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ABSTRACT
Context: AI-assisted coding tools have altered software produc-
tion. At Meta, signi!cant lines of code per human-landed di" grew
by 105.9% year over year and per-developer di" volume rose 51%,
with agentic AI responsible for over 80% of that growth. Meanwhile,
the share of di"s receiving timely review has declined, exposing a
widening gap between code supply and reviewer bandwidth.Objec-
tive: We ask three questions that progress from feasibility through
calibration to impact: (1) can risk-strati!ed automation operate at
scale across diverse organizations, (2) how does tuning the risk
threshold a"ect the trade-o" between automation yield and safety,
and (3) to what extent does automated review reduce end-to-end
latency for AI-generated changes? Method: We deployed RADAR
(Risk Aware Di" Auto Review), a multi-stage funnel that classi!es
each di" by authorship and source type, applies eligibility gates,
static heuristics, a machine-learned Di" Risk Score, LLM-based Au-
tomated Code Review, and deterministic validation before landing
qualifying changes. We evaluate RADAR through telemetry cover-
ing 535K+ RADAR-reviewed di"s, observational before–after com-
parisons for policy changes, and di"erence-in-di"erences analysis
of e#ciency outcomes. Results: RADAR has reviewed 535K+ di"s
and landed 331K+. Relaxing the Di" Risk Score threshold from the
25th to the 50th percentile resulted in the approve rate to 60.31%.
The revert rate for RADAR-reviewed di"s is 1

3 that of non-RADAR
di"s, and the Production Incident (PI) rate is 1

50 that of non-RADAR
di"s. Compared to human-reviewed di"s, RADAR reduces median
time to close by over 330% and median di" review wall time by 35%.
Conclusion: Risk-aware layered automation can materially reduce
review bottlenecks created by AI-driven code growth without com-
promising production safety during incremental rollout.
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1 INTRODUCTION
Code review is a practice in modern software development. It im-
proves correctness and maintainability. Historically, at Meta, re-
viewer capacity and tooling improvements have been su#cient to
keep review latency within acceptable bounds. However, the pro-
cess of code creation is changing, and the assumptions behind re-
view at scale are being challenged. Over the last year, signi!cant
lines of code per human landed di" increased by +105.9% year over
year, and di"s per developer per month increased by 51% year over
year, with 80%+ of that increase attributed to agentic AI assistance.
In parallel, the percentage of di"s reviewed within 24 hours is drop-
ping. Together, these trends suggest that the rate of code creation is
rising faster than human review capacity. In some large groups, we
observed thousands of pending di" reviews, illustrating the problem
of review backlogs. In this setting, a work$ow that relies on humans
reading most di"s does not scale, and we need mechanisms that pre-
serve rigor while shifting scarce human attention toward changes
where judgment and accountability are most bene!cial. To address
this problem, we deployed RADAR, (Risk Aware Di" Auto Review),
an end to end funnel that automates review and landing for a subset
of low to medium complexity di"s while routing higher risk di"s
to human review. RADAR combines eligibility checks, static heuris-
tics, Di" Risk Scoring, LLM based automated code review, and de-
terministic validation checks. Rather than attempting to replace
code review broadly, RADAR targets automation to di"s that sat-
isfy conservative safety criteria and provides operational controls
to support incremental rollout and tuning. In this paper, we report
production outcomes from the rollout of RADAR and organize our
evaluation around three research questions that trace a logical pro-
gression from feasibility through calibration to developer impact:
RQ1 (Feasibility): Can risk-strati!ed automation operate at produc-
tion scale, absorbing a meaningful share of review volume across di-
verse organizational contexts? RQ2 (Calibration): How does adjusting
the risk threshold governing automation eligibility a"ect the trade-
o" between automation yield and safety outcomes? RQ3 (Impact): To
what extent does automated review reduce end-to-end review latency
for AI-generated code changes? Our results indicate that RADAR can
operate at meaningful scale and is associated with large e#ciency
gains. To date, RADAR has reviewed 535K+ di"s and landed 331K+
di"s, reaching 25K+ di"s/day. The current RADAR-approve rate is
60.31%, with a revert rate 1

3 that of non-RADAR di"s and a PI rate
1
50 that of non-RADAR di"s. Compared to human-reviewed di"s,
RADAR reduces median time to close by over 330% and median
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di" review wall time by 35%. This paper makes three contributions.
First, we describe an end to end production work$ow for risk aware
automation of code review and landing (RACER), including distinct
pipelines for automated sources and human authored di"s. Second,
we present a di"erentiated eligibility model (Section 2.7) that ap-
plies distinct criteria to di"erent automation source types, including
deterministic codemods, AI-generated codemods, RACER runbooks
with per-runbook risk history and volume controls, and human au-
thored di"s with author and scope constraints. Third, we provide
an initial empirical characterization of the rollout at scale, including
throughput, calibration, and e#ciency outcomes. These !ndings
have implications for how organizations adapt review work$ows
under rapidly increasing di" volume and AI assisted code creation.
The remainder of this paper is structured as follows. Section 2 pro-
vides background on review at Meta, describes the RADAR process,
and presents the di" eligibility model that determines which di"s
qualify for automation based on authorship type, source classi!ca-
tion, and organizational con!guration. Section 3 presents our study
design and metric de!nitions. Section 4 reports results for the three
research questions. Section 6 discusses threats to validity and we
conclude with implications for future review automation.

