle asymme-
try: adding new features need only produce gains on some metric,
while feature removal must not regress any metric. In practice,
feature deprecation is hard to prioritize as a feature can easily fail
to be removed: if it interacts with other features, its importance
changes daily, it cannot be evaluated before production models
change or data drift occurs, it is in contention for A/B test space
with other launches, it causes regressions in an online A/B test,
or it is consumed by multiple models that need to coordinate its
deprecation.

We present FORTE, a model-agnostic production framework for
discovering, validating, and removing features. Its efficient pertur-
bation implementation allows daily feature evaluation. To account
for interactions, it evaluates candidate feature sets constructed from
features with the weakest measured importance through grouped
perturbation, providing an offline gate before online testing. Lin-
eage tracing identifies all downstream consumer models to realize
the full savings of removing a feature from the training set.

We validate FORTE over 2 large-scale production recommender
systems and find that it identifies deprecable feature sets which
do not cause online regressions, while the impact on efficiency
depends on model characteristics. On a search-relevance model,
FORTE resulted in 3 nested candidate sets of 32, 48, and 59 features.
During offline evaluation and retraining, all 3 candidates appeared
neutral, but online guardrails rejected the largest treatment. The
48-feature set was selected for deprecation, removing 43.2% of the
model’s features. On a large ranking model, FORTE identified 8
candidates for removal. Retraining and A/B testing confirmed no
regression. Its launch reduced the trainable parameters by 29.9%,
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improved serving throughput by 19.8-25.5%, and reduced annual
training costs by hundreds of thousands of dollars.
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+ Information systems — Recommender systems; - Comput-
ing methodologies — Machine learning.
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1 Introduction

1.1 Feature-lifecycle asymmetry

Modern recommender systems drive engagement and revenue
across billions of daily interactions. Pinterest deploys hundreds
of models for retrieval, ranking, and engagement prediction, each
ingesting tens to thousands of features.

Model evolution requires experimenting with dozens of features
at any given time. Adding a new feature is generally justified by
a gain in a particular user behavioral metric, assuming adherence
to a strict set of model performance guardrails. Removing one is
instead justified by an efficiency gain, and its criteria are harder to
satisfy: beyond the same guardrails, deprecation generally requires
validating that no user metric regresses.

Validating a feature removal requires both retraining a model
and running an online A/B test of the treatment against the current
production model. A/B tests are a limited resource and generally
prioritize high-impact treatments, which feature removals do not
promise. Deprecation also creates a combinatorial allocation prob-
lem: a model with d features has 2¢ — 1 nonempty candidate removal
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sets. Although only a small fraction will be plausible, this candidate
space is substantially larger than the set of new feature launches
competing for the same A/B capacity. This incentive structure tends
to lead to the persistence of ineffective features.

1.2 Deprecation in practice

In industry, model development typically follows the same iteration
cycle for both adding and removing a feature: propose the change,
retrain a model with it enabled, backtest offline on evaluation data,
run an online A/B test, validate online user behavioral metrics and
model performance guardrails against the baseline, then audit and
ship. As a change progresses through the cycle, the associated costs
increase as resources constrain.

Deprecation only realizes its benefits after the end of this cycle:
removing a feature reduces trainable parameters, producing a leaner
model with lower training and serving cost, and once no model
references the feature it can stop being collected in training and
evaluation sets altogether.

We define deprecation specifically as removing a feature from
a model which is already deployed. This differs from the related
concept of feature selection, which is typically performed during
model development to identify and remove low-signal features to
improve model generalization performance.

We identify the following failure modes for feature deprecation
in an industry setting. Each can prevent the feature-deprecation
cycle from completing, cause offline validation results to diverge
from online outcomes, or both:

Feature interactions.

Data drift.

Model versioning and drift.

Online A/B bandwidth contention.

Online regression.

Multi-model coordination during deprecation.

1.3 FORTE overview

We identify the predominant bottleneck to deprecation as limited
online A/B bandwidth. FORTE introduces a perturbation-based
feature importance system which is sufficiently efficient to run
perturbation experiments on a daily cadence, generates and ablates
candidate groups, and traces feature lineage to provide end-to-end
feature removal.

1.4 Contributions

o Problem formulation. We define complete feature depre-
cation in two parts: (1) the ability to identify unimportant
feature sets from a model, and (2) tracking a feature’s com-
plete lineage and deprecating it once it is deemed unimpor-
tant.

e FORTE, an end-to-end framework spanning discov-
ery, validation, and removal. We combine temporal fea-
ture importance, pooled perturbation, online A/B validation,
and feature lineage tracking into a single workflow.
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o Efficient perturbation implementation. We define an
efficient perturbation implementation with a minimal mar-
ginal cost per additional perturbation experiment. This en-
ables running individual-feature perturbation experiments
daily.

e Case studies from two production recommender sys-
tems. We walk through a Search Relevance model and a
Pin Ranker model.

2 Related Work

Permutation importance is a model-agnostic way to measure model
reliance. Breiman [3] introduced it for Random Forests, and Fisher,
Rudin, and Dominici [9] generalized it to Model Class Reliance.
These estimators match our operational question: how much does
model quality change when a feature’s signal is destroyed? Existing
implementations evaluate features sequentially and lack native
support for heterogeneous tensor types found in production ML
models.