2 BACKGROUND, MOTIVATION, AND RADAR
PROCESS

2.1 Software Development at Meta
Meta develops software for both server side services and client fac-
ing products, including specialized hardware devices. This approach
supports frequent software updates and provides strong control
over versioning and con!gurations. At Meta, this deployment strat-
egy has cultivated a routine of frequently pushing new code to pro-
duction. Before a change is deployed, it typically undergoes peer
review, automated testing, and staged rollout practices, including
canary and incremental deployments. After deployment, engineers
monitor logs and other telemetry to detect potential issues and to
support rapid rollback when necessary. Code review is a standard
part of software development at Meta and serves multiple functions
[23]. First, it encourages authors to maintain high coding standards
because changes will be examined by peers. Second, reviewers can
catch defects, improve readability, and suggest alternative designs.
These bene!ts are important in a large organization and become
more important as the codebase evolves and as engineers change
projects. Meta uses Phabricator1 to support contemporary code re-
view and continuous integration. Developers submit code changes
that are referred to as di"s at Meta, describe the change and test
plan, and then request review from one or more reviewers or re-
viewer groups. Reviewers provide feedback through inline com-
ments and actions, and authors iterate through additional revisions
until the di" is accepted and incorporated into the codebase, which
is called landing, or until the di" is abandoned. Phabricator and ver-
sion control systems together provide the operational data needed
to study review work$ows. Phabricator tracks di"metadata, author
and reviewer actions, timestamps for major lifecycle events, and the
current state of each di". A di" consists of one or more patches rep-
resenting the initial version of a change and subsequent revisions

1http://phabricator.org

made in response to review feedback. This paper focuses on review
at Meta under rapidly increasing change volume, and on work$ow
support that combines automation with conservative policy and
validation to help scale review without removing accountability.

2.2 RACER
RACER, Risk-Aware Code Editing and Refactoring, is Meta’s GenAI-
powered tool for automating code changes at scale. RACER enables
developers to delegate well-de!ned coding tasks, such as dead code
removal, reducing cyclomatic complexity, framework migrations,
lint !xes, and test generation, to an AI agent that generates di"s
for human review. RACER operates through runbooks, which are
pre-con!gured prompts that encode the instructions, constraints,
and context for a speci!c type of code change. When a task is as-
signed, RACER picks it up, generates the code change in a sand-
boxed environment, runs veri!cation steps, and submits the re-
sulting di". Developers review the di" and can provide feedback
through inline comments; RACER iterates on the di" in response
to feedback, retrying on build, test, or static analysis errors. At the
time of this study, RACER was landing approximately 3,000 di"s
per week, with 59% of changes landing without human revisions.
RACER also supports autonomous codebase maintenance through
RACER Maintainer, which manages the full lifecycle of bulk code
changes: discovering issues from code quality dashboards, creating
tasks, generating di"s, assigning reviewers, and managing the di"
queue. This mode is used for high-volume use cases such as cyclo-
matic complexity reduction, quality insight remediation, broken test
!xes, and framework migrations. RACER is relevant to RADAR be-
cause RACER-generated di"s are one of the primary sources of bot-
authored di"s that enter the RADAR pipeline. When RACER run-
books are onboarded to RADAR, their di"s can be RADAR-reviewed
and RADAR-landed through the ACE policy (Section 2.8) without
requiring any human review, provided they pass all safety checks.

2.3 Di! Risk Score
Di" Risk Score (DRS) is a machine learning model that predicts how
likely a di" is to cause a negative outcome, primarily a production
incident (PI). DRS assigns a continuous risk score to every di" and
is optimized for high recall at a given percentage of di"s $agged:
for example, $agging 10% of di"s while catching 60% of PI-causing
changes. The score is expressed as a percentile (PX), where PX
means that only the lowest-risk X% of di"s qualify for a given
threshold. A lower threshold is more conservative: P5 means only
the safest 5% of di"s pass, while P50 means the safest 50% pass. DRS
was originally developed as a signal for the OrgA to allow low-risk
di"s to land during code freezes. It has since evolved into a broader
risk platform that powers approximately 20 risk-aware features
across Meta, including accept-to-ship work$ows, cherry-pick risk
assessment for mobile releases, code refactoring prioritization, and
reviewer recommendations for high-risk di"s. In RADAR, DRS
serves as a gating mechanism at multiple stages of the pipeline.
For AI and bot di"s, DRS thresholds determine whether a di" is
eligible for RADAR-landing: allowlisted RACER runbooks use a
P50 threshold, while non-allowlisted sources use a stricter P20
threshold (Section 2.8). For human-authored di"s, the default DRS
threshold is P5, meaning only the lowest-risk 5% of di"s qualify;

http://phabricator.org
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RADAR Approval applies additional constraints to waive deferred
review entirely (Section 2.9). Each organization can con!gure its
own DRS thresholds based on its risk appetite.

2.4 Automated Code Review
Automated Code Review (ACR) is an LLM-based code review agent
that reads and interprets the actual code changes in a di", going be-
yond metadata and static heuristics to provide semantic understand-
ing of what was changed. ACR is integrated into Meta’s code review
work$ow and serves two roles: providing comprehensive review
feedback (general and inline comments) for di" authors and review-
ers, andmaking automated accept or reject decisions for the RADAR
pipeline. The ACR evaluation pipeline classi!es each change in a
di" against a set of prede!ned safe and risk signals. Safe signals in-
clude refactoring without behavioral change, dead code removal, de-
fensive programming additions, logging additions, pure formatting
changes, documentation and comment updates, import hygiene,
test additions, and static resource updates. Risk signals include high
calculated review e"ort (complexity score of 4 or above), substan-
tial structural changes, identi!ed bugs or logic errors, performance
risks, and security vulnerabilities such as secrets exposure, SQL in-
jection, or authentication bypasses. For a di" to be auto-accepted,
ACR requires a con!dence score of at least 8 out of 10, with all
changes classi!ed into safe categories. If any risk signal is detected,
the di" is automatically disquali!ed from auto-acceptance. This con-
servative acceptance criterion ensures that only changes with high
con!dence of safety proceed through the automated pipeline. ACR
adds a critical layer of semantic understanding that static heuristics
cannot provide. Static checks operate on metadata, !le paths, and
thresholds, but they cannot determine what a code change actually
does. ACR enables RADAR to approve changes that static checks
might $ag as risky but are actually safe, such as large but trivial
refactors or mechanical dead code cleanup, and to catch subtle risks
that pattern matching cannot detect, such as logic errors or unin-
tended behavioral changes. Together with its successor DCR, ACR
forms the RADAR Review Agent, the AI-powered code review en-
gine used in both the ACE pipeline for bot di"s (Section 2.8) and the
RADAR Veri!cation pipeline for human-authored di"s (Section 2.9).

2.5 Motivation: Review at Scale
Code review is an important activity in the software development
lifecycle that improves correctness, reliability, and shared under-
standing. At Meta, it is also a primary coordination mechanism, as
engineers rely on review to align changes across a large monorepo.
However, the nature of code creation have shifted. Over the last
year, signi!cant lines of code per human landed di" increased by
+105.9% year over year, and di"s per developer per month increased
by 51% year over year, with 80%+ of that increase attributed to agen-
tic AI assistance. In parallel, the percentage of di"s reviewed within
24 hours is dropping. These trends indicate that code creation has
accelerated, while review remains constrained by human attention
and calendar time. To help the reader interpret these shifts, Figure 1
summarizes the year over year trends in di" size, di" volume, and re-
view timeliness that motivate this work. The scaling pressure is vis-
ible in product areas with high di" volume. In this context, our goal
is to preserve rigor while shifting human attention toward changes

that require human judgment, and toward di"s that are more likely
to introduce risk. This motivates a process where routine low risk
di"s can proceed with minimal human involvement, and higher
risk di"s are routed to appropriate reviewers with clear ownership.

2.6 RADAR Overview
RADAR, Risk Aware Di" Auto Review, is our approach to scaling
review capacity while maintaining safety. RADAR is designed as an
end to end funnel rather than a single model. The funnel combines
static heuristics, Di" Risk Scoring, and an LLM based automated
review agent, and it uses conservative policy gates and operational
controls to manage risk. RADAR is designed to support incremental
rollouts. We gate automation by authorship type and eligibility,
we enforce onboarding requirements for automated sources, and
we include operational controls that allow us to pause automation
for use cases that trigger safety incidents. These controls allow
us to expand coverage gradually, monitor outcomes, and adjust
thresholds without changing the user facing review tool.

2.7 Di! Eligibility
The important design decision in RADAR is how di"s are classi!ed
and whether they are eligible for automated review and landing. El-
igibility is not a single check but a layered evaluation that depends
on the authorship type of the di", the speci!c automation source,
and the organizational context. This subsection describes the eligi-
bility model as a contribution distinct from the pipeline mechanics,
because the eligibility determination itself encodes the risk man-
agement strategy and explains the scope of automation. Figure 2
illustrates the eligibility classi!cation tree that routes each di" to
the appropriate review path based on authorship type and automa-
tion source.

2.7.1 Authorship Classification. RADAR !rst classi!es each di" by
authorship type: human authored or bot authored. Bot authored
di"s are further classi!ed by their automation source, which deter-
mines the speci!c eligibility path. This classi!cation is important
because human and bot di"s di"er in risk pro!le and volume char-
acteristics. Human authored di"s enter the RADAR Veri!cation and
Approval pipeline (Section 2.9), where eligibility depends on au-
thor attributes and di" metadata. Bot authored di"s enter the ACE
pipeline (Section 2.8), where eligibility depends on the automation
source, its track record, and per-source con!guration.

2.7.2 Bot Di! Eligibility by Source Type. Not all bot di"s are treated
equally. RADAR distinguishes three categories of automation sources,
each with a distinct eligibility model:

Deterministic codemods (Blanket AutoAccept). CodemodService
supports deterministic code transformations such as API migra-
tions, import reorganization, and mechanical refactoring. When a
codemod is classi!ed as deterministic, meaning the transformation
is fully speci!ed and does not involve LLM generation, it can be
approved through a Blanket AutoAccept policy. Di"s from these
codemods bypass per-di" AI review entirely because the transfor-
mation itself has been vetted at the codemod level rather than at
the di" level. This is the least restrictive eligibility path, and it re-
quires that the codemod has been reviewed and approved for blan-
ket auto-acceptance.
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Figure 1: Scale pressure on code review at Meta. Over the last year, signi"cant lines of code per human landed di! increased by
+105.9% year over year, and di!s per developer per month increased by 51% year over year, with 80%+ of that increase attributed
to agentic AI assistance. In the same period, the percentage of di!s reviewed within 24 hours dropped, indicating that review
capacity is not keeping pace with code creation.
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Figure 2: Di! eligibility classi"cation in RADAR. Each di! is "rst classi"ed by authorship type (human or bot), then bot di!s
are further classi"ed by automation source. Deterministic codemods can bypass per-di! AI review through Blanket AutoAccept.
AI-generated codemods require per-di! ACE evaluation. RACER runbooks must pass per-runbook eligibility checks (risk
history, daily limits, denylist) before entering the ACE pipeline with runbook-speci"c DRS thresholds. Human di!s must
satisfy author eligibility, scope, and content constraints before entering the RADAR Veri"cation and Approval pipeline.

AI-generated codemods (Conditional AutoAccept). When a Code-
modService con!guration uses LLM-based generation, meaning
each di" may vary depending on the code context and model out-
put, the di"s cannot be blanket-approved. Instead, each di" must
individually pass through the ACE pipeline, including Di" Risk

Scoring and Automated Code Review. This Conditional AutoAccept
path ensures that the variability inherent in AI-generated changes
receives per-di" scrutiny.
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RACER runbooks. RACER-generated di"s (Section 2.2) follow the
most granular eligibility model. Each RACER runbook is indepen-
dently evaluated for eligibility based on four criteria:
(1) Risk history heuristics. Each runbook must demonstrate a

clean track record over a 60-day lookback window: zero PIs, a
low revert rate, a low human rejection rate, and a minimum
number of landed di"s to establish statistical con!dence.

(2) Per-runbook daily limits. To prevent any single runbook
from $ooding the commit queue, daily RADAR-landing caps
are enforced. Default limits are conservative, but runbooks with
established safety records can be elevated to higher limits (up
to 2,000 di"s per day for high-volume use cases).

(3) Per-runbook DRS thresholds. Di" Risk Score thresholds
are con!gured per runbook. Allowlisted runbooks with strong
safety records use a relaxed P50 threshold, while non-allowlisted
runbooks use the stricter default P20 threshold.