The main statistical limitation of marginal permutation is fea-
ture dependence. Unconditional permutation can create out-of-
distribution inputs and distort measured importance for correlated
predictors [11, 19]. Conditional PFI [23] addresses this by condition-
ing on the other predictors when permuting, but requires estimating
conditional structure. Covert, Lundberg, and Lee [7] distinguish
fixed-value removal from distributional marginalization; the latter
may use marginal or conditional replacements. FORTE’s ablation
uses fixed nulls, while permutation uses batch-shuffled values as
empirical marginal replacements. We do not claim conditional im-
portance, instead using online A/B validation for feature removal.

Stronger attribution alternatives are prohibitive at daily cadence.
LOCO [14] retrains without each feature, requiring p retrainings.
ROAR [12] evaluates rankings by cumulative removal and retrain-
ing; its findings motivate external validation. SHAP [16], KernelSHAP
[5], and SAGE [6] use Shapley-style coalitions, but sampling cost
is prohibitive at thousands of features. TreeSHAP [15] cuts this
cost for tree ensembles but does not apply to the neural rankers we
study.

Backpropagation-based attribution methods such as Integrated
Gradients [25] and DeepLIFT [22] require access to model internals
and a reference input; baseline choice can materially affect the
resulting attribution [24]. FORTE targets global, perturbation-based
importance.

Streaming and online importance estimation [10, 18] update
with each sample; FORTE uses scheduled model evaluations for
operational monitoring.

Unmanaged feature dependencies contribute to ML technical
debt [20]. Before FORTE, feature importance at Pinterest required
one inference job per feature, making daily evaluation infeasible.
FORTE combines pooled inference, type-aware perturbation, tem-
poral tracking, and online validation in one workflow.

3 Problem Formulation

Terminology and sign convention. In an offline perturbation
experiment, the baseline condition is the frozen model evaluated on
the intact examples, and the perturbed condition is the same model
evaluated after a feature group G has been permuted or ablated.
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Figure 1: FORTE’s deprecation funnel. Candidate sets narrow through
validation and deprecation; fill identifies each stage’s bottleneck.

Let My and Mg denote the resulting baseline and perturbed metrics.
FORTE reports the direction-adjusted normalized change

Mg — My

0

Ar(G) =100y, - (1)
Here sy = +1 when higher values of M are better and sy = -1
when lower values are better. We refer to this signed normalized
change as the feature-importance score. Thus, a negative score means
that perturbing G degrades model quality and the model relies
on the feature group; a score near zero indicates weak measured
reliance; and a positive score means that perturbation improves
model quality. Under this convention, scores increase as measured
reliance decreases, so deprecation candidates are the features with
scores near zero or above. We report a signed change rather than
a metric drop so that the score carries the same orientation as the
online A/B results it is compared against. Classical permutation
importance [3, 9] reports the negated quantity, so reliance appears
there as a positive degradation; readers should keep this difference
in mind when comparing magnitudes across the two conventions.

In the retraining and online stages, the baseline (or online con-
trol) is the incumbent production model, while the treatment is a
model retrained with a candidate set removed. To avoid overloading
these terms we separate offline from online work throughout. A
perturbation experiment is one configured offline comparison of
the baseline and perturbed conditions on a frozen model, and we
report offline results per experiment. A treatment arm is a retrained
candidate model allocated online traffic in an A/B test, and we re-
port online results per arm; arms are the scarce resource the funnel
of Section 4 is ordered around. A candidate set is a collection of
features proposed for joint removal.

Given a production model f with feature set {Xj,..., Xy} and
evaluation metric M, we aim to:

(1) Compute daily feature importance scores FI;(t) for all fea-
tures j at each day t, producing temporal series TFI; =
{F1,(1),...,FI;(T)}.

(2) Combine temporal importance into a ranked deprecation
candidate set; validate via retraining and online A/B testing.

(3) Identify feature lineage and create a method for safe depre-
cation.

4 System Design and Methodology

FORTE assembles deprecation candidates through the deprecation
funnel illustrated in Figure 1. Its stages differ in which resource they
consume, and online A/B traffic is the bottleneck: it admits only
a handful of arms. The funnel is therefore ordered so that stages

bound by amortized inference screen the full feature set before
any candidate reaches a stage bound by training capacity or online
traffic.

4.1 Temporal feature importance

We set up a scheduled perturbation experiment for each model. A
resilient workflow reads a partition of the evaluation dataset and
evaluates the current production model.

At industry scale across a diverse model fleet we implement
several safeguards to ensure continuous data collection. Upstream
issues can lead to partitions being delayed or missing; we include
partition sensors in our design to skip and backfill. In a production
setting, teams have variable model iteration cycles. We define the
current production model by implementing a production model
sensor to automatically update the model reference as serving traffic
diverts to a newer checkpoint.

For feature X; on day ¢, temporal feature importance is the signed
normalized change FI;(t) = Ay ({X;};t) defined in Equation (1).
The baseline and perturbed conditions use the same checkpoint
and the same day’s examples. This paired comparison controls level
shifts shared by both conditions, while normalization by the base-
line expresses the result as a relative percentage. It does not remove
permutation noise or genuine changes in the model’s sensitivity to
a feature.

Candidate construction. We express the temporal gate in the
conventional reliance orientation, I;(¢) = —FI;(t), so larger values
indicate greater measured reliance. Across each configured look-
back window, we use mean importance, rank stability, and fitted
slope as indicators for deprecation candidates. By default, a can-
didate must have low mean importance, remain stably near the
bottom of the feature ranking, and have a non-positive slope, with
these conditions required to hold across every output head and
lookback window. The gate is a per-model configuration rather
than a fixed rule: owning teams set the window lengths, the filter
thresholds, and which heads a candidate must satisfy, according
to operational concerns such as model release frequency and the
amount of post-release evidence required before nominating a fea-
ture. The default is deliberately conservative because a candidate
that survives it still has to clear the more expensive gates down-
stream. Additional signals include estimated feature costs. We use
these signals to generate multiple nested candidate sets.

Two examples in Figure 2 show how rank changes over time.
Feature A remains relatively low-ranked but varies substantially.
Feature B is generally higher-ranked before moving sharply near
the end of the window. This variation motivates evaluating mean
rank, stability, and trend over a lookback window rather than using
one observation.

We do not assert that this method rigorously identifies all non-
correlated candidates, but we assert that it will provide a signal that
is validated in a future gate.

4.2 Grouped perturbation

We take the nested feature sets and perform grouped perturba-
tion on each to validate their joint perturbation effect, capturing
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Figure 2: Feature-rank trajectories for two features across scheduled obser-
vations. Lower ranks denote more highly ranked features. The observations
retain their original order; the horizontal labels show the corresponding
abbreviated month names.

interactions and dependence. This joint test addresses one opera-
tional consequence of feature dependence [11, 19]: correlated candi-
dates can substitute for one another under individual permutation,
whereas perturbing them together measures reliance on their com-
bined signal. Grouping does not produce conditional importance or
eliminate out-of-distribution perturbations. The pooled inference
run shares its principal fixed costs across candidate sets. At this
stage we seek to reduce the number of candidate sets carried into
retraining because each surviving set typically takes days to retrain,
considerably longer than offline ablation. We first filter candidate
sets for metric neutrality, then retain up to N passing sets ranked
by their potential cost savings from feature deprecation. The value
of N and the sizes of these sets are team-specific choices reflecting
cost priorities, retraining capacity, and available A/B traffic.

4.3 Retraining, online validation, launch review

We retrain a model with each candidate set removed and compare
it with the production baseline. Neutral performance metrics are
the criterion to move to the online validation stage.

We promote S of the candidate sets that passed retraining to
treatment arms. A/B validation consists of running a test for mul-
tiple weeks and benchmarking each arm against the production
control. A/B test completion has the following criteria:

o Online metric neutrality.
e User behavioral guardrail adherence.

Passing the above two allows the team to move this to human
audit and launch review to finally ship the deprecation.

4.4 Feature lineage and deprecation

FORTE automatically detects dereferenced features by maintaining
a live feature-model mapping. Once a feature has been removed
from the model, FORTE determines whether it is entirely deref-
erenced. Teams can then initiate the formal deprecation process,
which progressively blocks the feature and prevents any model that
still references it from training. Blocking and removing features can
have real costs if they need to be restored or revived, so deprecation
proceeds through a staged manual audit process:
e Dataloader block. If a feature is attempted to be added
back into a model it will trigger here.
o Dataset block. The feature is hidden from reads, and the
block propagates to downstream leaf datasets.
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Parquet dataset — Batch (B rows) —> Collate
original perturbed
fi: dense fi: zero tensor
fa: sparse fo: empty pairs
f3: ragged f3: empty list

l fi l fa l fs
experiment (ablate f3)
fi: dense (original)

f: sparse (original)

f3: empty list (perturbed)

Figure 3: Dataset virtualization (ablation): the original dictionary holds
typed batches; perturbed holds type-appropriate nulls. Experiments draw
each feature column (f,) from one of these dictionaries.

o Ingestion block. Evaluation and training datasets block a
blocked feature from being written.

e Removal from logging. The final step, which removes
the feature entirely from logging.

4.5 Dataset Virtualization and Pooled Execution

Individual-feature importance permutes or ablates a feature after
reading in and materializing the dataset, once per experiment. We
instead store an ablated/permuted in-memory copy of the entire
batched dataset, so that all experiments for a model resolve against
a single materialization in one distributed inference pass.

The evaluation dataset is laid out on disk in a columnar storage
format. Rows are read from these files and collated into batches,
converting each raw column into the tensor format its feature
registry schema declares: dense values, sparse (index, value) pairs,
or ragged variable-length lists. Collation yields a tensor dictionary
Doriginal keyed by feature name. We build Dperturbed alongside it,
mirroring Doriginal in keys and batch dimensions, each value the
perturbed form of that feature: a permuted batch under permutation,
a type-appropriate null under ablation.

As Figure 3 illustrates, an experiment is a per-feature selection
between the two dictionaries. Each inference worker receives both
once per batch and iterates over the configured experiment set: the
baseline draws every feature from Doyiginal, and each subsequent
experiment draws its feature group G from Dperturbed and the re-
mainder from Dyiginal, runs the already-loaded model, and tags the
output with an experiment index. Permutation and ablation share
this loop, differing only in how Dperturbed is constructed. Model
loading, data I/O, actor startup, and GPU allocation amortize across
every experiment in the batch, so p experiments cost one materi-
alization rather than p. Section 6 measures the resulting runtime
behavior (Figure 5).

5 Practical Considerations for Production
Deployment

5.1 Single-Permutation Estimation at Scale

Repeating permutations reduces Monte Carlo noise but multiplies
inference cost, which could instead be spent on inference over
a larger dataset. We use a theory-to-empirical bridge: following
tractable ROC-AUC analyses [1], we first establish a reference
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variance-scaling law for ROC-AUC, whose pairwise decomposi-
tion supports a clean bounded-differences argument. We then test
whether the resulting operating conclusion extends empirically to
PR-AUC and production feature-ranking decisions. This second
step supports an operational generalization; it does not prove a
PR-AUC scaling law.