(4) Denylist. Speci!c runbooks that have caused incidents or that
target sensitive areas are permanently blocked from RADAR-
landing. Additionally, runbooks whose names contain certain
keywords (e.g., “test”) are excluded to avoid automating changes
to test infrastructure without human oversight.

This per-runbook granularity is a distinctive feature of RADAR’s
eligibility model: two RACER runbooks may have identical code
transformations, but if one has a history of reverts, it will be blocked
while the other proceeds.

2.7.3 Human Di! Eligibility. Human authored di"s are eligible for
automated review through RADAR Veri!cation (Section 2.9) when
they satisfy author, scope, and content constraints:
(1) Author eligibility. The author must satisfy internal eligibility

criteria, including role/experience and operational ownership
requirements. These criteria ensure that automated review is
applied to di"s from engineers who have established context
and accountability.

(2) Scope exclusions. Di"s that touch open-source code, SOX-
scoped code, or code requiring additional reviews are excluded.
These exclusions protect areas where constraints require hu-
man judgment.

(3) Di! state constraints. The di" must not be work-in-progress,
a request for comments, or previously rejected. It must be the
latest published version, and CI signals must be in an allowed
state.

(4) Content-level checks. The di" must not contain blocklisted
code phrases, and must not touch !les matching su#x or pre!x
blocklists for certain con!gurations and paths.

2.7.4 Organizational Configuration. Eligibility thresholds are not
!xed globally. Each organization can con!gure its own risk appetite
through OrgRADARPolicyCon!g, which controls DRS thresholds,
whether deferred review is enabled, and which automation sources
are permitted. For example, OrgA uses a relaxed bot DRS thresh-
old (e"ectively bypassing DRS gating for bot di"s and relying on
ACR directly), while other organizations maintain stricter defaults
managed by the OrgB team. This organizational con!gurability al-
lows RADAR to operate across diverse risk environments within
the same company. Table 1 summarizes the eligibility criteria by
di" source type.

2.8 RADAR Pipeline for AI and Bot Di!s
For bot di"s that pass the eligibility checks described in Section 2.7,
RADAR uses a policy called ACE, AI Commit Eligibility. ACE is
intended to allow changes from automated sources to land with-
out any human review when they satisfy strict safety criteria. As
shown in Figure 3, di"erent bot source types follow distinct paths
through the pipeline: deterministic codemods with Blanket AutoAc-
cept bypass ACE entirely, while AI-generated codemods and eligible
RACER runbooks enter the ACE pipeline with source-speci!c DRS
thresholds. The ACE pipeline evaluates each entering di" using
three validation layers that must all pass: static heuristics, Di" Risk
Scoring thresholds, and Automated Code Review. Figure 3 shows
the ACE pipeline, including the di"erentiated paths for each bot
source type and the outcomes of auto land versus routing to human
review. The ACE pipeline evaluates each bot di" through three val-
idation layers, all of which must pass. The !rst layer applies static
heuristics that !lter out di"s violating hard constraints: the di"
must not be open source, must not require additional reviews, must
not touch SOX-scoped code, and must originate from an onboarded
automation source, either a RACER runbook (Section 2.2) or a vet-
ted CodemodService con!guration. Only automation sources with
an established track record of safe landings, low revert rates, and
non-controversial changes are eligible for onboarding. The second
layer evaluates the Di" Risk Score (Section 2.3), comparing it against
con!gurable thresholds based on organizational risk appetite. For
OrgA and partner organizations, allowlisted runbooks with estab-
lished safety records are assigned a P50 threshold, meaning that the
safest 50% of di"s qualify. Non-allowlisted runbooks and other AI
bots are subject to a stricter P20 threshold. In other organizations,
default DRS thresholds are maintained by the OrgB team. The third
layer is the RADAR Review Agent (Section 2.4), which uses an LLM
to read the actual code changes and classify them against safe and
risk signals. The review agent veri!es that no business logic requir-
ing human judgment was updated, and detects safe non-functional
patterns such as dead code removal, refactoring, error handling
improvements, logging additions, and test updates. For functional
changes, it evaluates whether the changes are correct and low-risk
enough to not require human review. If any risk signal is detected,
the di" is rejected and routed to human review. Because AI and
bot di"s can be produced at high volume, the ACE pipeline also in-
cludes operational limits to prevent $ooding, including limits on
auto landing windows and caps on di"s per runbook per day, such
as limiting RACER runbooks to 10 to 2000 di"s generated per day.
Approved bot di"s land after a con!gurable delay, during which a
human reviewer can still reject the di". We also implement feedback
loops to monitor the funnel, identify blockers, and tune thresholds.

2.9 RADAR Pipeline for Human Authored Di!s
For di"s authored by humans, RADAR uses a two-step process:
RADAR Veri!cation followed by RADAR Approval. RADAR Veri!ca-
tion determines whether a human-authored di" can safely landwith
a deferred post-land human review. RADAR Approval then evalu-
ates veri!ed di"s against stricter criteria to determine whether the
deferred review can be waived entirely, meaning no human review
is required. Both steps combine static heuristics, Di" Risk Score



Table 1: Summary of RADAR di! eligibility criteria by source type. Each source type has distinct eligibility requirements that
re#ect its risk pro"le and operational characteristics.

Criterion Deterministic Codemod AI Codemod RACER Runbook Human Author
Pipeline Blanket AutoAccept ACE ACE RADAR Veri!cation + Ap-

proval
Per-di" AI review No Yes (ACR) Yes (ACR) Yes (ACR)
DRS gating No Yes Yes Yes (per-org con!gurable)
Risk history required No (codemod-level review) No Yes (60-day lookback) No
Daily volume limits No No Yes (per runbook) No
Author/source vetting Codemod approval Codemod con!g review Runbook onboarding Eligible role, oncall, tenure
Scope exclusions Standard Standard Standard + denylist Standard + !le blocklists

ACE Pipeline (bot diffs from Fig. 2)

Deterministic
Codemod

Blanket
approved?

AI Codemod
Safety Checks

(scope, SOX, OSS,
content blocklists)

RACER
Runbook

Per-runbook:
risk history,

daily limit, denylist

no

Auto-land
(no per-diff review)

yes

DRS Threshold

pass
Human
Review

fail

pass

fail

RADAR Review Agent
(ACR / LLM Review)

pass

fail

Landing Queue
(24h delay)

pass

fail

Auto-land

Figure 3: RADAR pipeline for AI and bot di!s. Di!erent bot source types follow distinct paths. Deterministic codemods with
Blanket AutoAccept bypass the ACE pipeline entirely. AI-generated codemods enter the ACE pipeline directly. RACER runbooks
must "rst pass per-runbook eligibility checks (risk history, daily limits, denylist) before entering ACE with runbook-speci"c
DRS thresholds. Within ACE, all di!s pass through three layers: safety checks, Di! Risk Score, and the RADAR Review Agent
(LLM-based code review). Approved di!s land after a con"gurable delay. Failure at any stage routes the di! to human review.

(Section 2.3), and the RADAR Review Agent (Section 2.4) in a lay-
ered funnel where all checks must pass. The author always retains
full control: they can ship with RADAR Approval, wait for a human
reviewer, or return the di" to “Needs Review” status. RADAR Veri-
!cation operates in three sequential groups. The !rst group applies
eligibility checks based on metadata and safety constraints. Di"
status and marker checks require that the di" must not be work-in-
progress or a request for comments, must not have been rejected,
must not be in code freeze, and must be the latest published ver-
sion. Author eligibility requires an eligible role (SWE job family
including management, Data Engineers, Data Scientists, or anyone
who has committed more than 10 di"s in the past year), with SWE
interns requiring at least 60 days of employment, and an associated
operational oncall rotation. Scope exclusions !lter out open-source
di"s, SOX-scoped code, and di"s requiring additional review. Addi-
tionally, Continuous Integration (CI) signals must be in an allowed
state. The second group applies content-level checks: di" content
must not contain blocklisted code phrases, and the di" must not
touch !les matching su#x or pre!x blocklists. The third group in-
vokes the RADAR Review Agent for LLM-based semantic analy-
sis of the code changes, combined with DRS evaluation against a
con!gurable threshold (P5 default, meaning only the lowest-risk
5% of di"s qualify). If the di" passes all three groups, the author is
noti!ed that the di" is veri!ed and can ship immediately with a
deferred review. Veri!ed di"s are then automatically evaluated by

RADAR Approval against stricter criteria. Di"s that pass receive
RADAR Approval, meaning no human review is required—not even
deferred. Figure 4 shows the two-step pipeline from RADAR Ver-
i!cation through RADAR Approval. RADAR Veri!cation checks
metadata such as author eligibility, safety constraints, and di" sta-
tus. It then applies content-level checks and invokes the RADAR Re-
view Agent for semantic code analysis, combined with DRS evalua-
tion against the con!gured threshold. After veri!cation, the author
can ship the di" with deferred review. RADAR Approval then eval-
uates the veri!ed di" against stricter criteria to determine whether
the deferred review can be waived entirely, so that no human re-
view is required. This section provides the context and the process
used in the remainder of the paper. In the following sections, we
describe our evaluation methodology and outcome metrics, and we
report on controlled experiments that measure both goal outcomes
and guardrail outcomes of RADAR interventions.

3 STUDY DESIGN
In this paper, we evaluate RADAR, Risk Aware Di" Auto Review, an
end to end funnel that combines eligibility checks, static heuristics,
Di" Risk Scoring, LLM based automated code review, and deter-
ministic validation checks. Our goal is to characterize how RADAR
performs as it scales, and to quantify observed associations with
e#ciency outcomes while reporting safety related outcomes that
are monitored during rollout. The evidence available for RADAR in
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Step 1: RADAR Verification (human diffs from Fig. 2) Step 2: RADAR Approval

Human
Diff

Eligibility Checks
(diff status, author role,
oncall, CI, scope, SOX)

Content Checks
(blocklisted phrases,

path blocklists)

pass

Needs Review
(not eligible)

fail

RADAR Review Agent
(ACR: code quality
+ DRS: P5 default)

pass

fail

Verification Pass
(deferred review

eligible)

pass

fail

Author Ships
(deferred review)

RADAR
Approval
checks

RADAR Approved
(no review needed)pass

Deferred Review
(human review)

fail

Author Lands
(after human review)

Figure 4: RADAR pipeline for human authored di!s. Step 1 (RADAR Veri"cation) evaluates di!s through eligibility checks,
content checks, and the RADAR Review Agent with DRS thresholds (P5 default) to determine whether a di! can ship with
deferred human review. Step 2 (RADAR Approval) applies stricter criteria to veri"ed di!s; those that pass require no human
review at all. Failure at any veri"cation stage routes the di! to standard human review.

this paper is based on production rollouts, descriptive operational
measurement at launch scale, observational comparisons across
time, and di"erence in di"erences style comparisons over large
datasets. We structure our evaluation around three research ques-
tions. Each research question is answered using the measurement
de!nitions described in Section 3. we report time windows at the
level of weeks and months.

RQ1 (Feasibility): Automated handling at scale. Can risk-strati!ed
automation operate at production scale, absorbing a meaningful share
of review volume across diverse organizational contexts? For RQ1, we
report descriptive operational measurements from the production
rollout. The unit of analysis is the di". We report aggregate counts
for RADAR reviewed di"s and RADAR landed di"s, peak daily
throughput for RADAR reviewed di"s, the number of organizations
covered, and safety outcomes including reverts and PIs.

RQ2 (Calibration): Risk threshold tuning. How does adjusting the
risk threshold governing automation eligibility a"ect the trade-o" be-
tween automation yield and safety outcomes? For RQ2, we evaluate a
production policy change where the Di" Risk Score threshold was
relaxed from p25 to p50. This is an observational comparison across
time, where the unit of analysis is the di". We report changes in
automation yield, measured by RADAR approve rate, and changes
in deterministic validation outcomes, measured by RADAR Veri!-
cation pass rate We also report safety related outcomes that were
monitored during the same period, including PIs and reverts.