Fix an evaluation dataset with n, positive and n_ negative ex-
amples, n = n; + n_, a feature group G, and a frozen model. Let
I1,, denote the finite set of permutations allowed by the evaluation
implementation. For a global permutation, IT,, = S,,; because FORTE
permutes within inference batches, its implemented space is the
product of the corresponding within-batch permutation sets. For
7 € I, let Ag(7r) denote the tie-adjusted AUC after permuting
only G.

The analysis is conditional on both the fixed evaluation data and
the frozen model architecture and evaluation state. By row-wise
inference, we mean that each score has the form s; = f(x;): once
model state is fixed, changing the features assigned to row i cannot
change another row’s score. This condition excludes inference-time
batch normalization that recomputes statistics from the current
batch, joint listwise or slate-level scoring and normalization, cross-
candidate attention, and GNN neighborhood aggregation when
perturbing one row changes neighboring representations or scores.
A model trained with a listwise objective still satisfies the condition
if its deployed inference is row-wise. The Pinterest models evaluated
here use frozen evaluation state and score examples independently.

Each admissible permutation breaks the alignment between G
and the remaining features in a different way. Since no admissible
permutation is privileged, the natural fixed-dataset estimand is
their uniform average,

tnG = Ertnit(,) [Ac (7)].
This estimand is defined over the permutation space implemented
by the system; it need not equal the average over all of S,, when
permutation is restricted to batches.

For R independent uniform draws with replacement 7, ..., 7
from II,,, define

R
—~ 1
ARG = R ;AG(”r)~

The standard Monte Carlo identities give

- o’
Var(Arg) = =7,

E[ARG] = finc,

If Ay > 0 is the fixed, unpermuted AUC, FORTE’s normalized
importance estimate is

O',Zl’G = Var,(Ag(n)).

Arc — Ao
AO ’

It has expectation 100(u, g — Ag) /Ao and variance 10405,0 / (RA(Z))
A single draw is therefore already unbiased for pi, g, and averaging
R draws only reduces variance by a factor of 1/R without changing
the fixed-dataset estimand.

The remaining question is how large O'iG itself is, since that is
what sets the precision a single draw achieves.

Ar(G) =100

ProPOSITION 5.1. Conditional on the fixed evaluation dataset and
frozen model state, assume ny,n_ = ©(n) and row-wise inference as

defined above. Then, for either global permutation or FORTE’s product
of within-batch permutation spaces,

1
0% ¢ = Var, unie,) [Ac ()] = O(;) .

Proor. Fix the dataset and frozen model state, and view Ag :
I, — [0,1] as a function of the permutation alone. For a trans-
position 7 = (ab) acting within one permutation block, 7 and
7 o r differ only in the values assigned to rows a and b; under
row-wise inference only those two scores change. A pairwise in-
dicator can therefore change only for pairs (k,I) € I* x I~ with
{k,1} N {a, b} # 0, of which there are at most 2 max(n4,n_) < 2n.
Each contributes weight 1/(n.n_), giving the per-swap bound

2n
|AG(71') —AG(ﬂ'OT)| < ¢y = = 0(%)

nyn_ n

under n, n_ = ©(n). A bounded-differences inequality for uniform
random permutations [17], applied globally or independently across
the within-batch blocks, then gives Ufl,G < Cnck = O(1/n) for a
universal constant C. a

Two levers therefore reduce the variance of a permutation esti-
mate, and they act on different axes: repetition divides it by R at
fixed evaluation size, while a larger evaluation sample shrinks cyic
itself. Repeated permutations are best understood as variance re-
duction rather than a change of estimand, and one whose marginal
benefit is small in the large-n regime characteristic of production
evaluation tables.

Empirical bridge to PR-AUC. The Monte Carlo identities ex-
tend directly to PR-AUC. Let Pg () denote PR-AUC after permu-
tation and Prg = R™' XX, P5(r,). Then E[Prg] = Ex[Ps(7)]
and Var(ﬁR,C;) = Var,;(Ps(7))/R; the same statements hold after
subtracting and normalizing by the fixed baseline. However, the
O(1/n) rate in Proposition 5.1 uses AUC’s pairwise-comparison
representation and does not establish a corresponding sample-size
rate for PR-AUC, particularly for highly imbalanced heads. We
evaluate that behavior empirically below.

The 1/R Monte Carlo identities hold for any fixed architecture
because they concern averages of independent permutation draws.
Only the O(1/n) reference rate depends on row-wise sensitivity;
architectures outside that scope require a separate sensitivity anal-
ysis.

We test this rate directly. We evaluated ten permutations for 381
feature groups using 15k and 150k examples. Across two output
heads and two metrics, increasing the sample size by an order of
magnitude reduced the median per-feature permutation standard
deviation by 2.58-3.16X. The comparison is descriptive rather than
a direct test of Proposition 5.1: the proposition bounds the vari-
ance rather than fixing its constant, the two samples may differ in
composition and class balance, and the proposition does not estab-
lish a corresponding rate for PR-AUC. This comparison forms the
empirical bridge: PR-AUC does not inherit the proposition, but its
observed variance reduction tracks the ROC-AUC reference closely
enough that it does not alter the downstream feature-ranking deci-
sions reported below.