RQ3 (Impact): Review e#ciency for AI-generated di"s. To what
extent does automated review reduce end-to-end review latency for
AI-generated code changes? For RQ3, we use a large scale, di"erence
in di"erences style comparison to estimate changes in time to close
and di" review wall time for AI generated di"s as RADAR coverage
increases. The unit of analysis is the di". Because the analysis is
not based on random assignment and we do not provide the full
speci!cation of the underlying model, we report the measured
deltas as observational estimates.

Metrics. Across all research questions, we report throughput and
coverage measures, automation yield and validation measures, e#-
ciency measures, and safety related measures that were monitored
during rollout. Table 2 summarizes the study design for each re-
search question and the reporting windows. Table 3 summarizes
the metrics used in each research question.

4 RESULTS
4.1 RQ1 (Feasibility): Automated Handling at

Scale
Can risk-strati!ed automation operate at production scale, absorbing
a meaningful share of review volume across diverse organizational
contexts? RADAR was designed to address a review capacity bot-
tleneck, where review capacity is constrained by human attention,
while code creation has accelerated. Over the last year, signi!cant
lines of code per human landed di" increased by +105.9% year over
year and di"s per developer per month increased by 51% year over
year, with 80%+ of that increase attributed to agentic AI assistance.
The growing review queuemotivated an approach that shifts human
attention toward higher risk changes and uses automation for eligi-
ble low risk di"s. Table 4 shows that RADAR has reached substantial
scale, reviewing 535K+ di"s and landing 331K+ di"s. Daily through-
put reached 25K di"s RADAR-reviewed. The revert rate is 1

3 that
of non-RADAR di"s, and the PI rate is 1

50 that of non-RADAR di"s.
These scale and safety outcomes indicate that an end to end funnel
that combines eligibility checks, Di" Risk Scoring, LLM based auto-
mated code review, and deterministic validation can operate at a
volume that is relevant to the review backlog problem while main-
taining strong safety outcomes. An important implication is that
automation can absorb a portion of routine di" volume without re-
quiring a proportional increase in human reviewer capacity. Given
that the percentage of di"s reviewed within 24 hours is dropping,
throughput improvements of this magnitude can matter even if the
automation scope is limited to low and medium complexity di"s.

RADAR has reviewed and landed thousands of di"s, with
daily throughput reaching 25K di"s reviewed. The revert
rate is 1

3 that of non-RADAR di"s, and the PI rate is 1
50 that

of non-RADAR di"s.

4.2 RQ2 (Calibration): Risk Threshold Tuning
How does adjusting the risk threshold governing automation eligi-
bility a"ect the trade-o" between automation yield and safety out-
comes? Di" Risk Scoring is the main mechanism in RADAR that
determines which di"s are eligible for more aggressive automa-
tion. A stricter threshold reduces risk but limits automation yield,
while a relaxed threshold can widen the approval envelope and in-
crease throughput. As part of calibration, we relaxed the Di" Risk
2All PIs were manually reviewed by domain experts and none were deemed to have
been detected by a human reviewer



Table 2: Overview of the study design used to evaluate RADAR. The evidence includes descriptive operational measurement,
observational comparisons across time, and di!erence in di!erences style comparisons over large datasets.

RQ Description Method Unit Time period / scale
RQ1 Throughput and coverage during rollout Descriptive operational

measurement
Di" 535K+ RADAR reviewed

di"s, 331K+ RADAR landed
di"s.

RQ2 Policy change, p25 to p50 Observational comparison
across time

Di" Threshold changed from
p25 to p50, 535K+ RADAR
reviewed di"s

RQ3 E#ciency for AI generated di"s Di"erence in di"erences
style comparison over
large datasets

Di" 535K+ di"s reviewed by
RADAR

Table 3: Metrics used to evaluate RADAR by research question.

Metric Description RQ1 RQ2 RQ3
RADAR reviewed di"s Number of di"s processed by RADAR Yes NA NA
RADAR landed di"s Number of di"s landed by RADAR Yes NA NA
Daily throughput Peak daily di"s RADAR reviewed Yes NA NA
Coverage Number of organizations covered Yes NA NA
RADAR approve rate Fraction of eligible di"s that are RADAR approved NA Yes NA
Veri!cation pass rate Fraction of di"s passing RADAR Veri!cation NA Yes NA
Time to close End to end time from di" publish to di" close (median) NA NA Yes
Di" review wall time Wall time di"s spend waiting for and undergoing review (median) NA NA Yes
Reverts Count of landed di"s that are reverted Yes Yes NA
PIs Count of safety incidents attributable to landed di"s Yes Yes NA

Table 4: RQ1. Descriptive operational outcomes for RADAR.

Metric Name Reported Value
RADAR reviewed di"s 535,290
RADAR landed di"s 331,720
Reverts (out of RADAR reviewed di"s) 1

3 the rate of non-RADAR di"s (p-val< 1𝐿16 Fisher’s exact test)
PIs (out of RADAR reviewed di"s) 1

50 the rate of non-RADAR di"s2(p-val< 1𝐿6 Fisher’s exact test)

Table 5: RQ2. Observational outcomes associated with relaxing the Di! Risk Score threshold from p25 to p50. We report
aggregate values and do not report statistical tests.

Metric Name Reported Value
DRS threshold policy change p25 to p50
RADAR approve rate (L7, current) 60.31%
RADAR Veri!cation pass rate (L7, current) 26.31%
Reverts across 535K+ RADAR reviewed di"s 1

3 the rate of non-RADAR di"s
PIs across 535K+ RADAR reviewed di"s 1

50 the rate of non-RADAR di"s

Score threshold from p25 to p50. Table 5 shows that after calibra-
tion, the current RADAR-approve rate reached 60.31% (L7) and the
RADAR Veri!cation pass rate is 26.31% (L7). These results indicate
that tuning the risk threshold improved the e#ciency of the funnel,
both by allowing more di"s to progress and by reducing friction at
validation stages. Safety is an explicit constraint for automated re-
view/landing work$ow. Across 535K+ RADAR-reviewed di"s, the
revert rate is 1

3 that of non-RADAR di"s, and the PI rate is 1
50 that

of non-RADAR di"s. While this is not a causal estimate, it is an im-
portant operational indicator that widening the approval envelope
has not been associated with safety degradation at scale.
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After relaxing the Di" Risk Score threshold from p25 to p50,
the RADAR-approve rate reached 60.31%. Across 535K+
RADAR-reviewed di"s, the revert rate is 1

3 and the PI rate
is 1

50 that of non-RADAR di"s.

4.3 RQ3 (Impact): Review E$ciency
To what extent does automated review reduce end-to-end review la-
tency for AI-generated code changes? RADAR is intended to reduce
time spent waiting for review and reduce review e"ort for eligible
di"s, particularly for di"s generated by bots or AI prompts. This
is important given the year over year growth in di" volume and
di" size, and the observed decline in the percentage of di"s re-
viewed within 24 hours. Table 6 summarizes observed e#ciency
outcomes for di"s handled by RADAR. Across hundreds of thou-
sands of RADAR-reviewed di"s, the median time to close is over
330% lower and the median di" review wall time is 35% lower than
for human-reviewed di"s. These results indicate that automation
substantially reduces the time di"s spend waiting in review queues,
which is consistent with RADAR removing the dependency on
scarce human reviewer attention for eligible changes. In the con-
text of rapidly increasing code creation, reducing review wall time
is important because it can prevent low risk di"s from competing
with higher risk di"s for reviewer attention.

Compared to human-reviewed di"s, RADAR reduces me-
dian time to close by over 330% andmedian di" reviewwall
time by 35%, based on 535K+ di"s reviewed by RADAR.

5 LITERATURE AND DISCUSSION
In this section we position our contribution in the related work and
discuss its importance.

5.1 Modern Code Review
Modern code review has evolved from formal software inspections
into lightweight, tool-supported, asynchronous work$ows [2, 17,
18]. Empirical studies show that review supports defect !nding
and process conformance [5, 10, 13], and industrial case studies at
Google andMeta con!rm these bene!ts at scale [21, 23]. At the same
time, review quality and participation are in$uenced by reviewer
workload, seniority, and organizational factors [4, 10]. A persistent
challenge is that review remains constrained by human attention
and calendar time. Shan et al. used nudges to accelerate code review
at Meta [23], and reviewer recommendation systems aim to route
changes to appropriate reviewers to reduce latency and improve
quality [1, 3, 6, 20]. RADAR takes a complementary approach: rather
than improving human review e#ciency, it identi!es di"s where
human review can be safely replaced by automated validation,
shifting scarce human attention toward higher risk changes.

5.2 Risk-Aware Development and Defect
Prediction

Predicting the risk of software changes has a long history. Early
work showed that change history features can predict fault-prone

modules [8, 15], and subsequent research extended these models to
just-in-time defect prediction at the commit level [9]. In industry,
!le-level risk scores have been used to prioritize refactoring and
focus quality improvement e"ort [14]. RADAR builds onMeta’s Di"
Risk Score (DRS), which applies risk prediction directly to the code
reviewwork$ow. DRS powers approximately 20 risk-aware features
acrossMeta, including accept-to-ship, code freeze management, and
risk-aware reviewer recommendation [20]. In RADAR, DRS serves
as a gating mechanism that determines which di"s are eligible for
automated review and landing, with con!gurable thresholds that
allow each organization to calibrate its risk appetite. This represents
a shift from using risk models for information, alerting reviewers
to risky di"s, to using them for action, automating review decisions
for low-risk di"s.

5.3 AI-Assisted Coding and Coding Agents
The emergence of large language models for code generation has
transformed software development work$ows. Code completion
tools [7, 16] have been widely adopted, and more recently, LLM-
based coding agents that can autonomously write, test, and refactor
code have appeared [12, 24, 25]. Li et al. characterize this shift as SE
3.0, where autonomous coding agents are actively creating, review-
ing, and evolving code at scale [11]. At Meta, code improvement
activities including refactoring, dead code removal, and complex-
ity reduction account for over 14% of di"s [14], and RACER auto-
mates many of these tasks by generating di"s from prede!ned run-
books [22]. This rapid increase in AI-generated code creates direct
pressure on review capacity. RADAR addresses the downstream con-
sequence: as AI agents produce more di"s, the review pipeline must
scale accordingly. RADAR’s ACE pipeline is speci!cally designed to
handle bot-authored di"s from systems like RACER and Codemod-
Service, allowing low-risk automated changes to land without hu-
man review while routing higher risk changes to human reviewers.

5.4 Automated Code Review
Static analysis tools have long been integrated into code review
work$ows to catch bugs, style violations, and security issues before
human reviewers examine the code [3, 21]. More recently, LLM-
based approaches have been applied to automate parts of the review
process itself. Industrial systems have explored using LLMs to gen-
erate review comments, detect code quality issues, and classify the
risk level of changes. RADAR’s Automated Code Review (ACR) com-
ponent uses an LLM to classify di" changes against safe and risk sig-
nal categories, making accept or reject decisions for the automated
pipeline. Unlike general-purpose LLM review tools that aim to pro-
vide feedback to authors and reviewers, ACR is designed for a bi-
nary decision: whether a di" is safe enough to land without human
review. This design re$ects a speci!c operating point in the trade-
o" between automation coverage and safety, requiring high con!-
dence (at least 8 out of 10) across all changes before approving a di".

5.5 Discussion
Our !ndings address the three research questions in sequence.

Feasibility (RQ1). RADAR demonstrates that an end-to-end pro-
duction work$ow for risk-aware automation of code review and
landing is feasible at scale. The system has reviewed 535K+ di"s



Table 6: RQ3. Observed e$ciency outcomes for di!s handled by RADAR.