At 150k examples, a single permutation had a median leave-one-
out rank correlation of 0.907-0.959 with the estimate obtained by
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Figure 4: AUC and PR-AUC feature-ranking correlations across approx-
imately matched row-evaluation budgets, measured against a separate
1.5M x 1 reference. Tick labels show dataset size followed by the num-
ber of permutations in parentheses.

averaging the other nine permutations, and median top-20 overlap
of 92-100%. On PR-AUC, Clickthrough had the weaker standard-
deviation reduction, 2.580x compared with Closeup’s 3.082x. How-
ever, Closeup had the weaker leave-one-out correlation, 0.907 com-
pared with Clickthrough’s 0.942. Thus, at the larger evaluation size,
permutation randomness had limited effect on the feature-ranking
decisions for which FORTE is used.

Figure 4 shows that feature-ranking agreement with the larger
reference rises monotonically as the row-to-permutation ratio in-
creases. All four metric-head combinations agree more at 150kx1
than at 15kx10, which processes the same number of row-evaluations,
by between 0.11 (AUC Clickthrough) and 0.28 (PR-AUC Closeup)
in Spearman p, with no reversal at any intermediate configuration.

Across both metrics and heads, the evidence supports R =1 at
the evaluated production-scale sample size of roughly 150k exam-
ples when the goal is feature ranking, and allocating compute to
more representative rows when possible. Our measurements bear
on rank correlation and top-20 overlap, not on the accuracy of any
individual feature’s importance value. The 15k and 150k samples
are not confirmed to be nested, only ten repeats are available, and
the 1.5M reference uses one permutation, so it is a larger-sample
comparison rather than ground truth. Three to five repeats remain
useful for smaller samples or noisy tail metrics when more repre-
sentative rows are unavailable.

5.2 Engineering for Production-Scale
Evaluation

5.2.1 Feature storage and type-awareness during perturbation. Stan-
dard libraries define permutation as a row-level operation. FORTE
instead applies it to the batched representation the model actu-
ally consumes, which requires a custom permutation kernel per
feature type. Datasets are defined at a row level and batched at
the dataloader-model boundary, so operating after that bound-
ary is what lets a single materialization serve every experiment
(Section 4.5).

Ablation raises the same requirement in a different form: each
of those feature types needs a null or empty representation. Where
feature producers and consumers span an organization, these defini-
tions cannot live in the evaluation job alone. We formalize them in a
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Figure 5: Runtime grows sublinearly with experiment count for all three
evaluation-set sizes. Dashed lines show linear scaling from each series’
single-experiment runtime; the 3M-row set was measured through 300
experiments.

Feature Registry that categorizes every supported feature across the
ML stack, so a type-appropriate null resolves identically in training
and in evaluation.

5.2.2  Production model sensor. Models are iterated on regularly.
To support automatic daily feature importance, FORTE resolves the
model from serving traffic, ensuring we can track importance on
the latest model across our model fleet.

5.2.3 Randomization. Production evaluation tables are generally
ordered by ingestion time, partition key, or some upstream join
order. They do not guarantee random ordering. Randomizing row
order before taking a subset reduces dependence on this physical
layout. A full distributed shuffle does so at the cost of communicat-
ing data across workers [2]. We define a two-stage shulffle, related
to block-aware hierarchical shuffling [29], to reduce layout corre-
lation: a Spark job randomizes rows within each output file, and
the inference layer dispatches files to workers in randomized order.
Together, the arrival order of inference batches is decoupled from
the source table’s physical layout.

For international data we take care not to oversample any sin-
gle market; the fairness implications are discussed in the ethical
considerations section.

6 Evaluation

Unless otherwise noted, the following evaluations use the same
frozen production Pin Ranker checkpoint (Section 7.2) and sample
rows from its associated evaluation dataset using the two-stage
randomization procedure in Section 5.2.3. Each subsection reports
its evaluation-set size and experiment-specific configuration.

6.1 Scaling behavior

We compare a legacy (one-pass-per-feature) implementation of
feature perturbation experiments against our pooled execution
implementation, isolating perturbation experiments from dataset
sampling. We vary two axes, dataset size and number of perturba-
tion experiments, choosing a random subset of features for each
experiment. Evaluation-set sizes are 30k (small), 300k (medium),
and 3M (large) rows, and all runs use the same compute allocation.

For our largest dataset (3M rows), Figure 5 shows a 54X reduction
in elapsed time over 300 experiments. The empirical scaling trend



FORTE: A Production Framework for Feature Evaluation and Deprecation in Industrial Recommender Systems

shows clear amortization: runtime grows as N 020 NO-23 apd NO-27
in experiment count for the small, medium, and large evaluation
sets respectively, against the N scaling of one evaluation pass per
feature. For the 30k-row set, a 1000 increase in experiments costs
only 4.5% the wall-clock time.

Adding an additional experiment costs 41 s at 3M rows, against
45 minutes for a separate pass under the one-pass-per-feature
approach. The exponent rises with evaluation-set size because
forward-pass cost takes a larger share of the total as rows grow:
model loading, data I/O, and actor startup are paid once per run,
while forward passes and final writes grow with the experiment
count. It remains far below linear throughout.

6.2 Grouped perturbation validation

We use 1.5M matched evaluation examples and measure AUC for
the Closeup head across 189 feature groups that passed the non-
negative Individual-Feature Permutation gate. The individual, fixed-
order grouped, and order-averaged estimates use the same exam-
ples.

We then jointly perturb nested candidate sets before retraining.
For set Gy, let Dy = 100(AUC(Gy) — AUCy)/AUCy and my = Dy —
Dj._1, with Dy = 0. Because higher AUC is better, a positive my
indicates less model reliance, whereas a negative my, reveals greater
joint reliance. We order groups from least to most important by
their Individual-Feature Permutation score. Pooled inference keeps
the marginal cost of each additional group low.

We find 68 of 176 nonzero fixed-order marginals (38.6%) were
negative. These negative marginals show why the joint gate is
necessary: feature groups that pass individually can reveal model
reliance when evaluated in a shared perturbation context. Without
making use of grouped perturbation, we might have expected the
effect on AUC of removing these features to be the sum of the
Individual-Feature Permutation deltas: 6.554%. However, not only
is the grouped effect substantially smaller: 3.084%, the interactions
between features are sufficiently negative that the peak cumulative
delta of 3.899% occurs when only 64 of the candidates which pass
the individual gate have been removed.

Order-averaged marginal contributions. The fixed cumulative
path measures one addition order. To evaluate sensitivity to coali-
tion context, we average each group’s marginal contribution across
20 reverse-paired randomized orders, yielding an order-averaged
marginal contribution for each of the same 189 groups. This is the
permutation-sampling estimator [4] of the Shapley value [21]; we
report it as an order-sensitivity diagnostic rather than an attribution
method, since 20 orders cannot resolve individual Shapley values
across 189 groups. Reverse pairing lowers weighted attribution
variance by 83-90% relative to independent orders. Because this
requires 20 cumulative passes rather than the funnel’s one, it is
not a production stage. Figure 6 shows the resulting per-group
estimates and uncertainty.

The group total is well determined while its per-group decompo-
sition is not. The order-averaged attributions sum to 3.079%, against
the fixed path’s 3.084% endpoint, with a standard error of 0.008%
(0.26% of the total). Within a single order the marginals telescope to
the full-coalition effect exactly, so the two totals estimate the same
quantity and differ only because each path re-measures it under

independent permutation draws; the reported standard error is that
measurement noise, not variance across orders. Attribution error
cancels in the sum, so the composed set is estimated an order of
magnitude more precisely than a typical member.

Two structural effects explain why per-group shares resist iden-
tification. The model reads several features in more than one slot,
and the order-averaged estimates assign opposing signs to the
two copies: one embedding group scores +0.080% in one slot and
—0.050% in another, and an impression-count group +0.049% against
—0.002%. Since both copies are permuted together, no split of their
shared signal is preferred, and only the joint effect is well de-
fined. Reliance also differs by head, sometimes in direction. For
the same 189 groups the measured full-coalition effect is remov-
able on Closeup AUC and PR-AUC and on Clickthrough AUC, but
load-bearing on Clickthrough PR-AUC: the four attribution sums
are +3.079%, +2.348%, +1.996%, and —3.769%, respectively. Individ-
ual groups swing much further: one content-type group attributes
—0.042% on Closeup AUC, where the model relies on it, and +8.385%
on Clickthrough AUC, where it is removable. A per-feature screen
on one head cannot see either effect.

Individual-Feature Permutation deltas also overcount additive
value. Closeup retains only 47-48% of their sum once the full coali-
tion is measured: 3.079% versus 6.554% for AUC and 2.348% versus
4.909% for PR-AUC. In addition, Clickthrough AUC reverses sign
outright, from —10.698% summed to +1.996% measured. Value satu-
rates with coalition size as well. The mean Closeup AUC marginal
falls from 0.0327% in positions 1-38 to 0.0030% in positions 152-189,
a difference of —0.0297% with 95% CI [—0.0358, —0.0236]. Reverse
pairing matches the two bins on Individual-Feature Permutation
score, so this decline reflects position in the order and not fea-
ture strength. It corroborates the fixed cumulative path’s peak and
subsequent decline.

As Figure 6 shows, order averaging broadly preserves the top
of the Individual-Feature Permutation ranking but not the zero
threshold, with disagreements concentrated in the tail. Across indi-
vidual orders, fewer than one-third of candidates retain a positive
marginal in every order, so agreement in the mean does not imply
stable per-feature effects.

These results support FORTE’s staged design: per-feature esti-
mates screen and rank candidates, while grouped perturbation mea-
sures the composed candidate set before retraining. Estimates from
either a single permutation or 20 coalition orders supported relative
ranking but were not sufficiently stable to serve as removal criteria:
across the 176 candidates with a positive Individual-Feature Permu-
tation score, 2,496 of 3,520 order-specific marginals (70.9%) retained
that direction, an average of 14.2 of 20 orders per group (median 16),
and only 53 candidates retained it in all 20. The composed-set effect
was estimated more precisely, and grouped perturbation measures
it directly in one pooled pass. Order averaging characterizes order
sensitivity but does not replace grouped validation; a 10-order run
reproduced the 20-order ranking closely (0.975 rank correlation
and 95% top-20 overlap).

7 Industrial Applications

FORTE is deployed across Pinterest’s production model fleet. We ex-
amine two in depth: a ranking model and a Search Relevance model.
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Results are reported in each model’s own section. The two models
differ in architecture affecting the impact of the deprecations. The
Search Relevance model deprecated a larger share of its features
yet realized a small parameter reduction because its cross-encoder
backbone holds orders of magnitude more parameters.