Metric Name Reported Value
Median time to close (RADAR vs. human-reviewed di"s) over 330% reduction
Median di" review wall time (RADAR vs. human-reviewed di"s) 35% reduction
Scale of analysis 535K+ di"s RADAR reviewed

and landed 331K+ di"s, reaching 25K di"s/day, with a revert rate 1
3

that of non-RADAR di"s and a PI rate 1
50 that of non-RADAR di"s.

Prior work on risk-aware review has focused on surfacing risk in-
formation to reviewers [20] or recommending better reviewers for
risky di"s [1]. RADAR inverts this approach by using risk scores
to identify di"s that do not need human review, automating the en-
tire review-to-landing pipeline for low-risk changes. An important
part of this work$ow is the di"erentiated eligibility model (Sec-
tion 2.7), which applies distinct criteria to each automation source
type: deterministic codemods bypass per-di" AI review entirely, AI-
generated codemods require per-di" ACE evaluation, and RACER
runbooks are governed by per-runbook risk history heuristics, daily
volume caps, and con!gurable DRS thresholds. This source-speci!c
eligibility design allows RADAR to calibrate the trade-o" between
automation throughput and safety at a granularity !ner than the
pipeline level. This operational record at scale complements prior
benchmark-oriented evaluations of AI-assisted coding tools [11, 25]
and extends the empirical understanding of how risk-aware au-
tomation performs in a large monorepo environment.

Calibration (RQ2). Risk calibration is a practical operational lever.
Widening the approval envelope from p25 to p50 was associated
with higher automation yield and improved downstream valida-
tion, while safety outcomes remained stable. This !nding is impor-
tant because it suggests that initial conservative thresholds can be
relaxed incrementally as operational con!dence grows, and that
the relationship between risk threshold and safety is not linear—a
wider envelope can capture additional low-risk di"s without pro-
portionally increasing incident rates.

Impact (RQ3). Reducing time to close and review wall time for
RADAR-reviewed di"s can mitigate review queue pressure and help
shift scarce human attention toward higher-risk di"s. The observed
reductions—over 330% in median time to close and 35% in median
di" review wall time compared to human-reviewed di"s—suggest
that automation removes a genuine bottleneck rather than merely
accelerating already-fast di"s.

Knowledge transfer. By analyzing the knowledge transfer impli-
cations of automated review, we highlight a dimension that has re-
ceived limited attention in the automation literature: the trade-o"
between review e#ciency and the knowledge di"usion that review
provides [19]. Our network analysis shows that this trade-o" is
currently favorable, as RADAR-reviewed di"s are qualitatively dif-
ferent from the typical human-reviewed di", but this balance may
shift as automation coverage expands.

6 THREATS TO VALIDITY
6.1 Generalizability
This study was conducted at Meta using RADAR and the surround-
ing review and deployment infrastructure. The organizational con-
text includes a large monorepo, standardized tooling, and high au-
tomation coverage for testing and rollout. Other organizations may
have di"erent repository structures, review norms, risk tolerances,
and validation infrastructure. These di"erences may a"ect both the
feasibility of deploying a similar funnel and the magnitude of the
observed throughput and e#ciency changes. Our results focus on
low to medium complexity di"s that are eligible for RADAR au-
tomation and are evaluated using Meta speci!c work$ows, includ-
ing eligibility policies, Di" Risk Scoring, LLM based automated code
review, and deterministic validation checks. The selection criteria
for eligible di"s may not match other codebases or other domains,
especially where changes are larger, testing is less reliable, or re-
lease practices are less incremental. Finally, we cannot provide ex-
act dates and do not release underlying di" level data due to privacy
and con!dentiality constraints, which may limit direct replication.

6.2 Construct Validity
Several outcomes are proxies. Time to close and di" review wall
time capture responsiveness and queueing e"ects but do not directly
measure defect prevention or long-term maintainability. Through-
put metrics re$ect scale but do not quantify the marginal value of
replaced reviews. Safety outcomes require careful interpretation.
We report PI and revert rates as operational indicators, but they do
not capture all forms of harm—regressions may be !xed without
a PI, and some reverts may be precautionary. Incident attribution
can also be imperfect when multiple changes land close in time.
The boundary between AI-generated and human-authored di"s is
another construct threat, as AI assistance may be used in human-
authored di"s, blurring category distinctions.

6.3 Internal Validity
Because di"s are not randomly assigned to RADAR, unobserved
confounding can in$uence observed changes. Rollout expands grad-
ually, eligibility policies evolve, and the composition of RADAR-
eligible di"s may shift in complexity or test coverage over time.
For RQ2, concurrent changes in onboarding, model behavior, or
validation rules may coincide with the threshold change. For RQ3,
di"erence-in-di"erences estimates depend on parallel-trend as-
sumptions and stable measurement; we do not provide the full
model speci!cation. System-level interference is also possible: as
RADAR absorbs low-risk volume, queue dynamics for remaining
di"s may change, and some measured improvements may include
these second-order e"ects.
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7 CONCLUSION
We presented RADAR, an end-to-end work$ow that automates re-
view and landing for eligible low-to-medium complexity di"s while
routing higher-risk changes to human reviewers. Our evaluation,
organized around feasibility, calibration, and impact, shows that
risk-strati!ed automation can operate at production scale: RADAR
has reviewed and landed hundreds of thousands of di"s with a re-
vert rate 1

3 and a PI rate 1
50 that of non-RADAR di"s. Relaxing the

risk threshold from p25 to p50 increased automation yield with-
out degrading safety. RADAR reduces median time to close by over
330% and median di" review wall time by 35% compared to human-
reviewed di"s. These !ndings suggest that layered automation—
combining policy gates, risk scoring, LLM-based review, and de-
terministic validation—can absorb routine review volume created
by AI-driven code growth, that risk thresholds are a practical cali-
bration lever, and that the resulting latency reductions help shift
scarce human attention toward changes where judgment is most
bene!cial. Future work should study longer-term e"ects on review
backlogs, defect escape rates, and how eligibility policies can be
tuned by code area and change type as coverage expands.
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