7.1 Search Relevance

The Search Relevance application uses segmented evaluation: a post-
inference filter applied at the metric layer that partitions the evalu-
ation set into subpopulations and computes importance scores per
segment. Because segmentation is a metric-layer filter, segmented
importance reuses the same inference pipeline, perturbation logic,
and aggregation framework as global importance. Search Relevance
serves multilingual traffic, so the segments of interest are US and
non-US markets, and we use segmented A/B results to confirm that
deprecated features did not carry localized signal for non-English
queries.

The Search Relevance model [26] predicts the relevance of a
candidate Pin to a user’s search query on a five-point ordinal scale
(L1-L5); the score is consumed alongside engagement predictions
to determine the final ranking on Pinterest Search.

The production system is a real-time servable student network
distilled from a cross-encoder LLM teacher fine-tuned from a multi-
lingual LLM backbone, ingesting a heterogeneous feature set span-
ning query-level signals, Pin-level signals (text, graph, and visual
embeddings), and query-Pin interaction features; that work de-
scribes the full architecture, feature catalog, and distillation pipeline.
The checkpoint that FORTE evaluates extends it with a smaller
cross-encoder layered over the feed-forward student, strengthen-
ing query-Pin interaction modeling within the real-time serving
budget. The model serves multilingual traffic globally in real time
across more than 45 languages.

Evaluation setup. The combination of heterogeneous tensor types,
breadth of input signals, and tight serving budget makes Search
Relevance a natural target for FORTE: many features were added in-
crementally over multiple model iterations, and per-feature serving
cost compounds at search QPS (queries per second). We ran FORTE
on the production Search Relevance checkpoint, which ingests 111

Table 1: Search Relevance: offline results and deployment outcomes for
the three nested candidate sets, one treatment arm each. All three cleared
every offline gate; only the online guardrails separated them. Efficiency
gains are reported for the launched 48-feature configuration.

Trainable Serving
params. A throughput A

Features Teacher Human
removed acc. A acc. A Outcome

32 —0.0010 —0.0012 Superseded — .
48 —0.0009 +0.0042 Launched* -2.3% +2.0%
59 —0.0011 —0.0012 Rejected - -

*The launched configuration also realized network and storage savings.

features, computing both permutation and ablation importance. We
transformed the five-point relevance output into a single scalar
evaluation value and computed the signed normalized importance
score from its perturbation-induced change. The candidate gate
used an importance-score threshold of 0.01, after which candidates
were ranked jointly with a cost analysis. Cut points of 32, 48, and
59 features were chosen to span likelihood of passing A/B. The can-
didate filter (low mean importance, non-positive fitted slope, and
rank stability near the bottom of the feature list) was applied across
every head and lookback window. Segments were defined as US
and non-US traffic, with segmented results aggregated separately
to confirm neutrality across the multilingual scope.

Results. The candidate filter surfaced 59 features for deprecation,
drawn from across feature types and entity types (text-match fea-
tures, some Pin and query embeddings, and several sparse features).
Grouped ablation of the candidate sets produced an offline 5-scale
accuracy change of 0.1% relative to the production baseline. We
then retrained the student model with the candidate features re-
moved and evaluated against the production baseline on the same
human-annotated relevance test set used in that work: 5-scale accu-
racy fell within the offline-neutral band for this model, for all three
candidate sets.

The retrained models were then allocated traffic as treatment
arms and A/B tested against production using relevance measure-
ments obtained on queries from search traffic. Table 1 reports each
arm. We observed no statistically significant regression in search
feed relevance for any arm; this evaluation uses sSDCG@25 from an
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LLM-as-a-judge labeling system [27]. Segment-level results across
US and non-US markets were also neutral, indicating that the depre-
cated features did not carry localized signal for non-English queries
despite the model’s multilingual scope.

The offline gates did not separate the three candidate sets: teacher-
test accuracy moved by at most 0.0011 in every case, and teacher-
test RMSE improved in every case (—0.0003, —0.0037, —0.0044). The
online stage did. Search processing time improved significantly for
all three arms; for the 48-feature arm, page wait time decreased by
0.1696% (p=0.0012). The most aggressive 59-feature arm triggered
a regression in a secondary guardrail and was not launched; the
48-feature set was selected as the safer operating point. Shipping
the smaller model reduced the trainable parameter count by 2.3%,
increased serving throughput by 2%, and reduced network ingress
and egress for our model serving system, as well as enabling savings
on storage and KV feature store costs.

7.2 Pin Ranker

The Pin Ranker is a multi-head L2 ranking model powering a
visual-search-like surface that serves roughly half of Pinterest traf-
fic. Given a (user, query Pin, candidate Pin) triplet, the production
checkpoint predicts closeups, clickthroughs, repins, and downloads.
It also includes a revisitation-based retention head [13].

The architecture combines a transformer-based user-sequence
encoder, including lifelong user-history features [28], with a DCNv2
feature-crossing stage and an MMoE module that produces task-
specific engagement scores [8]. It has hundreds of millions of dense
parameters spanning multi-modal content, numerical, categorical,
and user-behavior features. These components enable the system
to model rich dependencies among user intent, history, content
semantics, and candidate relevance.

Evaluation setup. We ran FORTE on the production Pin Ranker
checkpoint, computing the signed normalized change in PR-AUC
under permutation across all output heads. Following the depre-
cation pilot, we now run feature importance daily on the latest
production model. This ongoing practice provides a consistent
benchmark for the team’s feature utilization and assists in monitor-
ing feature health and adoption over time. Temporal importance
was combined with a cost analysis; an audit identified two nested
feature sets, of 2 and 8 features, that yielded substantial cost savings
at weak measured reliance.

Results. FORTE identified eight features as deprecation candidates:
each had a non-negative permutation importance score against
PR-AUC across all output heads, indicating no predictive signal the
model used. We retrained the model without these features. Both
candidate sets cleared every gate. Retraining produced an absolute
pairwise-accuracy change of +0.0001 for both sets, while the abso-
lute ANDCG@3 was —0.0015 and —0.0010 for the 2- and 8-feature
sets, respectively. These results are averaged across output heads
and remained within the offline-neutral band. As treatment arms
over a three-week online A/B test, neither showed a statistically
significant regression in clickthroughs, closeups, or repins. The
8-feature set is a superset of the 2-feature set, so with both arms
neutral the larger set was launched and the smaller one superseded.

After launch, FORTE’s final lineage-and-deprecation stage (Fig-
ure 1) queried the model registry for remaining consumers of the

Table 2: Pin Ranker: Retraining results for the two nested candidate sets
and efficiency gains from launching the 8-feature removal. Throughput is
measured on a CUDA Graph benchmark.

Pairwise Serving
Features Accuracy NDCG@3 Trainable throughput Inference
removed A* A* Outcome params. A A cost A
2 +0.0001 —0.0015 Superseded — - —
8 +0.0001 —0.0010 Launched —-29.9% +19.8-25.5% ~ —10%

*Retraining results are absolute changes averaged across output heads.

eight retired features. None remained; after owner review, the
corresponding dataset columns were removed and their feature-
materialization jobs decommissioned.

Table 2 reports the offline outcomes and resulting efficiency gains.
The parameter, throughput, and inference-cost gains follow directly
from the smaller model, and together reduced annual infrastructure
cost by hundreds of thousands of dollars. Completing deprecation
across the feature lineage added dataset-storage and training-loop
savings beyond those available from a single-model launch.

Diagnostic use. Beyond its utility in identifying candidates for fea-
ture deprecation, the feature-importance report serves as a critical
diagnostic mechanism for explaining why a deep learning architec-
tural change had its observed effect. For example, in the residual-
connection layer design for non-engagement features in the ranker
model, the objective is to reduce the model’s over-reliance on
engagement-biased signals and elevate content and quality sig-
nals in the decision process. FORTE quantifies the over-reliance
directly: in the baseline ranker, the ratio of APR-AUC from ablating
non-historical features versus historical features sits well below
100%, confirming that the model leans disproportionately on his-
torical signals [8, Fig. 2(a)]. The per-feature APR-AUC distribution
under the residual variant shifts more negative for non-historical
features relative to the baseline, indicating that the residual con-
nection raises the model’s reliance on those features as designed [8,
Fig. 6(a)]. Reading the full importance ranking turns FORTE into a
tool for implementation validation, not only post-hoc interpreta-
tion.

8 Discussion and Conclusion

FORTE combines scalable daily feature evaluation with validation
and lineage tracking to support production feature deprecation and
infrastructure savings.

8.1 Limitations

FORTE prioritizes scalable feature-deprecation decisions over full
causal attribution. This choice creates limitations. Marginal permu-
tation does not achieve conditional PFI [23], so correlated features
can receive inflated or deflated importance scores. FORTE also
measures first-order importance for individual features or manu-
ally configured groups, which can miss features that matter only
through interactions.

Temporal feature importance is computed against a model held
fixed within each analysis window, making changes interpretable
as data drift. New windows refresh to the current production check-
point, so trend comparisons are scoped to a single checkpoint.



The two-stage downsample provides an approximate shuffling,
trading exactness for runtime; we do not claim it is equivalent to a
uniform shuffle.

We apply a single random permutation (R = 1) to each batch
by default. R is exposed as a hyper-parameter, and each additional
repeat multiplies the number of perturbation experiments; batch
size and total dataset size also bear on the resulting variance. Sec-
tion 5.1 provides a finite-sample analysis and empirical stability
measurements supporting this operating choice; the measurements
cover two heads of one production model and do not establish the
choice for every model or metric.

We share two examples on Pinterest models; the efficiency find-
ings in particular depend on model characteristics and should not
be read as architecture-independent.

The production workflow is designed around these limitations.
Candidate features are selected conservatively across all heads,
evaluated jointly through grouped perturbation, removed through
retraining, and validated through online A/B testing before removal.
Future work will focus on automatic interaction discovery, condi-
tional importance estimates for correlated features, and alerts for
feature failures and data-quality changes over temporal importance
series.

Ethical Considerations

A feature removal that is neutral in aggregate can still degrade
quality for subpopulations the aggregate does not reflect. FORTE
mitigates this with metric-layer segmented evaluation, applied in
this work as US versus non-US traffic. Two coarse geographic seg-
ments cannot resolve effects across the more than 45 languages the
Search Relevance model serves, and can conceal within-segment
harm; this is one mitigation with limited resolution, not a fairness
result. Deployments should monitor at the granularity their traffic
warrants, whether per-language, per-geography, or per-traffic-slice,
chosen for the population actually served.

We note a risk the framework itself introduces. Deprecation
errors surface as aggregate metric regressions, which is precisely
the measurement that hides distributional harm; making removal
cheap and routine increases the throughput of a decision whose
failure mode is unevenly distributed.

Removing unused features reduces the compute, storage, and
serving footprint of a model. Our measured effects are a reduced
parameter count, higher serving throughput, and lower storage foot-
print; removal is expected to reduce energy use as a consequence,
but we did not measure power, accelerator-hours, or emissions and
make no quantitative energy claim.
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